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Abstract

The quest to develop artificial intelligence systems capable of handling intricate tasks has
propelled the prominence of deep learning, particularly since 2016, when neural network
models emerged as the mainstream approach. With applications ranging from recommender
systems to speech recognition, these models have revolutionised various domains. However,
challenges persist, especially in incorporating extensive domain-specific knowledge and
mitigating the generation illusion inherent in large language models.

This thesis explores the integration of retrieval-augmented generation (RAG) into multi-
modal question answering (QA) systems as a solution to these challenges. By leveraging
external knowledge sources, RAG enhances model accuracy and access to domain-specific
information. The research unfolds in the following order:

Firstly, to efficiently and effectively leverage the external knowledge for answering
knowledge-intensive, visually-grounded questions, we introduce RA-VQA (Retrieval Aug-
mented Visual Question Answering), a framework tailored for knowledge-based visual
question answering (KB-VQA). We demonstrate the efficacy of joint training for retriever
and generator models in maximising performance.

Secondly, FVQA (Fact-based Visual Question Answering) 2.0 introduces semi-automatically
annotated adversarial samples to address data distribution imbalances and enhance system
robustness, showcasing substantial improvements in handling challenging scenarios.

Thirdly, the development of FLMR (Fine-grained Late-interaction Multi-modal Retriever),
a state-of-the-art multi-modal retriever, and its scaled-up version, PreFLMR (Pre-trained
FLMR), underscore the significance of late-interaction models in achieving superior multi-
modal retrieval performance. We show that the proposed models are capable of capturing
finer-grained interactions between query and context, offering efficient and accurate retrieval
across a wide range of multi-modal retrieval tasks.

Then the focus pivots to retrieval methods in TableQA, introducing ITR (Inner Table
Retriever) for closed-domain scenarios and LI-RAGE (Late Interaction Retrieval Augmented
Generation with Explicit Signals) for open-domain TableQA tasks. Both frameworks exhibit
remarkable performance improvements over existing approaches. We show that incorporating
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retrieval methods in TableQA substantially pushed the research boundary, offering state-of-
the-art question answering performance.

Through meticulous experimentation and innovation, this thesis not only advances the
theoretical understanding of multi-modal retrieval augmented systems but also contributes
practical frameworks and datasets that address critical challenges in question answering
across diverse domains. As the journey towards effective Al systems continues, these
contributions serve as a solid foundation for future advancements in information retrieval

and question answering in multi-modal contexts.
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Chapter 1
Introduction

“The Only True Wisdom is in Knowing You Know Nothing”

— Greek philosopher Socrates

1.1 Overview

Creating artificial intelligence (AI) capable of handling complex tasks has long been a goal
in the field of artificial intelligence research. Since 2016, deep learning has emerged as a
prominent approach in artificial intelligence, wherein neural network models are constructed
and trained using data, gradually becoming the mainstream method for developing artificial
intelligence [139]. These neural network models have also found widespread application in
various practical scenarios in recent years, including recommender systems, conversational
agents, speech recognition, sentiment analysis, and human-computer interaction. Artificial
intelligence models are highly valued for their potential to tackle complex tasks such as
automated analysis, logical reasoning, and content generation.

In 2021, the release of GPT-3 (Generative Pre-trained Transformer 3) [23] and a series
of open-source large language models confirmed the effectiveness of expanding model
parameters and training data under a data-driven approach, formally initiating a research
wave focused on large models. The emergence of large language models signifies a new
milestone in the field of artificial intelligence, and they have drawn attention to data-driven
methods. These models, trained on massive amounts of data, demonstrate remarkable
performance across various language tasks, from simple language understanding to complex
text generation, exhibiting unprecedented capabilities.

Multimodality refers to the integration of heterogeneous data from diverse sources,

typically encompassing language, vision, and audio information, and, in a broader sense,
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extending to graph data and tabular (structured) data. Since 2021, research on multi-modal
tasks has been increasingly prominent, especially as the fields of natural language processing
and computer vision gradually converge. Consequently, academia and industry are investing
more resources into the research of multi-modal large models. The emergence of a series of
multi-modal large models led by GPT-4 [232] (such as LLaVA [198] and MiniGPT-4 [388])
signifies that large models are gradually acquiring powerful visual-language understanding
and reasoning capabilities, with the potential to be applied to handle more complex multi-
modal tasks. For example, strong visual-language understanding capabilities are crucial
in applications like healthcare [220, 329, 371], education [18, 154], and recommender
systems [203, 351], where accurate interpretation and integration of visual and textual
information can significantly enhance performance and outcomes.

However, various studies [219, 44] indicate that although large models can handle various
complex tasks based on their own knowledge, the knowledge they can store and proficiently
apply is limited, especially with respect to complex and domain-specific knowledge. Current
large models suffer from the generation hallucination [118, 196], often generating incorrect
or ambiguous content when answering questions, and they struggle in scenarios requiring
specialised knowledge or world knowledge. The quote from Socrates at the beginning of the
chapter, “The Only True Wisdom is in Knowing You Know Nothing”, is perfectly applicable
to our expectations for good Al systems. An Al system truly possesses ‘“True Wisdom”
only when it recognises its own limitations and can leverage external resources to acquire
knowledge when it lacks relevant information.

At this juncture, Retrieval-Augmented Generation (RAG), proposed during the early stage
of deep learning systems, has regained attention. RAG is a pipeline that integrates information
retrieval systems into the generation process of large models. It extracts the necessary
knowledge from knowledge bases using retrieval systems and provides this information to
the models, enabling reasoning or question answering grounded in the externally retrieved

data. RAG can offer significant advantages to the generation of large models by:

» Mitigating the hallucination of large models by explicitly presenting the knowledge
needed by the model, leading to more accurate answers (e.g., stock codes and product
information).

* Enabling models to access a wider range of industry-specific and world knowledge.
Equipping models with domain-specific knowledge bases allows them to handle spe-
cialised tasks.

* Enhancing the timeliness of models. While model training and parameter updates

often occur over long periods (even months or years), information updates occur at a
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much faster pace. Models extracting the latest information from continuously updated

databases for question answering can significantly improve their relevance.

However, at the beginning stage of the research presented in this paper (October 2021),
there were still several shortcomings in the research of multi-modal large models and multi-
modal RAG systems. Multi-modal systems for knowledge-intensive tasks generally suffer

from the following issues:

* Complex model structures and huge parameter sizes, yet poor performance on multi-
modal tasks requiring knowledge.

* Weak performance by the employed multi-modal information retrieval systems, with

low recall rates (the metric assessing the retrieval performance).

* Poor integration between the information retrieval component and the retrieval-augmented
generation model, resulting in unsatisfactory answering performance even with good
retrieval performance.

In the next section, we present the key research questions that our study aims to address,
in order to overcome the limitations of existing multi-modal RAG systems.

1.2 Research Questions and Research Scope

Motivated by the potential advantages of RAG in enhancing Al systems, we hypothesise
that large multi-modal question-answering (QA) systems can be improved through the
incorporation of information retrieval methods. To investigate this hypothesis, we break
down our primary objective into the following research questions:

RQ1: Can retrieval methods be utilised to enhance multi-modal systems’ ability to
acquire knowledge from external sources when answering domain-specific or challenging
questions?

RQ2: Can retrieval methods help multi-modal systems focus more effectively on the
current task by filtering out irrelevant and redundant information?

RQ3: What strategies can be employed to effectively integrate retrieval methods with
multi-modal systems?

This thesis presents my research findings from 2021 to 2024 to address these research
questions. To ensure both the diversity and generalisability of our proposed methodologies,
this study examines two distinct applications of QA, while also accounting for the time

constraints inherent in a Ph.D. program:
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Visual Question Answering (VQA) systems: Focused on vision-language knowledge
retrieval and retrieval-augmented generation, with a focus on solving Knowledge-based
Visual Question Answering (KB-VQA) tasks (see Sec. 2.4.2 for details).

Table (structured data) Question Answering (TableQA) systems: Based on infor-
mation provided in tabular data, for question answering or retrieval-augmented question
answering (see Sec. 2.5 for details).

We summarise the key research findings in the final chapter of this thesis (Sec. 9.1) and
discuss how they address these research questions.

1.3 System Assessment

To effectively evaluate the contributions of our proposed retrieval methods within a complete
QA system, it is essential to use appropriate assessment metrics.

The most indicative measure of effectiveness is the overall QA performance, which
reflects the system’s ability to generate correct answers, both with and without our proposed
retrieval methods. While QA performance is commonly assessed by accuracy, i.e., whether
the correct answer is produced, this metric alone does not provide insight into how the
retrieval methods contribute to the QA system’s performance. Improvements in QA scores
could be attributed to enhancements in the QA model itself, which may result from variations
in training duration or random factors.

Therefore, to gain a comprehensive understanding of the integrated system comprising
both retrieval and QA components, it is crucial to also evaluate the performance of the
retrieval methods. Metrics such as the Recall score of the retrieval component can provide
a clearer picture of its effectiveness. By analysing these metrics, we can gain insights into
how well the retrieval methods contribute to the QA system’s overall performance. This dual
evaluation of both QA and retrieval performance enables a more nuanced understanding of
how the retrieval methods enhance or impact the QA process, ultimately leading to more
accurate assessments of their contributions to the system. In this thesis, we will employ
various approaches to assess the retrieval performance both qualitatively and quantitatively
to ensure that our proposed approaches are truly effective.

1.4 Contributions and Outline

The thesis is split into four main parts: First, a thorough introduction of relevant research
background is presented to define the challenges being investigated (Chapter 2). Second,
Chapter 3-6 present the research work on developing systems for KB-VQA. Next, Chapter
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7-8 focus on developing closed-domain and open-domain TableQA systems augmented
by retrieval models. Finally, Chapter 9 summarises the findings and contributions of this
dissertation, and sheds light on potential future research directions.

We introduce the research questions in Chapter 1. Subsequently, each of the chapters
from 3 to 8 presents evidence and solutions for two or three of these questions. Finally, we
summarise the key findings and comprehensively address these questions in Chapter 9.

Below we summarise the contributions of each chapter:

Chapter 2: Background

This chapter systematically reviews the existing approaches in literature related to the
research presented in this thesis. It starts with reviewing Large Language Models (LLMs)
and Large Multi-modal Models (LMMs), information retrieval, and RAG systems in a wide
perspective, and then moves on to introduce methods dedicated to multi-modal RAG for
VQA and TableQA.

Chapter 3: Retrieval Augmented Visual Question Answering Framework

This chapter introduces RA-VQA (Retrieval Augmented Visual Question Answering),
a framework for performing RAG on multi-modal knowledge-intensive tasks that requires
access to outside knowledge. In the framework, the retriever and the answer generator are
jointly optimised during training to maximise the performance of both. This research work
was presented in the publication:

Lin, W. and Byrne, B. (2022). Retrieval augmented visual question answering with
outside knowledge. In Proceedings of the 2022 Conference on Empirical Methods in Natural
Language Processing (EMNLP 2022).

Chapter 4: Introducing Adversarial Samples into Fact-based Visual Question An-
swering

This chapter investigates the creation of a new dataset, Fact-based Visual Question
Answering (FVQA) 2.0, that adds adversarial samples to the original FVQA dataset [311].
This dataset mitigates the data distribution imbalance of FVQA with a semi-automated
annotation scheme. We show that systems trained with FVQA 2.0 can be more robust to
adversarial samples. This research work was presented in the publication:

Lin, W., Wang, Z., and Byrne, B. (2023). FVQA 2.0: Introducing adversarial samples
into fact-based visual question answering. In Findings of the Association for Computational
Linguistics (EACL 2023).

Chapter 5: Fine-grained Late-interaction Multi-modal Retrievers

In this chapter, we proposed a novel multi-modal retriever, FLMR (Fine-grained Late-

interaction Multi-modal Retriever), based on late interaction. It achieved state-of-the-art
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retrieval performance on prominent KB-VQA tasks. This research work was presented in the
publication:

Lin, W., Chen, J., Mei, J., Coca, A., and Byrne, B. (2023). Fine-grained late-interaction
multi-modal retrieval for retrieval augmented visual question answering. In Thirty-seventh
Conference on Neural Information Processing Systems (NeurIPS 2023).

Chapter 6: Scaling Up Fine-grained Late-interaction Multi-modal Retrievers

This chapter introduces a powerful general-purpose foundation retriever model, PreFLMR
(Pre-trained FLMR), which was trained on millions of multi-modal retrieval data points and
achieves strong performance across 9 knowledge-intensive tasks. This research work was
presented in the publication:

Lin, W., Mei, J., Chen, J., and Byrne, B. (2024). PreFLMR: Scaling up fine-grained
late-interaction multi-modal retrievers. In Proceedings of the 62st Annual Meeting of the
Association for Computational Linguistics (ACL 2024).

Chapter 7: An Inner Table Retriever for Robust Table Question Answering

This chapter shifts the topic to retrieval methods applied to TableQA. We propose Inner
Table Retriever (ITR), a general-purpose retrieval method for handling long tables in TableQA
by extracting sub-tables to preserve the most relevant information for a question. We show
that ITR can be easily integrated into existing systems to improve their accuracy. This
research work was presented in the publication:

Lin, W., Blloshmi, R., Byrne, B., de Gispert, A., and Iglesias, G. (2023). An inner table
retriever for robust table question answering. In Proceedings of the 61st Annual Meeting of
the Association for Computational Linguistics (ACL 2023).

Chapter 8: Late-Interaction Retrieval for Table Question Answering

This chapter introduces LI-RAGE (Late Interaction Retrieval Augmented Generation
with Explicit Signals), which applies late interaction retrieval models and a joint training
scheme of the retriever and reader to Open-domain TableQA tasks. The combined strategies
set a new state-to-the-art performance on two public open-domain TableQA datasets. This
research work was presented in the publication:

Lin, W., Blloshmi, R., Byrne, B., de Gispert, A., and Iglesias, G. (2023). LI-RAGE:
Late interaction retrieval augmented generation with explicit signals for open-domain table
question answering. In Proceedings of the 61st Annual Meeting of the Association for
Computational Linguistics (ACL 2023).

Chapter 9: Conclusions

This final chapter concludes the contributions of this thesis, answers the research ques-
tions, and proposes promising future research directions based on my observations and
insights.
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1.4.1 Publications during the Time of Study

Below is a compilation of papers that I have authored or co-authored throughout my Ph.D.
studies. This list includes works initiated prior to the commencement of the Ph.D. programme

and completed during the course.

* [183] Lin, W. and Byrne, B. (2022). Retrieval augmented visual question answering
with outside knowledge. In Proceedings of the 2022 Conference on Empirical Methods
in Natural Language Processing (EMNLP 2022).

* [185] Lin, W., Shou, L., Gong, M., Pei, J., Wang, Z., Byrne, B., and Jiang, D. (2022).
Transformer-empowered content-aware collaborative filtering. In KaRS@ RecSys,
pages 53—64 (KaRS 2022).

 [184] Lin, W., Shou, L., Gong, M., Pei, J., Wang, Z., Byrne, B., and Jiang, D. (2022b).
Combining unstructured content and knowledge graphs into recommendation datasets.
In KaRS@ RecSys, pages 45-52 (KaRS 2022).

* [33] Chen, J., Lin, W., and Byrne, B. (2023). Schema-guided semantic accuracy: Faith-

fulness in task-oriented dialogue response generation. arXiv preprint arXiv:2301.12568.

* [128]Ji, K., Lin, W., Sun, Y., Cui, L.-S., Shamsi, J., Chiang, Y.-H., Chen, J., Tennyson,
E. M., Dai, L., Li, Q., Frohna, K., Anaya, M., Greenham, N. C., and Stranks, S. D.
(2023). Self-supervised deep learning for tracking degradation of perovskite light-

emitting diodes with multispectral imaging. Nature Machine Intelligence.

* [58] Coca, A., Tseng, B.-H., Lin, W., and Byrne, B. (2023). More robust schema-
guided dialogue state tracking via tree-based paraphrase ranking. In Findings of the
Association for Computational Linguistics (EACL 2023).

* [189] Lin, W., Wang, Z., and Byrne, B. (2023). FVQA 2.0: Introducing adversarial
samples into fact-based visual question answering. In Findings of the Association for
Computational Linguistics (EACL 2023).

* [186] Lin, W., Blloshmi, R., Byrne, B., de Gispert, A., and Iglesias, G. (2023). An
inner table retriever for robust table question answering. In Proceedings of the 61st
Annual Meeting of the Association for Computational Linguistics (ACL 2023).

e [187] Lin, W., Blloshmi, R., Byrne, B., de Gispert, A., and Iglesias, G. (2023).
LI-RAGE: Late interaction retrieval augmented generation with explicit signals for
open-domain table question answering. In Proceedings of the 61st Annual Meeting of
the Association for Computational Linguistics (ACL 2023).
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* [57] Coca, A., Tseng, B.-H., Chen, J., Lin, W., Zhang, W., Anders, T., and Byrne, B.
(2023). Grounding description-driven dialogue state trackers with knowledge-seeking
turns. In Proceedings of the 24th Annual Meeting of the Special Interest Group on
Discourse and Dialogue (SIGDIAL 2023).

e [188] Lin, W., Chen, J., Mei, J., Coca, A., and Byrne, B. (2023). Fine-grained late-
interaction multi-modal retrieval for retrieval augmented visual question answering. In
Thirty-seventh Conference on Neural Information Processing Systems (NeurlPS 2023).

* [338] Yang, G., Chen, J., Lin, W., and Byrne, B. (2024). Direct preference op-
timization for neural machine translation with minimum Bayes risk decoding. In
Proceedings of the 2024 Conference of the North American Chapter of the Association
for Computational Linguistics: Human Language Technologies (NAACL 2024).

* [34] Chen, J., Lin, W., Mei, J., and Byrne, B. (2024b). Control-DAG: Constrained
decoding for non-autoregressive directed acyclic t5 using weighted finite state au-
tomata. In Proceedings of the 2024 Conference of the North American Chapter of the
Association for Computational Linguistics: Human Language Technologies (NAACL
2024).

* [190] Lin, W., Mei, J., Chen, J., and Byrne, B. (2024). PreFLMR: Scaling up fine-
grained late-interaction multi-modal retrievers. In Proceedings of the 62st Annual
Meeting of the Association for Computational Linguistics (ACL 2024).

* [217] Mei, J., Chen, J., Lin, W., Byrne, B., and Tomalin, M. (2024). Improving
hateful memes detection via learning hatefulness-aware embedding space through
retrieval-guided contrastive learning. In Proceedings of the 62st Annual Meeting of the
Association for Computational Linguistics (ACL 2024).



Chapter 2
Background

This chapter introduces the background of several topics that are related to the research work
in this thesis. This chapter is organised as follows:

Sec. 2.1 offers insights into the evolving landscape of Large Language Models (LLMs)
and Large Multi-modal Models (LMMs).

Sec. 2.2 explores recent advancements in Information Retrieval.

Sec. 2.3 delves into Retrieval Augmented Generation techniques.

Sec. 2.4 introduces Visual Question Answering (VQA). Recent systems and models are
introduced and discussed.

Sec. 2.5 examines Table Question Answering (TableQA) and recent model developments

for both closed-domain and open-domain scenarios.

2.1 Large Language Models and Large Multi-modal Mod-

els

In this section, we start with an introduction to the Transformer architecture that has been
extensively used in recent deep-learning models (Sec. 2.1.1). We will then briefly introduce
the development of Large Language Models (LLMs) (Sec. 2.1.3) and Large Multi-modal
Models (LMMs) (Sec. 2.1.4).

2.1.1 Prerequisite: Transformer Models

The Transformer architecture [307] represents a pivotal advancement in natural language
processing (NLP), profoundly impacting diverse tasks such as machine translation, text
generation, and language understanding. Pre-trained language models founded on the
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Transformer paradigm, exemplified by BERT (Bidirectional Encoder Representations from
Transformers) [66] and GPT-2 (Generative Pre-trained Transformer 2) [245], have signif-
icantly expanded the frontiers of research concerning language models. In recent years,
Transformer architectures have showcased their potential by successfully tackling tasks
extending beyond language processing. Notably, Vision in Transformers (ViT) [72] has
demonstrated comparable, if not superior, performance compared to traditional convolutional
neural networks (CNNs) [158, 144] in vision-centric tasks.

The Transformer model introduces an innovative architecture aimed at replacing the
traditional recurrent or convolutional layers, relying solely on self-attention mechanisms. The
Transformer architecture comprises two primary components: the encoder and the decoder,
each comprising a stack of identical layers. These layers are interconnected through multi-
head self-attention mechanisms and position-wise fully connected feed-forward networks,
facilitating parallelisation and efficient training, as depicted in Fig. 2.1.

Attention Mechanism

The self-attention mechanism, which lies at the heart of the Transformer model, replaces the
sequential nature of Recurrent Neural Networks (RNNs) [282] with a fully parallelisable
structure. This allows the model to compute attention over all positions in a sequence
simultaneously, greatly improving computational efficiency and reducing training times,
especially when handling large datasets.

At its core, the attention mechanism is designed to dynamically weigh the importance
of different tokens in a sequence relative to one another. Specifically, the input to each
attention layer consists of three vectors: Queries (Q), Keys (K), and Values (V). Each of
these vectors is derived from the input embeddings through learned linear projections. The
output of the attention mechanism is computed as a weighted sum of the value vectors (V),
with weights determined by the compatibility of the corresponding query (Q) and key (K)
vectors. Mathematically, this is expressed as:

T
Vi

where d, represents the dimensionality of the keys and queries. The use of the scaling factor

\/—lch helps mitigate the risk of having overly large dot product values, which can lead to small

Attention(Q,K,V) = softmax( )V,

gradients when applying the softmax function. The self-attention mechanism allows each
token in the input sequence to attend to every other token, capturing both local and global
dependencies within the data.
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Fig. 2.1 (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several
attention layers running in parallel. The figure is from Vaswani et al. [307].

Multi-head attention extends this idea further by running multiple attention mechanisms
(or “heads”) in parallel, with each head operating on a different learned projection of
Q, K, and V. The outputs from all attention heads are then concatenated and linearly
transformed to produce the final output for the layer. This allows the model to jointly attend
to information from different representation subspaces, enhancing its ability to capture

complex dependencies in the data.

Positional Encoding

One of the key innovations of the Transformer model is the incorporation of positional
encodings to compensate for the lack of inherent sequential information in the self-attention
mechanism. Since the Transformer does not rely on recurrence or convolution, it requires
a way to inject information about the relative positions of tokens in a sequence. This is
achieved through positional encodings, which are added to the input embeddings.

The positional encodings are constructed using sine and cosine functions of different
frequencies. For each position pos in the sequence and each dimension i of the embedding,

the positional encoding is defined as:

s pos . pos

PE(POSQ") = s (loooozi/dmode1> ’ PE(I"’S’ZHI) = cos (100002i/dmode1>
Here, doder 1s the hidden dimension of the model. This formulation allows the model to
learn relative positional relationships between tokens, enabling it to generalise to sequences of

varying lengths. Moreover, the periodic nature of sine and cosine ensures that the positional
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encodings are continuous and smoothly vary across positions, aiding the model in learning
sequential patterns.

Encoder and Decoder

Qutput
Probabilities

Softmax

Add & Norm
Feed
Forward

Add & Norm  Je~

Multi-Head
Attention
Nx
(Add & Norm :

Masked
Multi-Head
Attention

Add & Norm

Feed
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N Add & Norm

Multi-Head
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Embedding Embedding
Inputs Outputs
(shifted right)

Fig. 2.2 Basic transformer architecture encoder (left) and decoder (right). Both the encoder
and the decoder are composed of N blocks. Each block in the encoder includes a Multi-Head
Attention module and a Feed Forward module, detailed further in the main content. The
decoder’s blocks are similarly structured but feature an additional Multi-Head Attention
module that integrates output features from the encoder. Positional Encoding is utilised to
capture the positional information of the input tokens, as elaborated in the main content. The
figure is from Vaswani et al. [307].

There are two types of basic transformer blocks: encoder and decoder. The encoder
is composed of N identical layers. Each layer consists of two sub-modules with residual
connections between input and output: (1) a Multi-Head Attention (as described before) and;
(2) a simple Feed Forward network. Encoder blocks conduct self-attention to extract features
from inputs.

A decoder generates the output token based on the already generated sequence while
attending to the input sequence with attention mechanisms. Therefore, the output sequence
is shifted right by 1 and is then presented to the decoder. To ensure that the predictions for
position i can depend only on the known outputs at positions less than i, the embeddings

of the output sequence are partly masked to prevent subsequent positions (later than i in
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Fig. 2.3 An abstract demonstration of the encoder-decoder transformer described in Vaswani
et al. [307]. This figure demonstrates how the next token “films” is predicted using the
encoder-decoder transformer. The figure is from Lin [182].

output) from being used. The decoder is further incorporated with a third sub-module, as
shown in the right half of Fig. 2.2. This new sub-module scores the features from the already
generated output sequence with the input sequence, which exploits the information of the
input sequence. The N encoders and N decoders of the original transformer are stacked as in
Fig. 2.3.

Moreover, the Transformer integrates positional encodings to convey the sequential
arrangement of words within the input sequence, compensating for the absence of inherent
sequence order within the self-attention mechanism. Typically represented as sine and cosine
functions of varying frequencies, these positional encodings augment the input embeddings,
facilitating the model’s ability to discern the positional context of words in the sequence.

The encoders and decoders may be utilised jointly or separately, giving rise to three
distinct variants of Transformer models that are extensively investigated within contemporary
research discourse:

Encoder-only Transformer: In the encoder-only Transformer, the architecture is solely
composed of encoder layers. This variant is commonly employed in tasks where only
the input sequence needs to be processed without generating an output sequence directly.
Encoder-only Transformers are widely used in tasks such as text classification, where the
model only needs to encode the input text into a fixed-size representation for classification.
BERT is a prominent example of an encoder-only Transformer. BERT was pre-trained on

large text corpora using unsupervised learning tasks, such as masked language modeling
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and next sentence prediction, and then fine-tuned for various downstream tasks like text
classification and named entity recognition (NER).

Beyond language tasks, encoder-only Transformers are widely used as a feature extractor.
For example, they are used to extract features from images for image classification; they
are employed to obtain dense representations (dense vectors) for users and items to be
recommended in recommender systems.

Decoder-only Transformer: Conversely, the decoder-only Transformer consists solely
of decoder layers. This variant is employed in tasks where the model generates an output
sequence based on some given context or conditioning information. They are commonly
used in autoregressive tasks, such as language modeling and text generation, where the model
predicts the next token in a sequence based on the preceding tokens. Recent pre-trained
LLMs like GPT (Generative Pre-trained Transformer) [244] and its successors (GPT-2, GPT-
3 [23], and the current state-of-the-art GPT-4 [232]), LLaMA [303] (LLaMAZ2 [304]), and
Mistral [132], are all examples of decoder-only Transformers. These models are trained
using autoregressive objectives to generate coherent and contextually relevant text, making
it a perfect match to chat and interact with users as an Al assistant, which promises wide
applications across the industry.

Encoder-Decoder Transformer: The encoder-decoder Transformer combines both
encoder and decoder layers into a single architecture. This variant is employed in tasks
involving sequence-to-sequence transformations, where an input sequence is mapped to an
output sequence. They are widely used in machine translation, text summarisation, and
conversational modeling, where the model needs to understand the input sequence and
generate a corresponding output sequence. The original Transformer model, introduced by
Vaswani et al. [307], utilises the encoder-decoder architecture for translation tasks. This
architecture is also used in some recent pre-trained models, such as TS5 (Transfer Text-to-Text
Transformer) [248] and BART [166].

However, decoder-only models (such as LLaMA [303] and GPT-4 [232]) are more
appreciated by the community recently. One of the underlying reasons is that decoder-only
models already demonstrated superior performance, and they can be highly scalable and
parallelisable, as each token in the output sequence can be generated independently given
the preceding tokens. This enables efficient training and inference on parallel computing
architectures, leading to faster model development and deployment.

In summary, these variants showcase the versatility of the Transformer architecture,
allowing it to adapt to different tasks by modifying the configuration of encoder and decoder
components. Each variant comes with its unique strengths and applications, contributing to

the widespread adoption and success of Transformer-based models in various domains.
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2.1.2 Training Transformers

In this section, we provide a brief overview of the optimizers, schedulers, and relevant

background information used for training Transformers.

Optimizers

We use Adam [149] and AdamW [204] optimizers in this study. Since the technical details
of these algorithms are beyond the scope of this thesis, readers are encouraged to consult the
original papers for comprehensive formulas and in-depth explanations.

The Adam optimizer, short for Adaptive Moment Estimation, is widely used for training
neural networks due to its efficiency and effectiveness. It computes adaptive learning rates
for each parameter based on first and second moment estimates of the gradients. Adam
calculates moving averages of the gradient (first moment) and the squared gradient (second
moment), correcting them to account for their bias towards zero, particularly in early training
stages. This results in more reliable updates and faster convergence.

In contrast, AdamW modifies Adam by decoupling weight decay regularisation from the
gradient update process. Traditional Adam applies weight decay as a penalty directly to the
loss function, which can lead to suboptimal updates. AdamW, however, applies weight decay
directly to the weights, independently of gradient-based updates. This approach preserves
the benefits of regularisation while ensuring efficient and stable optimisation, improving

generalisation in deep learning models.

Random Seeds

In deep learning model training, a random seed is an initial value used to initialise the random
number generator. This generator influences various stochastic processes within the training
pipeline. By setting a random seed, these random processes can be reproduced, ensuring
that the training process is deterministic and can be replicated. This is crucial for debugging,
comparing different models, and validating results, as it allows researchers and developers to
achieve the same results consistently across different runs.

Also, setting different random seeds can be used to verify the robustness of model
training. By training the model multiple times with different random seeds, we can observe

how sensitive the model’s performance is to the initial conditions and random processes.
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Epochs

An epoch is a complete pass through the entire training dataset. Training a neural network
typically involves multiple epochs, allowing the model to learn and refine its weights over

time. Each epoch includes multiple iterations, each processing a ‘batch’ of data.

Learning Rate

The learning rate is a critical hyperparameter that determines the step size the optimizer
takes while minimising the loss function. A higher learning rate can accelerate training
but may overshoot the optimal solution, resulting in suboptimal outcomes. Conversely, a
lower learning rate offers more precise updates but increases training time. Selecting the
appropriate learning rate involves experimentation, influenced by the complexity of the model
and the characteristics of the data.

Batch Size

Batch size is the number of training samples used in one forward and backward pass. Smaller
batch sizes provide more updates per epoch and can lead to faster convergence due to
frequent gradient updates. However, they may produce noisier gradient estimates, affecting
training stability. Larger batch sizes offer more stable gradient estimates but require more
computational resources and can slow convergence due to fewer updates per epoch. Choosing

the right batch size balances computational efficiency and training stability.

Gradient Accumulation

Gradient accumulation addresses hardware limitations that restrict batch size by effectively
increasing it. Instead of updating the model’s parameters after each batch, gradients are
accumulated over several batches before a single update is performed. This simulates the
effect of a larger batch size, enhancing stability and performance without needing additional

memory.

Schedulers

Schedulers adjust the learning rate during training. Two common schedulers are:

Constant Scheduler: Keeps the learning rate fixed throughout the training process. This
simple approach can be effective for smaller datasets or models where a single learning
rate suffices for the entire training duration. This strategy is always a reasonable choice,

especially when the total number of required training steps is uncertain.
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Linear Scheduler: Gradually decreases the learning rate from an initial value to a lower
value over the training period. This helps achieve finer convergence by reducing the learning
rate in a controlled manner, allowing for smaller and more precise adjustments in the later

training stages.

2.1.3 Large Language Models

In this sub-section, we briefly discuss the recent advances of Large Language Models.

Early Pre-trained Large Language Models

“Large Language Models”, in today’s context, typically refers to language models with billion-
scale parameters. In 2018 and 2019, BERT [66] and GPT-2 [245] opened the door to large
pre-trained language models. BERT is among the most widely used encoder-only language
models. It significantly pushed the boundaries of state-of-the-art on a wide range of language
tasks, inspiring the development of many subsequent models built upon it. For example,
RoBERTa [391], ALBERT [157], DeBERTa [105], XLM [59], XLNet [342], UNILM [70],
and other encoder-only models followed this path in the following years. GPT-2, one of the
most widely used decoder-only language models, was pre-trained on a large collection of
webpages. It demonstrated that, with pre-training, language models can achieve good zero-
shot performance on various language tasks. BERT and GPT-2 together laid the foundation
of LLMs.

In 2019, the introduction of TS5 [248] demonstrated the promising future of a unified
framework that casts all NLP tasks as a text-to-text generation task, powered by large-scale
pre-training. Its successors have also showcased strong capabilities across numerous tasks,
such as mT5 (multi-lingual TS) [336], TO [262], and FLAN-TS [55].

Instruction Tuning

Soon after the release of TS5, training language models with instruction tuning became a
popular trend in this field. The training objectives of LLMs (aiming to minimise next-
word prediction errors) typically do not align with the ultimate goal of interacting with
users to “follow their instructions helpfully and safely.” Consequently, instruction tuning
garnered significant attention to align the model output with users’ task instructions; the
model was trained on (instruction, desired output) pairs to enable the model to respond to
various tasks instructed by users. Over the following years, numerous instruction-tuning

datasets were released. A series of pre-trained models were instruction-finetuned to achieve
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notable performance in multitasking and instruction-following. Some notable models in-
clude InstructGPT (instruction-finetuned from GPT-3)[234], BLOOMZ][224] (derived from
BLOOM [266]), FLAN-TS [55] (based on TS5 [248]), Alpaca [298], and Vicuna [51] (derived
from LLaMA [303]), along with ChatGLM?2 [75] (derived from GLM [75]).

Prompt Engineering

A prompt is the initial input or query given to an LLM to generate a response. It sets
the context for the model’s output, guiding it to produce relevant and coherent text based
on the provided information. The prompt can include instructions, questions, or specific
data, influencing the content and direction of the generated text. Thanks to the enhanced
instruction-following capability of LLMs, prompt engineering became feasible and emerged
as a new popular technique. Unlike previous paradigms where models undergo retraining or
fine-tuning for specific downstream tasks/domains, prompt engineering [199, 302] provides
a mechanism to ‘fine-tune’ model outputs through carefully crafted instructions [260, 29],
thereby activating the intrinsic intelligence of pre-trained LLMs with prompt designs. This
efficient adaptation empowers LLMs to excel across diverse tasks and domains without
necessitating retraining and fine-tuning [245, 260].

. (Review: Delicious food!  Sentiment: Positive |
k Demonstration Review: The food 1s awful. Sentiment: Negative
Examples N
Template New Revi'ew: Terrible dishes! Santilnant: Negative
Review: [Text] Query { LRE‘E-'IEW: Good meal! Sentiment: )
Sentiment: [Label] l Input
Text Label Large Language Model
Delicious food! 1 Parameter Freeze
The food 1s awful.
Terrible dishes! 0 | Output

Positive

Fig. 2.4 Nllustration of In-Context Learning. Providing demonstration examples similar to the
query will substantially improve LLM’s ability to generate correct responses. The example
in the figure shows how in-context examples can be used in sentiment analysis. The figure is
from Dong et al. [71].

There are various methods for prompting LLLMs. Few-shot prompting [23] involves
presenting examples of similar tasks prior to posing the question. This approach has evolved
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into in-context learning, extensively used to train the model to stick to provided examples [71,
334]. For example, in Fig. 2.4, similar examples with ground-truth labels are provided prior
to the query. The LMM is more capable of generating correct responses by referring to the

provided in-context examples.

Standard Prompting Chain-of-Thought Prompting
Model Input Model Input
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?
A The answer is 11. A Roger started with 5 balls. 2 cans of 3 tennis balls

each is 6 tennis balls. 5 + 6 = 11. The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples
do they have?

Model Output Model Output

. - A The cafeteria had 23 apples originally. They used
A:Th 27.
e answeris 27. 3§ 20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 +6=9. The
answer is 9.

Fig. 2.5 Tllustration of Chain-of-Thought (CoT) prompting. CoT enables LLMs to tackle
problems through a series of intermediate steps prior to providing a final answer. This
approach significantly enhances the problem-solving capabilities of LLMs by emulating the
human reasoning process. The figure is from Wei et al. [320].

Chain of Thoughts (CoT) [320, 372, 313, 377] stands out as one of the most prominent
prompting schemes. CoT approaches prompt LLMs to think and reason step by step,
significantly enhancing their reasoning abilities. As demonstrated by Fig. 2.5, breaking down
a task into multiple logical intermediate steps elicits more structured and thoughtful responses
from LLMs compared to traditional prompts. Subsequent research [111, 347, 348, 387, 317]
further extends this concept by exploring different reasoning structures and planning schemes,
such as Tree of Thought [347], Graph of Thought [348], and Thread of Thought [387].

Alignment

Alignment is the process of steering Al systems towards human goals, preferences, and
principles [223]. Though instruction tuning is effective in aligning model output with user
instructions, LLLMs can still exhibit unintended behaviours.

To improve the alignment of the model and avoid unintended behaviors, RLHF (Re-
inforcement Learning from Human Feedback) [54, 234] was used to create ChatGPT and
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Fig. 2.6 The process of RLHF (Reinforcement Learning from Human Feedback) used in
training GPT models [234]. Initially, an LLM trained via supervised learning generates
several different responses. Human annotators subsequently re-order these responses. This
reordered data is utilised to train a reward model, which in turn is employed to align the
model with human preferences through reinforcement learning. The figure is from Ouyang
et al. [234].

GPT-4, which are currently the state-of-the-art LLMs. As shown in Fig. 2.6, RLHF first
trains a reward model on alignment preferences annotated by humans, and the reward model
learns to rate and score the different outputs from a pre-trained LLM. This feedback signal is
leveraged to fine-tune the LLLM with the help of Proximal Policy Optimization (PPO) [270],
an optimisation algorithm in reinforcement learning. As a result, the LLMs are more capable
of generating contents that align with human preferences.

More recent investigations endeavour to achieve alignment without resorting to the rein-
forcement learning paradigm, aiming to enhance the computational efficiency of alignment
training. Traditional reinforcement learning-based approaches often rely on complex re-
ward models and extensive computational resources, making them less practical for scalable
alignment solutions. Recently, Direct Preference Optimisation (DPO) [247] eliminates the
necessity for a reward model while still achieving notable alignment performance. As
shown in Fig. 2.7, DPO directly optimises the model’s parameters based on preference data,
bypassing the need for a reward model. This method not only simplifies the alignment
process but also reduces the computational overhead associated with training and deploying
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Fig. 2.7 Direct Preference Optimization (DPO): A novel approach that directly optimises
model parameters based on preference data, eliminating the need for a reward model and
enhancing computational efficiency in alignment training. The figure is from Rafailov et al.
[247].

a separate reward model in reinforcement learning. By leveraging direct feedback, DPO can
efficiently adjust model behaviours in line with human preferences, offering a streamlined
and effective approach to alignment. On the other hand, Kahneman-Tversky Optimisation
(KTO) [79] demonstrates that alignment can be attained even in the absence of paired data
containing human preference annotations. This approach leverages binary feedback data
(e.g., upvote/downvote) to infer human-like preferences, reducing the dependency on large
datasets of explicit paired human feedback.

These advancements signify a paradigm shift in alignment strategies, transitioning from
traditional reinforcement learning towards more direct and resource-efficient methodologies.
These approaches represent promising directions in the pursuit of scalable and effective Al
alignment, particularly valued by industrial companies, thereby paving the way for future

research and development in this critical domain.

Recent Large Language Models

More recently, while the general training scheme remains unchanged, typically following the
sequence of pre-training, instruction fine-tuning, and alignment, LLLMs have entered a phase
of vigorous development. With GPT-4 setting the benchmark, a succession of open-source
and closed-source LLLMs have emerged, closely trailing the performance of GPT-4. The
number of model parameters has escalated from billion-scale to trillions. Notable examples
of LLMs include Claude 3 [3], Vicuna, Mistral, LLaMA 1/2, Gemini [300], Grok [327], and
PalLM 1/2 [53, 10].

Parameter-efficient Fine-tuning

Another crucial technique for utilising LLMs is parameter-efficient fine-tuning. Low-Rank
Adaption (LoRA) [110], along with its successors (such as QLoRA [65] and DoRA [201]),
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Fig. 2.8 Switch Transformer [84], a Mixture-of-Expert (MoE) model. It utilises an MoE
approach to achieve efficient and scalable model performance. By dynamically selecting a
subset of experts for each input, the Switch Transformer significantly reduces computational
costs while maintaining or even improving accuracy compared to traditional transformer
models. This architecture enables training of much larger models without proportional
increases in computational resources. The figure is from Fedus et al. [84].

is now widely employed in fine-tuning LLMs. These methods introduce additional weights
and freeze the original parameters of LLMs to rapidly adapt a model to fine-tuning data
without the need for extensive computational resources, while still achieving comparable
performance to full-parameter fine-tuning.

For example, as depicted in Fig. 2.9, LoRA optimises the adaptation process by introduc-
ing low-rank decomposition to the weight updates. LORA decomposes the weight updates
into low-rank matrices, specifically representing the update as W +- AW, where AW = A x B
and A and B are much smaller matrices. This approach significantly reduces the number of
trainable parameters from d x k to r x (d + k), where d is the input feature dimension, & is
the output feature dimension, and r is the LoRA attention dimension (the “rank”), typically
much smaller than d and k. LoRA can be integrated into existing transformer-based models
by inserting the low-rank update matrices A and B into specific layers, such as attention
layers or feed-forward networks, without modifying the model’s original architecture. During
fine-tuning, only the low-rank matrices A and B are updated while the original weights
remain frozen, enabling efficient adaptation to new tasks with minimal computational over-
head. Despite the reduction in the number of trainable parameters, LoORA maintains or even

improves the performance of the fine-tuned model by capturing task-specific information
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Fig. 2.9 Schematic of LoRA (Low-Rank Adaptation) [110] applied to an LLM, illustrating
the integration of low-rank update matrices A and B into specific layers, reducing the number
of trainable parameters while maintaining model performance. The pre-trained weights can

also be d x k if the input and output feature dimensions need to be different. The figure is
from Hu et al. [110].

through the low-rank updates without overfitting. This makes LoRA particularly beneficial
for adapting LLMs to specific domains or tasks, offering a scalable and resource-efficient
solution for fine-tuning. Given that training LLMs typically demands thousands of GPUs
(Graphics Processing Units), LoORA methods are preferred by researchers and developers

operating under constrained compute budgets.

2.1.4 Large Multi-modal Models

This section will briefly introduce the recent development of Large Multi-modal Models.
Since this thesis primarily addresses vision-language tasks, this section will concentrate on
vision-language LMMs.

Model Architecture

Constructing models capable of jointly understanding multi-modal signals and performing
tasks in real-world scenarios is a long-standing research challenge. Though LLMs exhibited
emergent abilities in instruction following, In-Context Learning, and Chain-of-Thoughts as
described in the previous section, they remain unable to process other modalities such as
vision and speech. Conversely, pre-trained Large Vision Models (LVMs)[150, 104, 281, 369,
233], including ResNet[104], excel in understanding visual inputs and performing vision
tasks, such as image segmentation and object detection. However, these models were not
designed to perform language tasks such as reasoning, and are unable to handle complex
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vision and language tasks [354]. Therefore, a proper design is necessary to enable models to
process and comprehend multi-modal inputs effectively.

Modern Large Multi-modal Models (LMMs) are predominantly built upon LLM back-
bones, integrating pre-trained multi-modal models (such as LVMs) with LLMs to facilitate
joint understanding of multi-modal inputs. These models are also referred to as "Multi-modal
Large Language Models (MLLM)" [354, 368]. Specially, in this thesis, the term LMM
generally refers to MLLM, as MLLM represents the most prevalent form of advanced LMM.

A typical LMM configuration comprises three components: a pre-trained LLLM, a pre-
trained modality encoder, and a connector/mapping network that links them. The pre-trained
LLM is responsible for understanding and reasoning, while the modality encoder processes
multi-modal features, such as visual features. The mapping network aligns these components,

enabling the LLM to jointly interpret different modalities.

Commonly-used Modality Encoder

Recent LMMs frequently employ pre-trained visual encoders to derive features from images.
The most commonly utilised visual encoders include Vision Transformers (ViT) and its
variants, such as ViT [72], CLIP-ViT [246], EVA-CLIP ViT [292], and OpenCLIP ViT [50].
Convolution-based visual encoders are also viable, such as OpenCLIP-ConvNext-L [49] as
utilised in Osprey [364].

These visual encoders were pre-trained on vision-centric datasets, including LAION-
2B [269], WIT [289], and COYO-700M [27]. For instance, the widely adopted CLIP-
ViT [246] is a component of the CLIP model, which incorporates a ViT [72] visual encoder
and a text encoder, trained to align the representations of images with their corresponding
texts. After pre-training, the visual encoder in CLIP effectively extracts semantic features
from images and can be decoupled to serve as the visual encoder in LMMs.

Many popular visual encoders [50, 246] were pre-trained on images with relatively low
resolutions (e.g., 224x224 or 336x336 in pixels), limiting their ability to capture fine-
grained details in images. Recent studies [15, 197, 176, 216] have demonstrated that using
higher resolution images significantly enhances performance. Some works [15, 197] have
replaced low-resolution visual encoders with those capable of processing high-resolution
images. Another approach [176, 191] involves partitioning high-resolution images into

smaller patches to enable detailed visual analysis.



2.1 Large Language Models and Large Multi-modal Models 25

Text
—l=
.. LLM
1 1
l.l
i B
Connector :.: Generator
.
C}
____________ : N
AHEN LLM
''''''''' |
Y g N MH-Attn
N QoK gV
Q-Former TR
v i [
____________ Lo
1 P DD N E—
[P v f “:
Learnable Queries : Nemeoooo- )

Fig. 2.10 A figure for illustration is borrowed from Yin et al. [354] to demonstrate a typical
MLLM architecture. It normally comprises an encoder, a connector/mapping network, and
an LLM. Optionally, a generator may be integrated with the LLM to produce additional
modalities beyond text. The encoder ingests images, audio, or videos and outputs features,
which are subsequently processed by the connector to enhance the LLM’s comprehension.
There are generally three categories of mapping networks: projection-based (e.g. MLP),
query-based (e.g. Q-Former), and fusion-based (e.g. Cross-attention). The first two types
employ token-level fusion, converting features into tokens that are transmitted alongside text
tokens, whereas the last type facilitates feature-level fusion within the LLM.

Modality Fusion

The mapping network (or connector, projector) is trained to align the features of other
modalities with the latent feature space of the text model (LLM). As shown in Fig. 2.10,
the mapping network can be a simple, straightforward linear layer (or MLP, Multi-layer
Perception), which has been proved to be highly effective for building many recent advanced
LMMs. Some LMMs leverage more complicated design, such as Q-Former [171] (used in
BLIP2 [171], InstructBLIP [62], and MiniGPT-4 [388]), P-Former [131] (used in DLP [131]),
MQ-Former [205] (used in Lyrics [205]), and Cross-attention (used in Intren VL [46], QWen-
VL [15], and Flamingo [7]). Q-Former and Cross-attention are extensively used in recent
LMMs. Below we elaborate further on these two methodologies.

Q-Former, first introduced in BLIP2, trains a few learnable query tokens as query features

to extract image features with Transformer blocks. The connector (Q-Former) is trained
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Fig. 2.11 The architecture of Q-Former [171] and the first stage pre-training. The model is
tasked with three objectives: Image-Text Matching, Image-Grounded Text Generation, and
Image-Text Contrastive Learning. Post training, the Q-Former is capable of understanding
image content. The figure is from Li et al. [171].
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Fig. 2.12 The second stage training of BLIP2 with Q-Former [171]. The Q-Former is con-
nected to the language model and is optimised to handle multi-modal tasks. The embeddings
of query tokens are fed to LLMs to generate responses relevant to the input image and
instruction. The figure is from Li et al. [171].

with two stages. In the first stage, as shown in Fig. 2.11, the connector is tasked with
three objectives: (1) Image-Text Contrastive Learning encourages the model to correctly
pair images with their corresponding text descriptions, helping align the visual and textual
representations; (2) Image-Text Matching involves a binary classification task where the
model predicts whether a given image and text pair match, improving the association between
visual features and textual information; (3) Image-Grounded Text Generation requires the
model to predict the masked words based on the visual context. These tasks equip the
Q-Former with abilities to understand image and produce visual embeddings that can be
processed by the language model. In the second stage, as demonstrated in Fig. 2.12, the
Q-Former is integrated with either OPT or FLAN-T5 and subsequently fine-tuned to handle
multi-modal tasks. The Q-Former receives both the image and the text instruction as input. It

processes the visual features derived from the image encoder in conjunction with the text
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instruction. It utilises the trained query vectors to extract visual features from the image
encoder that are relevant to the given text instruction. The output produced by the Q-Former
consists of visual features that have already incorporated the information from the text
instruction. These instruction-aware visual features are then fed to the LLM, which generates

a response or output based on these features and the provided instruction.
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Fig. 2.13 InternVL [46] uses cross-attention to integrate features from the image encoder with
the Language Middleware (QLLaMA). The model undergoes three distinct training stages,
each with specific objectives, to cultivate a robust vision-language understanding capability.
QLLaMA, an 8 billion parameter model, serves as a bridge facilitating communication
between the scaled-up vision transformer (InternViT-6B) and the language model, enhancing
overall performance on vision-language tasks. The figure is from Chen et al. [46].

The architecture of Cross-attention is less complicated relative to Q-Former. Recent
LMMs use cross-attention to integrate features of different modalities. For example, InternVL
(Fig. 2.13) trains Cross-attention to align the visual encoder with a Language Middleware,
which are then combined with Vicuna-13B to generate responses. QWen-VL (Fig. 2.14)
trains a connector that takes in learnable query token embeddings and attends to image

features with cross-attention.

Mainstream LMMs

Mainstream LMMs are often built upon mainstream LLMs, leveraging the advancements
and foundational capabilities of the latter to enhance their multi-modal functionalities. This
integration allows LMMs to efficiently process and generate outputs based on diverse inputs
such as text, images, and other data types. Prominent examples of such integrations include
Flamingo [7], BLIP2 [171], LLaVA [198], MiniGPT-4 [388], InstructBLIP [62], PALI-X [39],
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Fig. 2.14 QWen-VL [15] employs cross-attention mechanisms to synthesise features from
the image encoder. The model undergoes three distinct training stages, each with specific
objectives aimed at aligning the visual input with the language model. In both the second and
final stages, the model is trained using interleaved VL data. This approach equips the model
with the ability to manage multi-image inputs, conduct multi-round dialogues, engage in
multilingual conversations, and perform fine-grained visual recognition. The figure is from
Bai et al. [15].

QWen-VL [15], MiniGPT-5 [380], LLaVA 1.5 [197], MiniGPT-v2 [35], and InternVL [46],
each showcasing unique features and strengths.
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Fig. 2.15 Overview of the Flamingo [7] model architecture. This figure illustrates how
Flamingo integrates visual and textual information through a combination of a Perceiver
Resampler for visual data and gated cross-attention layers in the language model, enabling
efficient few-shot learning across multi-modal tasks. The figure is from Alayrac et al. [7].
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Flamingo (Fig. 2.15), built on Chinchilla [108], introduces an innovative model that inte-
grates pre-trained vision and language models with new components for handling interleaved
visual and textual data. It excels in few-shot learning, achieving strong performance on
various benchmarks without task-specific fine-tuning. Key novelties include the Perceiver
Resampler for converting visual features into tokens and gated cross-attention layers for

conditioning on visual input, enabling rapid adaptation to new tasks with minimal data.
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Fig. 2.16 Overview of LLaVA [198] architecture. The model integrates a vision encoder with
a language model, fine-tuned on multi-modal instruction-following data generated by GPT-4.
This combination enables advanced visual reasoning and instruction-following capabilities,
setting new benchmarks in multi-modal Al performance. The figure is from Liu et al. [198].
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Fig. 2.17 The figure illustrates the architecture of MiniGPT-4 [388], highlighting the align-
ment between the frozen visual encoder and the language model via a linear projection layer.
It demonstrates the model’s capability to generate detailed image descriptions and perform
complex vision-language tasks. The figure is from Zhu et al. [388].
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LLaVA (Fig. 2.16), based on Vicuna [51], leverages conversational and interactive capa-
bilities, making it effective for applications requiring dialogue and contextual understanding.
MiniGPT-4 (Fig. 2.17), also built on Vicuna, focuses on training a lightweight mapping net-
work to equip Vicuna with abilities to process multi-modal input, making it more accessible
and efficient in resource-constrained environments.

InstructBLIP, combining FLAN-TS and Vicuna, is built on BLIP2 (Fig. 2.11 and Fig. 2.12).
The study uses 26 vision-language datasets, split into 13 for training and 13 for zero-shot
evaluation. It emphasises instruction-following capabilities, suitable for multi-modal appli-
cations needing precise adherence to user instructions. It also improves generalisation to
unseen tasks better than multitask learning and previous models like BLIP2 and Flamingo.

PALI-X, built on UL2 [299], is a multilingual vision and language model that excels
in diverse and complex tasks across multiple languages. It achieves strong results in many
vision-and-language benchmarks, demonstrating emergent capabilities such as complex
counting and multilingual object detection. By scaling both vision and language compo-
nents effectively, PaLLI-X significantly improves over previous models, showcasing robust
performance in multilingual settings.

QWen-VL (Fig. 2.14), based on QWen [14], inherits robust language understanding,
making it powerful for multi-modal tasks requiring nuanced comprehension and generation.
It supports multi-image inputs, multi-round dialogues, multilingual conversations, and fine-

grained visual recognition.
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Fig. 2.18 Overview of MiniGPT-5 architecture. The figure demonstrates the interleaved
vision-and-language generation process. The model integrates Stable Diffusion [257] and
LLMs with generative vokens, enhancing multi-modal output coherence and quality. The
figure is from Zheng et al. [380].
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MiniGPT-5 (Fig. 2.18) introduces “generative vokens (i.e. visual tokens)” for seamless
text-image integration, using a two-stage training strategy. The model employs Stable
Diffusion [257] for image generation, achieving superior performance over previous models.
This approach allows MiniGPT-5 to generate coherent multi-modal content without relying

heavily on detailed image descriptions during training.
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Fig. 2.19 The model architecture of LLaVA 1.5 [197]. The diagram illustrates the enhanced
LLaVA model, integrating CLIP-ViT-L-336px with an MLP projection layer for improved
vision-language alignment. The figure is from Liu et al. [197].

LLaVA 1.5 (Fig. 2.19), an improved version of LLaVA built on Vicuna 1.5 [51], is
designed to enhance multi-modal models through several key innovations. A two-layer
MLP projection is introduced to strengthen the vision-language connection, significantly
enhancing performance. This model outperforms previous results on 11 benchmarks with
only 1.2M data points, demonstrating exceptional data efficiency. Additionally, it is trained on
a single 8-A100 node in one day, showcasing superior computational efficiency. It achieves
enhanced performance using simpler architecture and less data compared to InstructBLIP
and Qwen-VL.

MiniGPT-v2, derived from LLaMA 2 [304], is a vision-language model that excels in
tasks like image captioning, visual question answering, and visual grounding. In contrast to
the previous MiniGPT-4 model, its novelties include using task identifiers to enhance learning
efficiency and reducing visual tokens by 75% through token concatenation. It concatenates 4
adjacent visual tokens in the embedding space and projects them together into one single
embedding in the same feature space of the LLM, thus reducing the number of visual input
tokens by 4 times, making it more capable of handling high-resolution images efficiently. The
model undergoes a three-stage training process involving weakly-labelled, fine-grained, and
multi-modal instruction datasets, outperforming previous models across various benchmarks.

These models illustrate the dynamic landscape of LMMs, showcasing how continuous
advancements in both vision and language components drive significant improvements in

multi-modal understanding and generation. The integration of foundational language models
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with specialised techniques for processing visual data has led to a new era of Al capabilities.
Each model contributes uniquely to this evolving field, whether through efficient learning
mechanisms, multilingual support, or innovative training strategies. As these technologies
progress, they pave the way for more sophisticated and versatile Al systems capable of
seamlessly interacting with and interpreting diverse data modalities, ultimately broadening the
horizons for practical applications in real-world scenarios. The synergy between foundational
language models and advanced multi-modal models promises an exciting future for artificial
intelligence, where the boundaries between different data types become increasingly blurred,
allowing for more diverse ways of interacting with Al systems, such as uploading images,

audio, and videos in interactions.

Approaches Extended from LL.Ms

Given the foundation of recent advanced LMMs on LLMs, similar methodologies can be
adapted from LLM training to LMM training. For instance, LMMs can be fine-tuned using
multi-modal instruction-following datasets to enable them to manage complex, instruction-
aware tasks. For example, LLaVA, one of the powerful and popular LMMs, was trained
on LLaVA-Instruct, a curated dataset introduced in the same paper. Chen et al. [31]
presents ALLaVA, a lightweight LMM that is similar to LLaVA and was trained using
synthetic data generated by GPT-4V (GPT-4 with Vision). By creating a high-quality
dataset with detailed captions and reasoning instructions, ALLaVA achieves competitive
performance on various benchmarks while being resource-efficient. This approach addresses
the performance gap between large-scale and lightweight LMMs, highlighting the potential
of synthetic data for training efficient models suitable for deployment on limited-resource
devices. Zong et al. [393] introduces VLGuard, a curated dataset designed for safely
fine-tuning LMMs to mitigate harmful content generation without sacrificing performance.
Evaluations demonstrate that VLGuard significantly enhances safety, reducing adversarial
attack success rates while maintaining helpfulness in various benchmarks.

In terms of leveraging the in-context learning capability of the backbone LL.Ms, Zong et al.
[392] introduces VL-ICL Bench, a benchmark for evaluating multi-modal in-context learning
in LMMs, addressing the limitations of current evaluations focused on VQA and image
captioning. It assesses state-of-the-art models, revealing their strengths and weaknesses, and
emphasises the need for future models to handle longer context lengths and better utilise
examples.

Additionally, various alignment datasets tailored for multi-modal settings (e.g., LLaVA-
RLHF [293], VLFeedback [172], and RLHF-V [360]) can be utilised to improve the models’

ability to generate responses preferred by humans. For instance, Sun et al. [293] gathered
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human preference data (emphasising greater helpfulness and reduced hallucination) from
LLaVA, subsequently training the LLaVA-RLHF model. The proposed approach effectively
reduces the hallucination issues that are common in LMMs, and the model tends to generate
responses that are more favoured by humans, typically encompassing more reasoning and
conveying greater amounts of information with regard to the input image. In these studies,
the training techniques are generally the same as those utilised in LLM alignment training,
including RLHF [54] and DPO [247].
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Fig. 2.20 Overview of Multi-modal Chain-of-Thought (CoT) prompting [373]. The diagram
illustrates the reasoning process of LMMs. LMMs are able to read the figure and engage in

sequential reasoning, thereby enhancing the accuracy of generated responses. The figure is
from Zhang et al. [373].

Furthermore, leveraging the foundational LLLMs, LMMs also incorporate the Chain-of-
Thoughts mechanism, which breaks down tasks into steps to enhance the model’s reasoning
and problem-solving capabilities [373, 378, 276]. This mechanism is particularly effective in
VL tasks where multi-modal understanding is critical. By decomposing complex tasks into
manageable steps, LMMs can better interpret and generate contextually relevant responses.
For instance, the Multi-modal CoT mechanism shown in Fig. 2.20 allows LMMs to process
and analyse images sequentially, identifying key elements and their relationships before
synthesising this information into a coherent narrative or description. This step-by-step
approach improves the model’s accuracy in tasks such as VQA, object recognition, scene
understanding, and image captioning.

2.2 Information Retrieval

In this section, we present the principal advancements in Information Retrieval (IR) systems.

We begin with text retrieval systems, which have been the subject of extensive investigation
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in recent years, and subsequently address multi-modal retrieval systems, which are closely

relevant to this thesis.

2.2.1 Text Retrieval

Retrieving relevant documents from databases based on user queries has been extensively
investigated over the past several decades due to its importance in a wide range of applications,
such as question answering systems, search engines, and recommender systems. Modern
retrieval systems typically consist of two stages: Retrieval and Re-ranking [101]. These two
stages often employ different models or systems with distinct focuses.

In the retrieval stage, a collection of coarse-grained relevant documents is retrieved from
the databases. The primary focus of the model employed in this stage is the effective and
efficient retrieval of documents from a large collection, optimising computational resources.
In contrast, the model used in the second stage reorders the documents recalled in the
first stage based on their finer-grained similarity to the query. Since ranking items more
accurately according to the query is crucial, this stage typically utilises models that require

more computational resources.

Conventional Retrieval Systems

Conventional text retrieval systems predominantly rely on term-based methods [101]. Term-
based methods focus on matching query terms with document terms to identify relevant
information. These methods typically involve techniques such as keyword matching, Boolean
retrieval [271], and TF-IDF (Term Frequency-Inverse Document Frequency) [4, 255]. Key-
word matching identifies documents containing the exact query terms. Boolean retrieval uses
logical operators (AND, OR, NOT) to refine searches. TF-IDF assesses the importance of
terms by evaluating their frequency within a document relative to their occurrence across
the entire document collection. These approaches form the foundation for more advanced
retrieval systems, providing a simple yet effective means of locating pertinent information.

Several approaches aim to enhance query and document representations by incorporating
external resources or utilising the collection itself [241, 308, 367, 28, 2, 76]. Lexical depen-
dency models, on the other hand, consider the relationships and order of terms to capture the
meaning of texts more effectively [80, 261].

Another significant approach is the use of topic models [159, 64, 323, 67, 20], which have
been extensively applied, particularly in 2016, due to their efficacy in capturing semantic
relationships between words and identifying the topics within texts. Topic models train on

textual data and represent queries and documents as vectors, with each dimension corre-
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sponding to a specific topic. The most notable models in this category are Latent Semantic
Indexing (LSI) [64] and Latent Dirichlet Allocation (LDA) [20].

LSI is a mathematical technique employed in natural language processing and information
retrieval to analyse and uncover the underlying structure of text corpora. It represents
documents and terms in a high-dimensional space, capturing relationships based on their
co-occurrence patterns. By applying Singular Value Decomposition (SVD) [92], LSI reduces
the dimensionality of this space, thereby revealing latent semantic relationships between
terms and documents. This process enhances the retrieval and analysis of textual data by
capturing the intrinsic semantic meaning beyond simple keyword matching.

LDA is a probabilistic generative model widely used for topic modelling. It posits
that documents are represented as random mixtures over latent topics, with each topic
being characterised by a distribution of words. LDA aims to uncover these latent topics
by iteratively assigning words in documents to topics and inferring the underlying topic
structure. The model employs the Dirichlet distribution to model the topic distributions and

the multinomial distribution to model the word distributions within topics.

Sparse Retrieval Systems

Sparse retrieval methods are designed to enhance the efficiency of processing large document
collections. These methods represent documents and queries using sparse vectors, which
activate only a limited number of dimensions. They utilise term weighting schemes, such
as TF-IDF and BM25 (Best Matching 25) [256], to efficiently associate documents with
queries. TF-IDF assigns weights to terms based on their frequency within a document and
their rarity across the entire collection, prioritising terms that are more discriminative and
informative for retrieval. BM25, an improvement over the traditional TF-IDF model, is a
ranking function used in information retrieval to estimate the relevance of documents to a
given search query. It considers factors such as term frequency and document length to score
documents.

Recent research has employed neural models to enhance term weighting schemes while
preserving the symbolic encoding of queries and documents [379, 394, 63]. Another line of

work directly extracts latent sparse vectors using neural models [366, 337].

Dense Retrieval Systems

Deep learning models has significantly revolutionised this field by introducing neural net-
works capable of extracting dense and discriminative features for both queries and documents.

In contrast to traditional sparse retrieval models, which depend on sparse representations
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(e.g., bag-of-words [102]), dense retrieval models utilise dense vector representations to
encapsulate semantic similarity between queries and documents. The superior text repre-
sentation capabilities of pre-trained language models (such as BERT) and the availability of
large-scale labelled datasets (such as MSMARCO [16] and Natural Questions [156]) have
both contributed to the rapid advancement of dense retrieval models.

One of the primary advantages of dense retrieval models is their capacity to capture
nuanced semantic relationships between words and phrases, thereby improving the relevance
of retrieved documents in comparison to traditional sparse retrieval methods. Additionally,
dense representations facilitate more flexible and scalable indexing strategies, enabling faster

retrieval across extensive text collections.
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Fig. 2.21 Illustration of bi-encoder (left) and cross-encoder (right) models. The figure is from
Zhao et al. [376].

The cross-encoder architecture (Fig.2.21 right) encodes queries and documents together,
exhaustively for all query-document pairs. This approach achieves high precision; however,
it is impractical for real-world deployment when the document database reaches a scale of
billions. Conversely, the bi-encoder architecture is widely utilised in the development of
dense retrieval models (Fig.2.21 left). A notable example of a bi-encoder (or dual-encoder)
dense retrieval model is Dense Passage Retrieval (DPR) [143], which has been the subject of
extensive research over the past few years. In this architecture, a query encoder processes
the query, while a context encoder processes the documents, both converting them into
one-dimensional dense vector representations using the ‘{CLS]’ token! of the base BERT
model. The similarity score between the query and document is then computed via the dot
product of their respective vector representations. Retrieval latency is significantly reduced
through the use of vector databases, such as FAISS [138], which support fast Approximate
Nearest Neighbour Search (ANNS) [19, 100, 174]. Due to their robust retrieval capabilities
and high efficiency, models with a similar architecture to DPR have been extensively studied

[CLSY’ token is a pre-defined first token at the input of many encoder models including BERT, and its
representations are often used in classification tasks.
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in subsequent research [243, 330, 229, 230]. For instance, recent studies have employed

TS5 as the query and document encoders, achieving strong performance across a range of
retrieval tasks [229, 230].
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Fig. 2.22 The figure illustrates the Poly-encoder [121] architecture, combining global atten-
tion features with self-attention mechanisms. It balances the computational efficiency of
bi-encoders and the high accuracy of cross-encoders. The architecture uses multiple context
codes and attention heads to effectively score the similarity between contexts and candidates,
optimising both speed and performance. The figure is from Humeau et al. [121].
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Fig. 2.23 Illustration of late-interaction models (ColBERT). The query features and document
features interact with each other at the token level, making it capable of capturing fine-grained
relevance. The figure is from Santhanam et al. [264].

A significant limitation of one-dimensional bi-encoder representations lies in their re-
stricted ability to model fine-grained semantic interactions between queries and texts. An-

other research direction aims to extend query/document representations to multi-dimensional
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vectors [121, 207, 146, 109, 264, 160]. Humeau et al. [121] introduced the Poly-encoder
(Fig. 2.22), which employs multiple context codes (trainable parameters) that are aggregated
into the query embeddings via attention mechanisms during retrieval. The Poly-encoder
substantially outperforms bi-encoder models and achieves performance comparable to cross-
encoder models, while maintaining retrieval latency at a similar scale to bi-encoder models,
as reported in Tables 4 and 5 in the original paper. Furthermore, late-interaction models, such
as ColBERT [146], ColBERTer [109], and ColBERTV2 [264], utilise entire token-level rep-
resentations from queries and documents (Fig. 2.23). The final relevance score is computed
by aggregating the token-level similarity scores between every pair of query and document
tokens (as shown in Fig. 2.23), which provides a more fine-grained approach and significantly
improves retrieval performance compared to one-dimensional DPR models. The expansion
of this approach has been investigated in subsequent studies [56, 129, 83, 228, 32], resulting
in enhanced performance across a variety of tasks. The introduction of the PLAID en-
gine [263] has significantly advanced this line of work by greatly reducing the computational
requirements of late-interaction retrieval.

In the training of dense retrieval models, contrastive loss [143] (or alternative loss func-
tions such as triplet loss [268]) is utilised to shape the latent embedding space ‘conceptually’.
In the latent space, relevant documents are positioned closer to the query, while irrelevant
documents are positioned further away. The training data typically comprises a query, a
relevant document (positive), and several irrelevant documents (negative). Negative sampling
is a common technique used to identify these negative examples by sampling documents
from the remaining documents (excluding the positive documents).

Dense retrieval models have been applied to various NLP tasks, including information
retrieval, question answering, document summarisation, and conversational systems, among
others. Their efficacy in capturing semantic similarity and their ability to scale to large
datasets make them a promising approach for addressing the challenges of information

retrieval in modern data-driven applications.

2.2.2 Cross-modal Retrieval

The preceding subsection examined fundamental retrieval models within text-only contexts.
From this subsection onwards, we will explore retrieval methodologies that extend beyond
text-only queries and documents.

In recent years, there has been significant research in the field of cross-modal information
retrieval, with particular emphasis on aligning the latent representations of images and text.
Transformer models have become essential tools in this area, and are extensively employed
to process multi-modal data.
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The evaluation of these models frequently utilises benchmark datasets such as MSCOCO [142],
Flickr30k [239], WIT [289], and IGLUE [24]. These models are tasked with either retriev-
ing the textual description that corresponds to a given image (Image-to-Text Retrieval) or
identifying the image that matches a provided textual description (Text-to-Image Retrieval).

By aligning the representations of visual and textual modalities within these models,
there is a notable enhancement in their ability to interpret both complex images and textual
content. Consequently, incorporating image-text matching tasks into the pre-training phase
of large Vision-Language (VL) models, such as BLIP2, has become a standard practice.
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Fig. 2.24 The model architecture of Oscar [175]. A detailed explanation of this system can
be found in the main content. The figure is from Li et al. [175].

Many cross-modal retrieval models utilise object detectors to identify regions of interest
within an image and extract the corresponding regional features. For example, during the
pre-training phase of Oscar [175] (as illustrated in Fig. 2.24), an object detector is used
to recognise objects in an image. The textual labels of these detected objects, along with
their regional features, are then input into Transformer layers. This integration of object
detection enhances the alignment of object-level semantics with textual representations. To
train the model’s language understanding capability and refine this alignment, Mask Token
Loss and Contrastive Loss are employed: Mask Token Loss trains the model to predict
randomly masked tokens based on both the input image and text, thereby enhancing the
joint understanding of image and text, while Contrastive Loss involves randomly replacing
the input object tags with a different tag sequence sampled from the dataset. It then trains
the model to determine whether the provided tags are consistent with the input image,
thereby increasing the model’s awareness of the relevance between text and image. Similarly,
VILLA [87] introduces an innovative approach to large-scale adversarial training for vision-

and-language representation learning. It also integrates regional features obtained through
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object detectors to enrich image representations. By conducting adversarial training within
the embedding space of each modality, VILLA achieves notable performance improvements
in various downstream tasks such as VQA.
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Fig. 2.25 The model architecture of ViLT [148]. ViLT segments images into patches and
directly inputs them into Transformer layers. The figure is from Kim et al. [148].

Transformer Encoder

Recently, there has been a growing interest in developing multi-modal models capable of
handling visual modality without the need for explicit object detectors for region-level feature
extraction. VIiLT (Vision and Language Transformer) [148] (Fig. 2.25) segments images into
patches and directly inputs them into Transformer layers. ViLT has achieved comparable, and
even stronger on some benchmarks, results when compared to models with object detectors.
The model is trained with three key objectives: (1) Image-Text Matching (ITM): The model
learns to predict whether a given image and text pair are related or not. This helps the
model understand the relationship between visual and textual information. (2) Masked
Language Modeling (MLM): The model predicts missing words in a sentence, enhancing its
language understanding by leveraging contextual clues from both text and image. (3) Whole
Word Masking: Instead of masking random subwords, entire words are masked to make the
prediction task more challenging and realistic, improving the model’s linguistic capabilities.
The proposed approach has led to significant advancements, particularly in cross-modal
retrieval performance. The efficiency of both training and inference processes has seen
substantial improvements due to the elimination of explicit object detectors. SImVLM [318]
follows a similar approach by utilising a visual encoder to embed images, highlighting the
dispensability of explicit object detection in the construction of Vision and Language models.

Another significant research direction involves encoding image and text data into global
features separately [246, 130, 346]. CLIP (Contrastive Language-Image Pretraining) [246]
employs a contrastive loss (discussed in Sec. 2.2.1) in training, directly aligning image
embeddings with text embeddings (Fig. 2.26). This method utilises distinct visual and text
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Fig. 2.26 The illustration of CLIP (Contrastive Language-Image Pretraining) [246]. CLIP
encodes images and texts separately, and than trains the model with contrastive learning. The

text that describes the image well will be assigned a higher relevance score. The figure is
from Radford et al. [246].

encoders to independently encode image and text data like a bi-encoder (Sec. 2.2.1), which
enables rapid retrieval with vector databases that support Approximate Nearest Neighbour
Search.

This technique is considerably more efficient than traditional methods, such as calcu-
lating relevance scores for each image-text pair in the corpus exhaustively, as exemplified
by models like Oscar. Despite relying solely on large-scale pre-training data, CLIP ViT
models (e.g., CLIP VIiT-B/L) and its subsequent scaled-up versions (e.g., OpenCLIP ViT-g/H
released by Cherti et al. [S0]) achieve exceptional results. These models are notable for
their remarkable performance and are widely used as the foundational visual encoders for
developing state-of-the-art vision-language models. For instance, many LMM models, such
as LLaVA 1.5 (illustrated in Fig. 2.19), employ CLIP’s visual encoder as the core vision
model; Stable Diffusion [257] leverages CLIP’s text encoder as the foundational text model,
effectively guiding the diffusion process with prompts. Building on the architecture of CLIP,
ALIGN [130] demonstrates the efficacy of training models on a dataset that captures the
natural distribution of image-text pairs. With the introduction of this new dataset, ALIGN
achieves robust visual and vision-language representations.

CLIP-like models encode both images and texts into single vector representations, which
may constrain their ability to capture detailed information in cross-modal interactions.
FILIP [346] addresses this limitation by enabling cross-modal late interaction, thereby
enhancing the model’s capacity to capture token-level information between images and texts,
as illustrated in Fig. 2.27.
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Fig. 2.27 The model architecture of FILIP [346]. The late-interaction design captures the
fine-grained image-text interactions. The figure is from Yao et al. [346].

Some hybrid approaches [169, 356, 17, 170, 312] implement separate encoding processes
for images and texts, subsequently utilising the derived features within a multi-modal encoder.
For instance, as depicted in Fig. 2.28, ALBEF [169] initially encodes images and text
separately, and the resultant features are input to a multi-modal encoder for integration.
ALBEF employs contrastive learning to enable the model to achieve semantically aligned
representations of the modalities, thus enhancing the multi-modal learning process of the
fusion model. Nonetheless, this type of models necessitates per-instance evaluation, a
requirement that may present significant challenges, particularly when performing image-text

matching on a large-scale dataset.

2.2.3 Multi-modal Retrieval

Cross-modal retrieval seeks to match images with text, whereas recent advancements in multi-
modal information retrieval focus on finding relevant documents using multi-modal queries
comprising both images and text. This is particularly beneficial for retrieving documents to
answer knowledge-intensive VQA queries.

Given the extensive volume of documents in knowledge bases, the bi-encoder architecture
is predominant in this domain. This architecture consists of a query encoder that encodes the
multi-modal query and a context/document encoder that encodes (multi-modal) documents.
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Fig. 2.28 The model architecture of ALBEF [169]. It initially encodes images and text
separately, and the resultant features are input to a multi-modal encoder for integration. The
figure is from Li et al. [169].

Some early works [88, 183, 208, 114] convert images into textual form, enabling direct
processing by a text-only query encoder. For instance, Lin and Byrne [183] (our work,
introduced in Chapter 3) extract image captions from a captioning model, object tags detected
by an object detector, and OCR (Optical Character Recognition) detection results. These
textual descriptions of images are used to extract relevant documents using Dense Passage
Retrieval (DPR).

In contrast, recent studies employ multi-modal Transformers to jointly encode images
and text queries into compact, single-dimensional embeddings. Luo et al. [208] utilise
LXMERT [294] as the query encoder to process both the image and the question. Lerner
et al. [164] trains the retriever with a multi-modal inverse cloze task, significantly improving
retrieval performance on ViIQuAE [163]. Specifically, the sentence within a Wikipedia
passage is treated as a pseudo-question, while the rest of the passage provides the context as
a pseudo-relevant passage for training. Additionally, the image accompanying this sentence
is included in the pseudo-question while the image in the infobox of this Wikipedia page
is included as a part of the pseudo-relevant passage; a follow-up work [165] encodes the
multi-modal query by a weighted sum of BERT [66] and CLIP [246] embeddings. It shows
that by combining mono- and cross-modal retrieval in training, the approach achieves better
performance and efficiency compared to solely using mono-modal or more complex, larger
models. More recently, Zhou et al. [384] introduces a method that integrates a visual
encoder with a pre-trained text retriever, resulting in a unified multi-modal representation.

This approach involves generating high-quality image-text pairs and utilising a multi-stage
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training process. Initially, the visual token embedding is aligned with the text encoder using a
substantial amount of weakly labelled data. Subsequently, the method enhances multi-modal
representation capabilities through the use of the generated composite image-text data.
Apart from these single-dimensional embedding approaches, FLMR (Fine-grained Late-
interaction Multi-modal Retriever) [188] (our work, introduced in Chapter 5) introduces an
innovative retriever designed specifically for multi-modal retrieval in knowledge-intensive
VQA tasks. It captures fine-grained visual information in images by leveraging token-level
interactions and enriching the query with regional features derived from object detection.
PreFLMR (our work, introduced in Chapter 6) further examines the scalability of FLMR.
When scaled up to billions of parameters and millions of training data pairs, PreFLMR

demonstrates robust multi-modal retrieval performance across nine different datasets.

2.3 Retrieval Augmented Generation

In this section, we provide a brief overview of notable advancements in the development of
RAG systems. We commence by highlighting the progress made in text-only RAG systems
before moving on to discussions concerning multi-modal settings. Specifically, we direct

attention towards vision and language RAG, as it is most close to the scope of our research.

2.3.1 Text-only RAG

RAG is a method that combines traditional text generation with retrieval-based techniques. It
involves retrieving relevant information from a database or corpus to enhance the generated
output, ensuring it’s more accurate, contextually relevant, and diverse. It is also called
“retriever-reader” architecture in the literature. We will also use this term in some of the
chapters. With retrieval methods already introduced in earlier sections, here we focus on the

popular approaches to leverage the retrieval models in content generation.

Leveraging Retrieved Content in Generation

Augmenting queries with explicitly retrieved content is a widely employed approach in
numerous recent RAG systems [249, 99, 167, 12, 284, 202, 345, 350, 206, 137]. This
method involves directly concatenating the user’s query with the retrieved content and
sending the enriched query to the generator, which is typically an LLM capable of reasoning
and generating responses using the retrieved content.

For instance, REALM [99] and RAG [167] are two landmark models that transmit
concatenated queries to the generator to produce more reliable and accurate responses for
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Fig. 2.29 The RAG model proposed by Meta [167]. The generation probability y is
marginalised over all retrieved documents (z1,22,...): p(y|x) ~ Yo_, pn(zx|x) po(y|x,z).
where py, is the retriever and py is the generator in the figure; py(z|x) is the retrieval prob-
ability over all K retrieved documents computed using ¢g(x) and d(z), the dense vectors of
query x and document z, respectively. Then the loss is back-propagated through both the
generator and the retriever to enable joint optimisation. The figure is from Lewis et al. [167].

tasks such as question answering. Notably, these models jointly optimise the retriever
during the training of the generator by leveraging a loss function that marginalises the
joint probability over the retrieved documents (as illustrated in Fig. 2.29). SELF-RAG [12]
utilises a specialised critique model to ascertain whether retrieval is necessary to produce an
accurate response. REPLUG [284] conducts retrieval offline and then exploits the pre-trained
reasoning capabilities of LLMs via APIs. Additionally, some code completion models follow
a similar approach [206, 137].
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Fig. 2.30 The illustration of FiD (Fusion-in—Decoder) [124]. The outputs of the encoder are
concatenated and fed to the decoder to generate the response. The figure is from Izacard and
Grave [124].

Another line of research [21, 124, 355, 283] transforms retrieved content into latent
representations, which are subsequently incorporated into the generator model as embeddings.
For instance, as depicted in Fig. 2.30, the FiD (Fusion in Decoder) model [124] utilises
an encoder to process the query along with each retrieved document, concatenating the
encoder outputs. A separate decoder model then generates an answer by cross-attending to
these concatenated latent representations. The FiD architecture has been widely adopted in
numerous recent RAG systems [88, 355, 283].
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In addition to the aforementioned approaches, some models integrate the retriever logits
during generation [145, 103, 382, 222], for example, by aggregating the retrieval confi-
dence/probabilities of each retrieved document and using them in the generation process.
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Fig. 2.31 The pipeline introduced by Ma et al. [210] (right). A rewrite model is trained with
reinforcement learning to effectively tailor the input query for retrieval. The figure is from
Ma et al. [210].

Recent research has introduced many methodologies aimed at enhancing overall system
performance. Among these, a commonly employed technique involves transforming input
queries to render them more informative and suitable for retrieval. This process entails
rewriting the query using specialised models or LLMs, thereby refining the representation
of user intent and improving alignment with retriever models. For instance, Ma et al. [210]
(as illustrated in Fig. 2.31) employ reinforcement learning to train a rewriter model, thus
enhancing query rewriting and subsequently improving retrieval performance. Similarly,
TOC [147] utilises retrieved content to decompose ambiguous queries into distinct sub-
queries, which are then processed by a generator and aggregated to yield the final outcome.
Additionally, Query2doc [310] and HyDE [89] adopt the original query to generate a pseudo-
document, subsequently employed as the retrieval query. This pseudo-document encapsulates
rich, relevant information, facilitating the retrieval of more precise results. Query rewriting is
also effective in conversational search [213], where it extracts and understands user search

intent within conversational contexts.
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Fig. 2.32 Query expansion with Chain-of-Thought prompting introduced by Jagerman et al.
[125]. The figure illustrates the flow from the initial query through various prompting
techniques, including zero-shot, few-shot, and Chain-of-Thought, ultimately leading to
the expanded query terms. It has been demonstrated that Chain-of-Thought prompting
significantly enhances retrieval performance. The figure is from Jagerman et al. [125].

With appropriate prompting techniques, LLLMs can proficiently augment input queries.
Recent studies show that query rewriting can be effectively accomplished through various
prompting methods, including zero-shot prompting [125, 280, 6, 85, 211, 361], few-shot
prompting [310, 125, 6, 361], and Chain-of-Thoughts (CoT) prompting [6, 125].2 For
example, Jagerman et al. [125] explores using LLMs for query expansion to enhance search
recall. As depicted in Fig. 2.32, the LLLMs are prompted to generate responses with their
internal knowledge, which serve as additional relevant search terms. The LLMs provide more
accurate and contextually appropriate expansions compared to traditional methods. They
investigate different prompting techniques, including zero-shot, few-shot, and CoT prompts,
with CoT significantly improving relevance.

To achieve superior rewriting performance tailored to specific downstream applications,
LLMs can be fine-tuned for query rewriting [238, 210]. For example, Peng et al. [238]
utilise LLMs to expand, rectify, and enhance user input queries, thereby improving the
accuracy of e-commerce product searches. To mitigate latency associated with LLMs in
rewriting, Srinivasan et al. [291] distil the query rewriting capability of the LLM into a smaller

specialised model, which exhibits faster inference and enhanced scalability in deployment.
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Generate a summary about Joe Biden.

Joe Biden (born November 20, 1942) is the 46th president of the United States.
Joe Biden (born November 20, 1942) is the 46th president of the United States.

Step 2 Joe Biden attended the University of Pennsylvania, where he earned a law

degree.

in history and political science.

Step 3 Joe Biden announced his candidacy for the 2020 presidential election on August

18, 2018.

Joe Biden announced his candidacy for the 2020 presidential election on April
25, 2019.
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Fig. 2.33 The FLARE (Forward-Looking Active REtrieval augmented generation)
pipeline [136]. The model actively calls the retriever if the candidate generation contains
low-confidence tokens. The figure is from Jiang et al. [136].

Adaptive Retrieval

An additional enhancement to the original RAG pipeline is the incorporation of adaptive
retrieval mechanisms. Retrieval processes may not always be necessary, particularly when the
internal knowledge of LLMs is adequate for addressing relatively straightforward inquiries.
The integration of retrieved content could potentially result in resource inefficiencies and the
introduction of confusion in model generation [375].

The decision regarding whether to initiate a retrieval operation can be guided by prede-
fined rules [103, 136, 212, 134, 140] or by models [12, 252, 314, 68, 127]. For example,
as shown in Fig. 2.34, FLARE (Forward-Looking Active REtrieval augmented genera-
tion) [136] employs a two-step process wherein it initially generates a candidate sentence
and subsequently invokes the retriever if certain tokens within the generated content exhibit
low confidence scores. In contrast, AdaptiveRAG [127] utilises a smaller LM to evaluate the

complexity of the input query and triggers the retriever as deemed necessary.

Introduced and discussed in Sec. 2.1.3.
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Straightforward Query: Answer
Paris is the capital of what?

<
Simple Query: ©00) > Documents
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Complex Query: Ret | Documents
What currency is in etrieva i
\_Billy Giles' birthplace? (Intermediate)
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Fig. 2.34 The pipeline of AdaptiveRAG [127]. A classifier is employed to assess the
complexity of the input query. Then the system calls the retriever or starts the generation
without retrieval. The figure is from Jeong et al. [127].

2.3.2 Vision-and-Language RAG

In this subsection, we briefly summarise some research work that leverage RAG to solve
vision-and-language tasks, with most of them further discussed in detail in Sec. 2.4.1. Notably,
many techniques described in the preceding subsection (Sec.2.3.1) are applicable to both
Text-only RAG and Vision-and-Language RAG.

In open-domain VQA, numerous studies utilise RAG to produce answers grounded
in documents retrieved from external knowledge sources. Notable examples include RA-
VQA [183], RA-VQA-v2 [188, 190], VisualDPR [208], TRiG [88], MuRAG [36], and
RAMM [365]. LLMs serve as an internal knowledge source to provide answer candidates in
works such as PICa [341] and KAT [96].

Beyond VQA, which is the primary focus of this thesis, vision-and-language RAG has
also been explored in image captioning [386, 52, 265, 285, 250, 343, 385], visual dialogue
systems [81, 177, 279], and text generation [340, 389, 82, 37, 349]. Due to the limited scope
of this thesis, these areas will not be discussed further.

2.4 Visual Question Answering

In this section, we focus on describing one of the two major tasks examined in this thesis:
Visual Question Answering (VQA).

We begin with an overview of Vision-and-Language tasks (Sec. 2.4.1) to provide a broader
context for the challenges in understanding both vision and language, before moving on to a
detailed discussion of VQA tasks. Sec. 2.4.2 introduces widely-used VQA/KB-VQA datasets,
followed by two sections that discuss recent advancements in VQA systems (Sec. 2.4.3) and
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KB-VQA systems (Sec. 2.4.4), respectively. The research challenges in developing KB-VQA

systems are analysed to contextualise the study presented in this thesis.

2.4.1 Overview of Vision and Language Tasks

With different task objectives, vision-and-language (VL) tasks can be assigned to one of

several categories:

1. Visual Question Answering (VQA): given an image, a question is posed to explore the
relationships (including spatial relation (e.g. up, below, and on) and semantic relation
(e.g. holding and wearing)) between visual elements in the image. An example question
is “Q: what is the man wearing? A: sunglasses”. In “Knowledge-based VQA” (KB-
VQA), answering a question requires external knowledge and potentially commonsense
reasoning ability. Some comonsense/other knowledge bases (e.g. ConceptNet [288]
and Wikipedia) are widely employed for retrieving relevant knowledge to help answer
questions [311, 214].

2. Visual Dialogue System: given an image, an automated agent engages a human in a
meaningful multi-turn conversation. Specifically, given an image, a dialog history, and
a follow-up question about the image sent by the human which are often tightly related
to the previous dialogue context, the system’s task is to answer the follow-up question.
A more recent and more difficult task brings in multi-modal dialogue input: images
related to the conversation change dynamically, e.g., in automated customer service
where a user sends more images as the dialogue progresses [374].

3. Vision-and-Language Navigation (VLN): Given general, verbal instructions, the
system attempts to complete the required tasks, such as moving in space and fetching
items. Relevant high-quality data in this field is relatively rare. Two of the popular
datasets are Room2Room (R2R) [9] and REVERIE [240]. The data is normally col-
lected from software simulation platforms. For example, Matterport3D was introduced
in [240] to simulate an embodied agent. The software contains 3D viewpoints dis-
tributed throughout the entire walkable floorplan of each scene of a house at an average
separation of 2.25m. Each view is comprised of 18 images captured from a single 3D
position at the approximate height of a standing person. Finally, human annotators used
the simulator software to annotate verbal instructions and corresponding simulated
walk paths, which were then used as labelled data for VLN tasks. An example of a
difficult VLN task is “move to the bedroom and tell me what is the color of the wall”,
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which requires environment sensing (find the door to the bedroom), robot control, and

question answering.

4. Captioning: Given an image or a video clip, the system generates a short text that
identifies the visual elements and describes their relationships, such as “a cat sits in
front of a TV”. A well-known dataset is Microsoft COCO [181], where each image
comes with 5 associated captions. The authors of the Visual Genome dataset leveraged
manually-designed rules to generate a huge amount of captions for each image from

dense annotations of objects and their relationships [153].

5. Storytelling: From images or videos, the system produces written stories in natural
language. Automated storytelling can be used for writing headlines, financial reports

and weather updates, screenplays, and short stories [119, 331, 195, 194].

Among these VL tasks, this thesis focuses on VQA, which was considered the most
promising direction for long-term research at the beginning of this Ph.D. program. The
reasons are:

(1) VQA establishes a foundation for Visually-grounded Language Systems by enabling
models to comprehend multi-modal information in the input. Investing in enhancing this
capability paves the way for future advancements in other VL tasks, such as Vision-and-
Language Navigation;

(2) There is a growing body of work dedicated to the creation of new VQA datasets and
the updating of existing ones;

(3) Knowledge-based question answering represents a highly promising research sub-
field. It is essential for addressing more complex queries posed by real users. These potential
queries often pertain to real-world knowledge, such as “How old is that actor?” and “Is that
first restaurant any good?”. Consequently, Vision-and-Language systems must be capable of
understanding these questions and providing answers by retrieving external knowledge when
necessary.

Currently, there is a significant demand for large multi-modal systems that can answer
multi-modal, knowledge-intensive questions.

In the following sections, we will focus on VQA and examine its recent research progress.

2.4.2 Popular Visual Question Answering Datasets

In this section, for better understanding of tasks being addressed in VQA, we compare
popular VQA/KB-VQA datasets with examples.
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Fig. 2.35 Timeline of popular VQA datasets up to the end of 2023. The figure is from Ishmam
etal. [122].

VQA datasets typically consist of data entries with the form: {image, question, answers}.
A question is associated with the visual content of an image, with the correct answers
provided by multiple human annotators. A more complete timeline of popular VQA datasets
is presented in Fig. 2.35. Here, we introduce 7 popular VQA datasets, featuring different
aspects of question answering:

VQA 2.0 [95]: a dataset containing open-ended questions about images. These questions
require image understanding, language understanding, and commonsense knowledge to
answer, e.g., “What color is the hydrant?”’(answer: red) (the associated image is shown in
Fig. 2.36), “What is being flown?”(answer: kite), and “What is the kid doing?”(answer:
skateboarding).

Original Image | red

Fig. 2.36 An example of the VQA 2.0 dataset. The associated question is “What color is the
hydrant?”.

GQA [120]:
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a dataset featuring scene-graph-based questions over real-world images. An example of
scene graphs is shown in Fig. 2.37. A potential question associated with this scene graph is
“what color is the racket the girl is holding, yellow or green?”. In this dataset, each image is
associated with a scene graph of the image’s objects, attributes and relations.

FVQA [311]: a VQA dataset which requires, and supports, much deeper reasoning.
FVQA consists of questions that require external information to answer. For each answer to
a question, a piece of supporting fact is provided, as shown in Fig. 2.38.

OK-VQA [214]: a benchmark where the image content is not sufficient to answer the
questions, encouraging use of external knowledge resources. An example of the questions
is shown in Fig. 2.39. Such questions require both image understanding and real-world
knowledge to answer.

Infoseek [44] and E-VQA [218]: recently introduced KB-VQA benchmarks. Compared
to traditional KB-VQA datasets such as F-VQA and OK-VQA, E-VQA and Infoseek present
more challenging questions that require domain-specific knowledge for accurate responses.
In contrast, F-VQA predominantly features questions that can be answered with simple, com-
monsense knowledge, and a significant proportion of OK-VQA questions do not necessitate
external knowledge for correct answers, as highlighted by Schwenk et al. [272], Chen et al.
[44], and Mensink et al. [218]. Illustrative examples are provided in Fig.2.40 and Fig.2.41.

2.4.3 Recent VQA Systems

In this section, we provide an overview of modern neural VQA systems. These systems
can be categorised into two types based on their methodology: (1) bottom-up and top-down
systems and (2) end-to-end systems.

Bottom-Up and Top-Down Systems

’

In a very influential work Anderson et al. [8] introduced the “bottom-up and top-down’
architecture. This type of system typically consists of two components: one component is
“bottom-up” and the other is “top-down”.

The "bottom-up" module extracts task-agnostic, low-level visual features using feed-
forward neural models. This module is trained independently on various vision tasks, such as
object detection and image classification. By training this module on non-VQA datasets, it is
possible to leverage richer data sources in object detection and image classification, such as
Microsoft COCO [181] and Visual Genome [153]. Unlike VQA datasets, which are typically
small in size, these image-only datasets can be produced on a larger scale due to the reduced
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Fig. 2.37 An example of a scene graph. Red, green, and blue rectangles are for objects,
attributes, and their semantic relations, respectively. The figure is from [1].

Question: What can the red object on the ground be used for ?
Answer: Firefighting
Fire hydrant can be used for fighting fires.

Fig. 2.38 An example of the FVQA dataset. The answer to the question is associated with a
supporting fact.
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Question : What country is named here?

Air Tahiti Nut

Answer: tahiti
Answer Occurence: 5/5
Category: Vehicles and Transportation

Fig. 2.39 An example question from the OK-VQA dataset. The question requires both image
understanding and real-world knowledge.

* Q: Who is the founder of * Q: What is the length of * Q: Who is the inventor of * Q: What is the country of
this sport? this bird in centimetre? this object? origin of this animal?
« A: Kano Jigordo * A:120-170 + A: James Gregory * A: Rhodesia

~
* Q: In which year did this * Q: Which year was this * Q: What is the highest * Q: Where is this plant na-
building officially open? food invented? note this item can play? tive to?
« A:1930 « A:1935 « A:C8 « A: Ecuador

Fig. 2.40 Example questions from the Infoseek dataset. The questions require domain-specific
knowledge. Q: Question; A: Answer.
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Question Type

Templated Automatic Automatic - multi-answer 2-Hop

Landmarks

Q: Who founded this monastery? Q: When was the first permanent Q: What fish can be found in this lake? Q: What amusement park is located in

settlement made at this valley? the city where this square is located?
A: Prince Constantin Brancoveanu A 1864 A: trout, lake char A Tivoli Gardens

C: Horezu monastery C: Clover valley C: Ulfljotsvatn C: Radhuspladsen, Copenhagen

ST

Natural World

Q: How old does this reptile become? Q: How many feet tall does this tree Q: Where is this bird found? Q: How many national park service maintained

grow to? sites are in the state where this plant grows?
A 40 years A T1t013 A: Colombia, Venezuela, Ecuador A24 B
C: Gila monster C: Acacia paradoxa C: Boissonneaua C: Chorizanthe rigida

Fig. 2.41 Example questions from the E-VQA dataset. The questions require domain-
specific knowledge. Q: Question; A: Answer. C: The caption of the associated ground-truth
document.

complexity of annotation. Consequently, the “bottom-up” module is trained with large-scale
task-agnostic data, enabling it to generate meaningful feature representations for images.

Recent research has employed pre-trained object detectors as the “bottom-up” module [8,
370], given that object detectors can extract objects, their attributes, and the semantic
relationships between objects, which are more useful for question answering than a single
representation of the entire image. For instance, both Bottom-up and Top-down [8] and
VinVL [370] utilises Faster-RCNN [253] as the “bottom-up” module. VinVL pre-trained the
module with four popular large public datasets, including Microsoft COCO [181] and Visual
Genome [153], achieving strong performance on object detection.

. 14 14x300 512

Question —» [Word embedding‘]| {GRU] @\

JL Top-down attention weights 512 N
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Fig. 2.42 The “top-down” module used in Anderson et al. [8].

The “top-down” module leverages the low-level features extracted by “bottom-up” mod-
ule and performs answer generation. It takes in the task-agnostic image features (typically

a list of regional features for each object detected in the image) and the question to predict
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an answer. For example, as shown in Fig. 2.42, Bottom-up and Top-down [8] uses a Gated
Recurrent Unit (GRU) to encode the question sentence into a question embedding, and the
object features are aggregated selectively with an attention mechanism that attends to the
question embedding. Then, the question embedding serves as a query to predict the score of
each answer candidate. In Fig. 2.24, VinVL [370] uses pre-trained multi-layer Transformers
called Oscar [175] to predict the answer. The input image features are extracted using a
pre-trained object detector, which is also considered as a “bottom-up” module.

In addition to extracting visual features via object detectors or visual encoders, VQA
systems can also utilise Scene Graphs for question answering [162, 231, 267, 344]. These
Scene Graphs can be generated from the input image through Scene Graph Generation (SGG).
SGG entails creating a structured representation of an image by identifying objects, their
attributes, and the relationships between them [332, 297, 296, 91]. This graph-like structure
aids in understanding the context and interactions within the image, facilitating tasks such
as VQA, object detection/segmentation, and image captioning. SGG transforms visual data
into a more interpretable format, capturing both the spatial and semantic connections among
various elements in the scene, which can provide rich information for the question-answering

component of VQA systems.

End-to-End Systems
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O R R

Transformer Encoder 4 Transformer Decoder
S S e S A (R R
m E] E] B E] [I [3 B <g> running  happily on a dirt road
P [ +
W 1{“ Y Y M A M T T T
Conv Stage Token Embedding
T T
Y - *;Qi ‘l Two| |brown| |and| white | |dogs
th-]i E]E] positional embedding
Lo
! 3t J.[ patch/text embedding

Fig. 2.43 The architecture of SImVLM [318]. This VQA system was trained end-to-end. The
model was first pre-trained on large-scale web datasets for image-text inputs, as depicted
in the figure. The input could be an image and its text description. Finally, the model is
fine-tuned on downstream tasks such as VQA.

The “top-down and bottom-up” architecture has achieved great performance in VQA, but

the system is split into two independent parts and thus joint optimisation is difficult. The
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Fig. 2.44 The answer validation module of MAVEX [326]. It operates in three stages: (1)
Answer Candidate Generation: Potential answers are proposed based on the given question
and image. (2) Knowledge Retrieval: Relevant textual and visual information is gathered
from sources like Wikipedia and Google Images, tailored to each candidate answer. (3)
Answer Validation (which is shown in this figure): The candidates are evaluated against
the retrieved multi-modal knowledge to validate the most accurate answer. The validation
module is complicated and feature-engineered.

end-to-end approach trains a system as a whole: the visual feature extraction and downstream
VQA tasks are trained with a global training objective. Some recent work has attempted to
simplify the two-step independent training of modules into one. For example, SimVLM [318]
was trained end-to-end, where the image and the associated question are directly given to
a Transformer-based encoder-decoder model, as shown in Fig. 2.43. Instead of detecting
objects and regions of interest in the image, SImVLM trained positional embeddings for each
grid region of the image through large-scale pre-training, which is similar to the approach of

Vision in Transformers (ViT) [72] on the image classification task.

LMM Models for VQA

More recently, LMMs have emerged as powerful multi-modal systems that are capable of
solving a wide range of multi-modal tasks, including VQA. As introduced in Sec. 2.1.4, an
LMM often consists of a visual encoder, a mapping network, and a language model. The
visual encoder extracts task-agnostic features, and the mapping network connects the visual
features with the language model. This architecture can also be attributed to “bottom-up and
top-down” since the visual encoders are often pre-trained on vision-centric tasks and are
frozen during LMM training.

The large-scale pre-training empowers the model’s ability to answer visually-grounded
questions, leading to superior performance on VQA tasks. Some examples of these systems
are: LLaVA, QWen-VL, InternVL, and MiniGPT-v2 (see Sec. 2.1.4 for more introduction). In
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contrast to traditional VQA systems, which are optimised solely for VQA tasks, these models
utilise vast and diverse datasets and tasks during pre-training. This approach enables them
to develop a rich and comprehensive understanding of both vision and language. Moreover,
the pre-training process imparts a high degree of generalisability to these models, allowing
them to adapt to a wide range of VQA scenarios without the need for extensive task-specific
fine-tuning. As discussed in Sec. 2.1.4, various prompting methods can enhance multi-modal

performance due to the strong zero-shot, few-shot, and reasoning capabilities of LLMs.

2.4.4 Knowledge-Aware VQA Systems

Knowledge-based VQA (KB-VQA) is a challenging VQA task. A recent trend of VQA is to
build knowledge-aware systems that leverage external knowledge for answering questions.
This is particularly important when questions require domain-specific, expert-level knowledge
to answer. Datasets such as FVQA [311], OK-VQA [214], Infoseek [44], and E-VQA [218]
provide questions that need external knowledge to answer.

Many systems have been developed to incorporate knowledge in the process of answer
generation. For example, FVQA [311]3 performs database query explicitly using the elements
extracted from both the image and the question. It retrieves sentences with supporting-facts
to answer the questions in the FVQA dataset that they created. In particular, the OK-VQA
dataset encourages use of outside knowledge for improving the system. Recent work on this
dataset mainly focus on two types of data: (1) structured data in knowledge graphs (KG) such
as ConceptNet [90]; (2) unstructured data such as passages from Wikipedia [326, 96, 36]
and Google Search [208, 188, 183]. For example, VRR [208] used a passage retriever that
retrieves relevant passages from a large text corpus that can help answering questions. The
corpus was formed by Google Search results. In addition to extracting embeddings for
questions and visual elements in the images with Transformers, KRISP [215] designed a
“symbolic knowledge module” for matching ConceptNet KG entities with language/visual
elements in the question. There are also very complicated systems such as MAVEx [326]
and BreakDownVQA [324] where multiple knowledge sources are feature-engineered and
fused for predicting an answer (Fig. 2.44).

Concurrent to the research presented in this thesis, some models demonstrated that simple
text Transformers alone can achieve good performance in Knowledge-based VQA with the
help of specialised vision models [328, 341, 306, 88, 183, 301]. For example, PICa [341]
leverages GPT-3 for few-shot prompting of VQA, inspired by Tsimpoukelli et al. [306]. An

offline Image-to-Text model is employed to generate image descriptors and the descriptions

3Here FVQA refers to the system they proposed along with the FVQA dataset
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are appended to the question: “Please answer the following question: is the TV working or
broken? a TV is on the grass.” (the underlined content is generated by the offline image-to-
text model). RA-VQA [183] (our work, introduced in Chapter 3) and TRiG [88] also leverage
visual models to generate textual descriptions for images and then produce predictions with a

Text Transformer. Plug-and-Play [301] determines several regions of interest with respect to
the input question using Grad-CAM [274] and generate separate captions for the input image.
An answer is then generated by a QA model using all captions. PromptCap [114] trains a
specialised captioning model to generate more informative captions for question answering.

In terms of retrieval, this thesis leads a line of work that aims to improve KB-VQA
performance through improving the retrieval performance on which the end-to-end perfor-
mance depends. Lin and Byrne [183] (Chapter 3) enhances retrieval models through joint
optimisation with the answer generator; Lin et al. [188] (Chapter 5) introduces multi-modal
late-interaction retrieval models to achieve performance comparable to models of more than
7B parameters; Lin et al. [190] (Chapter 6) scales up the multi-modal retrieval models to
achieve state-of-the-art retrieval performance on popular KB-VQA datasets.

LLMs have been used extensively since the release of GPT-3. Many systems incorporate
LLMs/LMMs as answer generators [328, 341, 306, 88, 183, 301], while there is another line
of work treat LLMs as implicit knowledge bases. For example, Gui et al. [96, KAT], Lin
et al. [180, REVIVE] and Shao et al. [277, Prophet] use LLM to generate answer candidates
which are then jointly considered by another question answering module.

In recent years, LMMs with billions of parameters, pre-trained on extensive datasets, have
demonstrated remarkable performance on KB-VQA tasks, even without relying on external
knowledge bases [115, 73, 38, 40]. For instance, PaALM-E [73], an extensive ensemble
model with 562 billion parameters, has attained state-of-the-art performance on the OK-VQA
benchmark.

2.5 Table Question Answering

In this section, we provide a concise overview of the recent advancements in Table Question
Answering (TableQA).

TableQA involves the task of automatically answering questions using semi-structured
tables. This task necessitates extracting relevant table content to respond to a user’s query
and generating either a list of cell values or numerical values derived from selected table
regions via aggregation functions (e.g., SUM, which adds up the values in the selected
cells), commonly referred to as denotation [237]. An illustrative example is presented in

Fig. 2.45. This example presumes the availability of the table; however, the problem becomes
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Table Example questions
= No.of [Combinea [l # JQueston [Answer |ExampleType
IR s 1 Which wrestler had the most number of reigns?  Ric Flair Cell selection
1 Lou Thesz 3 3,749 2 Average time as champion for top 2 wrestlers? ~ AVG(3749,3103)=3426 Scalar answer
2 RicFlair 8 3,103 3 How many world champions are there with onfy  COUNT(Dory Funk Jr. Ambiguous answer
one reign? Gene Kiniski)=2
3 Harley Race T 1,799
4 What is the number of reigns for Harley Race? 7 Ambiguous answer
4 Dory Funk Jr 1 1,563
Which of the following wrestlers were ranked in  {Dory Funk Jr., Dan Cell selection
5 Dan Severn 2 1,559 5 the bottom 3? Severn, Gene Kiniski}
6  Gene Kiniski 1 1,131 Qut of these, who had more than one reign? Dan Severn Cell selection

p.

Fig. 2.45 Given a table (left), several questions can be asked that might be answered by
content of some cell, or aggregation of multiple cells (right). The figure is from Herzig et al.
[106].

significantly more challenging if a valid table must first be identified from a large corpus
using a retrieval method.

We are primarily interested in two main task definitions for TableQA: (1) closed-domain
TableQA and (2) open-domain TableQA. In closed-domain TableQA, an example in the
training set is represented as a triple (¢, 7', a), where g denotes an utterance, 7' denotes the
table used to extract information to answer the utterance, and a represents the corresponding
set of denotations answering the question g. The objective is to train a model that maps a
new utterance ¢* to a model z such that, when applied to table 7, it produces the correct
denotations a*. These denotations can either be the value of one or more table cells, known
as cell selection, or an aggregated value from a subset of table cells, such as SUM or MAX
(finding the max value in the selected cells), which results in a scalar answer.

In contrast, open-domain TableQA involves training a model on a set of triples (g, T,
a) and a corpus of tables C. The goal is to develop a model that, given a new utterance ¢*
and the corpus C, returns the correct answer a by finding the tables that contain the needed

information.

2.5.1 Popular Datasets

The most popular closed-domain TableQA datasets include WikiTQ (WikiTableQuestions) [237],
WikiSQL [381], and SQA [123]. WikiTQ consists of complicated questions regarding ta-
bles. The answers and questions were annotated by crowd workers. The questions cover
complex table question answering, requiring the ability of comparisons, superlatives, value
aggregation, arthmetic operations to answer. WikiSQL contains questions, SQL (Structured
Query Language) operations, and their resulting outcome when performed on a database. The

corresponding questions were annotated by crowd workers. SQA was constructed by asking
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crowd workers to decompose some highly compositional WikiTQ questions into multiple
smaller, decomposed questions. These three datasets have been widely used to assess recent
TableQA systems.

In open-domain TableQA, the datasets can often be created from closed-domain TableQA
datasets by hiding the association between questions and their corresponding tables. For
instance, NQ-TABLES [107] extracted table-related questions from NaturalQuestions [155]
and subsequently decoupled the questions from the related tables. E2E-WTQ [235] comprises
look-up questions that require cell selection operations and is a subset of WikiTableQuestions.
The train/validation/test splits in E2E-WTQ are identical to those in WikiTableQuestions,

with questions restricted to those that do not require aggregation across multiple table cells.
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0 - 1 37
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Fig. 2.46 The TaPas model. The model uses a Transformer encoder to simultaneously predict
the aggregation function using the token representations of ‘{CLS]’ and predict the relevant
cells with the remaining token representations. Then the selected aggregation function (such
as SUM) is applied to the selected table cell values.

2.5.2 Understanding Structured Tables with Transformers

To harness the capabilities of powerful Transformers, particularly those pre-training tech-
niques and models within the domain of natural language processing, researchers have
investigated multiple approaches to transform structured tables into text-like sequences.
These methods aim to ensure that text Transformers can process the data effectively while

maintaining an awareness of the inherent table structure.
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take its related table @ take an NL question and its answer

Fig. 2.47 The fine-tuning process of the TaPEx model. It was first pre-trained on large-scale
synthetic SQL data and then fine-tuned on downstream TableQA tasks (shown in the figure).
The model leverages an encoder-decoder Transformer to directly generate the answer. The
table is linearised/flattened into text sequences with rows and columns separated by special
tokens and colons.

Marisela Moreno Montero 24 Panama City

flatten

For instance, TaPas (as shown in Fig. 2.46) utilises only the text within cells, but tracks the
position of each token in the table and learns position, cell, and row embeddings to combine
with the token embeddings. Specifically, they add trainable embedding layers to incorporate
position embeddings, segment embeddings, column embeddings, row embeddings, and rank
embeddings, which provide structural information such as the row and column indices of all
table cells.

Building on top of TaPas, TableFormer [339] achieves more robust performance against
column and row order perturbations by implementing several modifications, including (1)
removing row and column embeddings that may introduce spurious order biases; (2) using
per-cell positional embeddings; and (3) adding additional structure-aware attention biases to
self-attention operations to make the model aware of cells in the same rows and columns.

TaBERT [353] selects the top-K rows with the highest n-gram overlap with the question
and then performs per-row encoding on the selected rows. These row representations are
subsequently passed to a vertical self-attention layer to extract column representations.
The vertical self-attention mechanism ensures that the resulting column representations are
more informative and relevant to the input question, effectively capturing the context and
relationships within the table.

An alternative research direction favours more straightforward methodologies. TaPEx, as
shown in Fig. 2.47, linearises tables into text sequences using a straightforward yet effective
strategy: rows are separated by the special token {[ROW] row_index’ and cells within a row
are separated by ‘I’. They demonstrate that TaPEx possesses the capability to comprehend
table structures, even in the absence of specialised designs tailored for these structures [200].

In table retrieval, akin to approaches in closed-domain TableQA, recent work has designed
models to parse complex tabular structures [107, 309], or by simply linearising tables with

interleaving tokens to preserve their structure [236, 316].
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2.5.3 Popular TableQA Models

In closed-domain TableQA, recent methodologies transform structural tables into text se-
quences, enabling the direct processing of structured data by Text Transformers. Earlier
models generated commands in logical forms, such as SQL queries, executable over ta-
bles [357, 179, 333, 359]. In contrast, recent state-of-the-art models predict answers directly
from the input question and table through either classification [106, 339] or autoregressive
generation [200, 135]. The most representative models for classification and autoregres-
sive generation are TaPas [106] and TaPEx [200], respectively. TaPas (Fig.2.46) employs
a Transformer encoder to simultaneously predict the aggregation function using the token
representations (or hidden states at the model output) of ‘[CLS] (the first token of the
Transformer encoder, as depicted in Fig. 2.46) and identify the relevant cells with the repre-
sentations of the remaining tokens. To determine the relevant cells, the token representations
within each cell are averaged and subsequently processed through a linear layer to obtain
each cell’s relevance to the query. Following this, an empirical threshold value is applied to
select a subset of cells deemed relevant. The selected aggregation function (e.g., SUM) is
then applied to the chosen table cell values. TaPEx (Fig.2.47), representing another line of
research, predicts answers directly using an encoder-decoder Transformer.

Existing research on open-domain TableQA is relatively sparse compared to closed-
domain TableQA. The most effective systems are based on a retriever-reader pipeline [107,
236]. For instance, Herzig et al. [107] utilise TaPas to initialise both a retriever and the
reader similar to the bi-encoder retriever models in DPR (Sec. 2.2.1). T-RAG [236] employs
DPR to retrieve rows/columns by decomposing the table and generates the answer through
a sequence-to-sequence reader [166, BART], applying the RAG [167]* loss to refine the
retriever with implicit signals during end-to-end fine-tuning. Unlike DTR and T-RAG,
CLTR [235] identifies the answer cell by intersecting the top-scored rows and columns.
The score for each row/column is computed by a Transformer encoder, which takes the
concatenation of the question and the row/column as input and outputs a score representing
the probability of containing the answer. This approach has an obvious limitation in that
it can not handle questions that require multiple cells to answer. In Chapter 8, we provide
an in-depth analysis of the performance of these systems, presenting a novel system and

conducting a comparative evaluation with these existing ones.

4Here RAG is the name of the proposed approach, introduced in Sec. 2.3.1 and Fig. 2.29.
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2.6 Summary

In this chapter, we delved into recent advancements closely linked to Retrieval-Augmented
Multi-Modal Systems.

In Sec.2.1, we outline the recent progress made in the development of Large Language
Models and Large Multi-modal Models, which serve as the bedrock for the research presented
in this thesis.

Following this, we pivot to present recent breakthroughs in Information Retrieval (Sec.2.2)
and Retrieval Augmented Generation (Sec. 2.3). This encompasses advancements ranging
from the text-only setting to the multi-modal setting, which have inspired the development of
the retrieval-augmented multi-modal systems in this thesis.

Subsequently, we introduced the two core tasks addressed herein: Visual Question
Answering (Sec.2.4) and Table Question Answering (Sec.2.5).

In the next chapter, we will introduce the Retrieval Augmented Visual Question An-
swering (RA-VQA) framework, which utilises techniques from Large Language Models,
Information Retrieval, and Retrieval Augmented Generation.






Chapter 3

Retrieval Augmented Visual Question

Answering Framework

3.1 Introduction

As introduced in the last chapter, Visual Question Answering (VQA) is a challenging
problem that lies at the intersection of Computer Vision, Natural Language Processing, and
Information Retrieval. VQA is particularly challenging when the answer to the question
is not directly available in the image. In Knowledge-based VQA (KB-VQA), the VQA
system must access external knowledge sources to find a correct and complete answer. The
Ouside-Knowledge VQA task (OK-VQA) [214] consists of questions that requires general
knowledge and simple inference to answer (Fig. 3.1). Such questions are even hard for
humans. Unlike other KB-VQA datasets (e.g. FVQA [311], introduced in Sec. 2.4.2) which
provide an associated knowledge base, OK-VQA encourages using any outside knowledge in
answering questions. This chapter focuses on this challenging task, and we propose a novel
framework, Retrieval Augmented Visual Question Answering (RA-VQA), that achieves
excellent results on the OK-VQA dataset. We further verify its generalisability on FVQA.

The RA-VQA framework forms the foundation for the work presented in subsequent
chapters. Specifically, the studies discussed in Chapters 4 through 6 and in Chapter 8 are all
based on this framework.

The need to adapt and refresh knowledge sources motivates the study of KB-VQA systems
that can extract knowledge from both structured (e.g. ConceptNet [288]) and unstructured
knowledge representations (e.g. Wikipedia passages). Recent designs [208, 88] approach
VQA in two distinct steps: (1) Knowledge Retrieval extracts relevant documents from a

large knowledge base; (2) Answer Generation produces an answer from these documents.
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Question : Which sesame
street character would eat
this?

Answer: cookie monster

Fig. 3.1 OK-VQA contains questions whose answer cannot be found within the image.

Knowledge Retrieval can be done via Dense Passage Retrieval (DPR) [143], which consists of
a question encoder and a document encoder (both Transformer-based) that encode questions
and documents into separate dense representations. The DPR system is trained to assign
higher query-specific scores to documents intended to be helpful in answering questions, so
that document sets can be retrieved and passed to Answer Generation for each given query.

Knowledge Retrieval based on DPR is powerful but has some readily observed limitations,
particularly in model training. Firstly, whether a retrieved document is useful in answering a
question cannot be easily determined, even if an answer is provided. Prior work [242, 208]
has addressed this problem using “Pseudo Relevance Labels”. Pseudo Relevance Labels
mark a document as relevant if it contains any target answers of the question. However, these
are only a weak signal of potential document relevance and may encourage DPR to retrieve
misleading documents. Secondly, the document retriever and answer generator are trained
separately. To ensure that the answer generator sees relevant documents in training, systems
can retrieve large numbers of documents (~50+) [88, 96], but at the cost of slower training
and more GPU (Graphics Processing Unit) usage, and also possibly presenting misleading
material to the answer generator.

Joint training of the retriever and answer generator offers a solution to these problems.
The aim is twofold: (1) to improve the retrieval of documents truly relevant to providing a
given answer; and (2) to reject documents with pseudo relevance but not true actual relevance.

RAG [167] (Sec. 2.3.1', Fig. 2.29) has shown that end-to-end joint training of a DPR-
based QA system can outperform baseline two-step systems. A notable feature of RAG is a
loss function that incorporates marginalised likelihoods over retrieved documents such that
the training score of a document is increased whenever it improves prediction.

However, in preliminary OK-VQA experiments we found that RAG did not perform well.
Our investigations found that a good portion of OK-VQA training questions are answerable

in ‘closed-book’ form (i.e. using pre-trained models such as TS5 [248]) with information

ITo avoid confusion with Retrieval Augmented Generation, in Chapter 3 to Chapter 8, the term Retrieval
Augmented Generation is consistently used without abbreviation.
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extracted only from the image, with the unintended consequence that the RAG loss function
awards credit to documents that did not actually contribute to answering a question. We
also found that difficult questions that are unanswerable with the knowledge available to
retrieval were more prevalent in OK-VQA than in the Open-domain QA datasets (e.g. Natural
Questions [156]) on which RAG was developed. In both of these scenarios, the RAG loss
function leads to counter-intuitive adjustments to the document scores used in training the
retrieval model, leading to decreased VQA performance.

Motivated by these findings, we propose a novel neural-retrieval-in-the-loop framework
for joint training of the retriever and the answer generator. We formulate a loss function
that avoids sending misleading signals to the retrieval model in the presence of irrelevant
documents. This formalism combines both pseudo relevance labels and model predictions to
refine document scores in training. We find significantly better performance on OK-VQA
compared to RAG. In this chapter:

* We present a novel joint training framework Retrieval Augmented Visual Question
Answering (RA-VQA) for Knowledge Retrieval and Answer Generation that improves
over RAG and two-step baseline systems based on DPR [143].

* We investigate visual features transformed into ‘language space’ and assess their
contribution to OK-VQA performance.

* We study the role of document retrieval in KB-VQA and evaluate its interaction with
retrieval-augmented generation. We also show that retrieval becomes more efficient in
joint training, requiring retrieval of relatively few (~ 5) documents in training.

* We implement the framework on the FVQA dataset and report excellent performance,

which demonstrates the generalisability of our proposed framework to other tasks.

The code, data, and pre-trained model weights have been released at: https://github.com/

LinWeizheDragon/Retrieval- Augmented- Visual-Question- Answering/tree/legacy_vl1.

3.2 Related Work

This section provides an overview of the related work up to April, 2022, the time of this

study.

3.2.1 Open-domain QA systems

Open-domain QA systems are designed to answer questions from conventional QA datasets
such as Natural Questions [156]. The knowledge needed to answer questions can be in


https://github.com/LinWeizheDragon/Retrieval-Augmented-Visual-Question-Answering/tree/legacy_v1
https://github.com/LinWeizheDragon/Retrieval-Augmented-Visual-Question-Answering/tree/legacy_v1
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pre-trained models [254], knowledge-graphs (KGs) [178, 86, 209, 259] or document collec-
tions [30, 124,99, 161, 167]. In retrieval-based systems, as detailed in Sec. 2.3.1, the retriever
and the question-answering component can be jointly optimised. This joint training approach
can be integrated with extractive question answering, as demonstrated by REALM [99] and
ORQA [161], as well as with generative answer generation, as exemplified by RAG [167]
(Fig. 2.29). RAG is similar to our work in that it also employs generative answer generation
and trains both the answer generator and the retriever simultaneously, albeit with a distinct
loss function. We replicate RAG as a baseline for comparison with our work.

3.2.2 VQA Systems

Modelling vision and language is central to VQA. Models can aggregate visual and textual
features via cross-modality fusion [362, 286, 363, 133, 97]. Systems can also be pre-trained
on large vision-and-language collections [130] and then fine-tuned for VQA tasks [294, 45,
87, 175, 318, 370, 173] with VQA datasets such as VQA 2.0 [11] (introduced in Sec. 2.4.2).

As discussed in Sec. 2.4.4, KB-VQA systems require access to data beyond vision and
language. They can access both structured data, such as ConceptNet and other Knowledge
Graphs (KGs) [227, 90, 168, 326, 215], as well as unstructured data such as Wikipedia
passages [326, 88, 96]. Up to the time of this study, a variety of multi-modal approaches
have been explored to access external knowledge, such as ConceptBERT [90], KRISP [215],
MAVEX [326], and VRR [208] (discussed in Sec. 2.4.2). Our work adopts a similar retriever-
reader pipeline with a focus on the joint training of the retriever and reader/generator. The
proposed framework is capable of managing both unstructured passage collections and
knowledge-graph data that is transformed into flattened texts (Sec. 3.4.5).

Prior work has established that images can be transformed into text so that large pre-
trained language-based Transformers (e.g. BERT, GPT-2, and T3, as discussed in Sec. 2.1.3)
can be applied to VQA tasks [208, 341]. Systems can be based on straightforward image
caption that is generated by image captioning models. In contrast, in our work, we have
found improvements by introducing additional visually-grounded textual features, such as
object tags detected in the images (Sec. 3.4.5).

We also note unpublished contemporaneous work on OK-VQA, such as TRiG [88],
PICa [341], and KAT [96], and we have discussed them in Sec. 2.4.4.
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3.3 Method

In this section, We present our RA-VQA framework that consists of: (1) Vision-to-Language
Transformation (Sec. 3.3.1); (2) Weakly-supervised Dense Passage Retrieval (Sec. 3.3.2); (3)

Joint Training of Retrieval and Answer Generation (Sec. 3.3.3).

° o .
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Fig. 3.2 Model overview. (1) Using object detection/image captioning/Optical Character
Recognition to transform visual signals into language space. (2) Dense Passage Retrieval
retrieves documents that are expected to be helpful from the knowledge database; (3) Training
the retriever pg and the answer generator py together using our proposed RA-VQA loss. (4)
The answer with highest joint probability pg(zi|x)pg (vilx,z) is selected.

In RA-VQA, each image is represented by visual objects and their attributes, image
captions, and any text strings detected within the image. We use an object detection model
VinVL [370] that was pre-trained on large object detection datasets to extract visual elements
and their attributes (e.g. color and material).

Formally, for an image I we use VinVL to extract a set of visual objects {0;}, along with
a set of text attributes for each visual object {q; j}. Visual objects and their attributes are
extracted by VinVL at confidence thresholds 0.8 and 0.6, respectively.

Image captioning is performed to extract relationships and interactions among visual
elements such as “a woman holding a knife cuts a cake”. The pre-trained captioning model
Oscar+ [370] is applied to process visual features extracted from the VinVL model to generate
a caption for the image. To answer questions related to text strings in images (e.g. “which
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language is the book written in?”), Google OCR (Optical Character Recognition) APIs” are
used to extract text strings from each image.

Hence, a VQA training set {(/,q,-%) }, where . is a set of answers to a question g about
I, can be transformed into a text-only training set .7 = {(x,.’)} that we use for RA-VQA.
The string x contains all the text features extracted from the image (the question, the textual
attributes for each identified visual object, the generated caption, and any OCR’d text), with
special tokens marking the start and end of each type of feature (Fig. 3.2).

3.3.2 Weakly-supervised Dense Passage Retrieval

Dense Passage Retrieval in RA-VQA consists of a query encoder .%, and a document encoder
Z4, both as Transformer-like encoders. The aim is to retrieve K documents from an external
knowledge database 2 = {zi}é\':d | (e.g. Wikipedia passages) that are expected to be useful for
answering a question. DPR encodes questions and documents separately into dense feature
vectors .7, (x) € R" and .Z,(z) € R". A scoring function is used to retrieve documents for

each question as the inner product between the representations of x and z
r(x,z) = fJ(x)fd(z). 3.1

RA-VQA training aims to maximise r(x,z) when document z is relevant to answering the
question. As discussed in Sec. 3.1, the relevance between g and z cannot be easily obtained
and “pseudo relevance labels” serve as a proxy. We use a pseudo relevance function H(z,.7)
which is 1 if z contains an answer in . (by string match), and 0 otherwise.

For each question-answer pair (x,.#) one positive document z*(x) is extracted for
training. In-batch negative sampling is used: all documents in a training batch other than
7" (x) are considered to be negative for (x,.#) [143]. Denoting the negative documents as
N (x,.#) and the score of the positive document as 7" (x) leads to the DPR loss -#ppr :

exp (7* (x))
— lo — — ) (3.2)
W Fep )+ Y, e ()

N (x,.5)

3.3.3 Joint Training of Document Retrieval and Answer Generation

Given a full query string x extracted from the image-question pair (7,q), DPR returns the K

highest scoring documents {z; }X_,. The score assigned by the document retriever pg(-|x) to

Zhttps://cloud.google.com/vision/docs/ocr
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a retrieved document is N
exp(r(x,zx))

Yo exp(Flx,z;))

Open-ended answer generation for each retrieved document z; is performed with a

po(zklx) = (3.3)

generative model, such as TS (Sec. 2.1.3), with parameters ¢:

Vi = argmax py (y|x,z)- (3.4)
y
For each document z; retrieved for a training item (x,.7), we select the most popular
human response s; from .#” such that s}, is contained in z; in the case that z; does not contain
any answer, the most popular answer s* € .7 is selected s; = s*. We identify two subsets of
the retrieved documents {zk}szl based on pseudo relevance labels and model predictions:

P, ) ={k:yp =i NH(zt,,.) = 1};

(3.5)
P~ (x,.7) =Lk yp # sp NH(z, ) = 0}.

2T are indices of pseudo relevant documents that also help the model generate popular
answers whereas &7~ identifies documents not expected to benefit answer generation.
Joint training of retrieval and answer generation is achieved by optimising a loss function

Zra-voa that reflects both model predictions and pseudo relevance:

— ), (X logpy(silvz)

(x7)eT k=1 3.6)
+ Y logpe(zilx) — Y log po(zlx) ).
ke 2+ (x,.) ke 2~ (x,)

The first term in the loss improves answer generation from queries and retrieved doc-
uments, taken together. The remaining terms affect document retrieval: the second term
encourages retrieval of documents that are not only pseudo relevant but also lead to produc-
tion of correct answers, while the third term works to remove irrelevant items from the top
ranked retrieved documents.

Customized
Generation Targets

Retriever |

—- Answer
| Generator |
Model Predictions ) '

Pseudo Relevance Labels

Fig. 3.3 Information flow between the retriever and the answer generator.
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The information flow is demonstrated in Fig. 3.3. Retrieval and generation complement
each other in training: pseudo relevance labels and model predictions provide positive and
negative signals to improve retrieval, and the improved retrieval leads to improved answer
generation by training towards s;, a customised generation target for each retrieved document

Zk-

3.3.4 RA-VQA Generation

Given an image query (/,q), a full query x is created (Sec. 3.3.1) and answer generation

searches for the answer with the highest joint probability:

{a}ie) = argmax® pg(2)x),
) (3.7)
yzZ= argmax pg (Ylx,26) o (klx)-
The joint probability comprises both the generation confidence py (y|x,zx) and the re-
trieval confidence pg(zx|x). Consequently, the retrieval confidence significantly influences
answer generation, in contrast to certain prior works, such as Luo et al. [208], where the

retrieval confidence is not factored into the selection of candidate answers.

3.3.5 Pre-Computed FAISS Document Indices

Since repeated computation of embeddings for all documents is costly, we follow Lewis et al.
[167] who find that it is enough to train only the question encoder .%, and leave document
encoder .%,; fixed. As shown in Fig. 3.2, document embeddings are pre-extracted with a
pre-trained DPR document encoder. The FAISS system [138] is used to index all document
embeddings which enables fast nearest neighbour search with sub-linear time complexity. In
training, question embeddings are generated dynamically and documents with highest scores
are retrieved using the pre-computed index.

3.4 Experiments

3.4.1 Datasets and RA-VQA Configurations

OK-VQA [214] was the largest knowledge-based VQA dataset at the time of this study. It

consists of 14,031 images and 14,055 questions. These questions are split into a training set
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(9,009 questions) and a test set (5046 questions). In addition to understanding images and
questions, external knowledge sources are needed to answer questions.

As outside knowledge we use the knowledge corpus collected by Luo et al. [208] from
Google Search. We use the corpus GS-full which consists of 168,306 documents covering
training and test questions. In contrast, GS-train contains documents relevant to OK-VQA
training set questions only. Unless otherwise specified, we use GS-full in experiments.

Pre-training: We start with pre-trained versions of BERT-base and T5-large (introduced
in Sec. 2.1.3) as the document retriever and the answer generator, respectively. The retriever
was refined by training it on GS-full under the DPR loss (Equation 3.2) with pseudo
relevance labels released by Luo et al. [208]. The already strong retriever serves as a good
starting point for all DPR-based models presented in this paper (including RA-VQA and our
replication of baselines in the literature).

OK-VQA Fine-tuning: Our RA-VQA framework trains the answer generator and the
retriever jointly under Equation 3.6.

We also report on variants of RA-VQA, to investigate the contribution of various model
components to overall performance:

RA-VQA-NoDPR omits retrieval entirely so that answers are generated by the fine-tuned
TS5 alone. RA-VQA generation in Equation 8.6 simplifies to

YNoDPR = arginaxp¢ (yx), (3.8)
where py is the answer generator (the T5 model, specifically).

RA-VQA-FrDPR leaves the retriever frozen after pre-training and fine-tunes the generator
only.
RA-VQA-NoPR is a version of RA-VQA in which document retrieval is trained only with
model predictions. The loss function is as Equation 3.6, but with positive and negative
document sets defined as

Popr(%, ) = {k:yi = st}

Prnopr(X: L) =k yi # 5}

RA-VQA-NoCT replaces the customised generation targets by the single most popular

(3.9)

response (s; becomes s* in Equation 3.6) so that the generator is trained to produce the same

answer from every retrieved document.
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3.4.2 Evaluation

The general principles for choosing metrics to assess retrieval-augmented systems are dis-
cussed in Section 1.3. The following metrics are applied to assess the quality of individual
answers generated and documents retrieved.

Average scores are then computed over the evaluation set. The average of 3 runs with

different seeds is reported.>

Answer Evaluation

VQA Score: We follow Marino et al. [214] to compute VQA Scores using pre-processed

human annotations .%:

#5’3@),1), (3.10)

VQAScore(y,.#) = min (

where # o (y) is the number of annotators who answered y. This score ensures that a model
is partially rewarded even if it generates one of the less popular answers from amongst the
human responses, but the benefits of popularity is capped at 3.

Exact Match (EM) treats annotated answers equally: EM(y,.’) = min(#+(y),1) .

Retrieval Evaluation

Following Luo et al. [208], we use pseudo relevance to ascertain whether the retrieved
documents are relevant to the response. It concerns pseudo relevance instead of actual
relevance but is still a reasonable metric for retrieval evaluation.

Pseudo Relevance Recall (PRRecall) @K measures how likely the retrieved K docu-

ments contains at least one positive document:
K
PRRecall@K = min (Y H(z,-),1). (3.11)
k=1

Integrated System Evaluation

The above methods evaluate retrieval and answer generation as separate processes. We
propose additional metrics that assess how the two processes behave in an integrated VQA
system. To the best of our knowledge, these metrics have not yet been adopted in another
paper in this field.

3See Sec. 2.1.2 for the discussion of random seeds.
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The Hit Success Ratio (HSR) counts questions that require external knowledge to

answer:
HSR:I[{S/\G y/\ji\NonRﬁéy}. (3.12)

HSR reflects the value of incorporating external documents into answer generation.
By contrast, Free Success Rate (FSR) counts questions that can be answered without
external knowledge.
FSR=1{y€ . Nnoprr € -7} (3.13)

A high FSR suggests a model can generate correct answers ‘freely’” without being distracted
by retrieved documents if they are not needed.

We also assess performance as a function of the number of documents retrieved during
training and testing, K¢rain and Kyest. In practice, Kiqin has the greater effect on GPU usage,
since a large Ki,in requires at least Ki,i, forward passes for each question and an Adam-like
optimizer must compute and store the associated gradients [149]. In contrast, GPU memory
required during testing is significantly less, as there is no optimizer involved. We are in
particular interested in the ability of knowledge-augmented systems that can be robustly

trained with small K, while yielding improved performance with large Kieg;.

3.4.3 Training Details and Artifacts

The explanation for optmizers, schedulers, and relevant concepts can be found in Sec. 2.1.2.

We use Adam optimizer [149] to train our models. In pre-training the DPR component
(Sec. 2.2.1), the retriever was trained for 6 epochs with a constant learning rate 107>. In
training the entire framework, the learning rates are 10~ for the retriever, and 6 x 10> for the
answer generator, linearly decaying to O after 10 epochs. In the training of RA-VQA-NoDPR
and TRiG* (introduced in Sec. 3.4.4), the initial learning rate is 6 x 10~>. Empirically, the
checkpoints at epoch 6 were used in testing. All experiments were run on Nvidia A-100
GPU clusters. With Kiain = 5, the RA-VQA training takes around 5 hours (10 epochs) while
testing takes 5 minutes. The time cost increases as Ki,in increases, approximately linearly.

Pre-trained model parameters (e.g. TS5-large and BERT-base) are provided by hugging-
face [322] accompanied by Python libraries (under Apache License 2.0). FAISS [138] is
under MIT License.
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3.4.4 Baseline Systems
Retrieval Augmented Generation

RAG [167] is based on DPR and an answer generator that are trained jointly by approxi-
mately* marginalising the probability of y over the retrieved documents. In the notation of
Sec. 3.3:

>

prac(y[x) Z (ylx,2zk) peo(zxlx). (3.14)

The answer generator and the retriever are jointly trained by optimizing the RAG loss:
— Y (r,7)e7 108 (PraG(s*|x)). The rationale is that pg(zi|x) will increase if z has a positive
impact on answer generation [167]. We consider RAG as an important baseline and have

carefully replicated its published implementation.’

Comparisons to Systems in the Literature

We compare against the published OK-VQA results from systems described in Sec. 3.2: Con-
ceptBERT, KRISP, MAVEX, and VRR. We also report performance against unpublished
(non peer-reviewed at the time of this study) systems TRiG, PICa, and KAT. TRiG uses a
similar image-to-text transform as this work, so to enable fair comparison with our model we
replicate their knowledge fusing method with our features. The results of these systems are
reported in Table 3.1; the results marked * are our own. TRiG*, our own implementation of
TRiG, concatenates K encoder outputs for the decoder to use in generation.

We make some particular observations. Our TRiG* improves over the results released
in its paper (VQA Score of 48.32 vs 45.51) at Kizain = Kiest = 5; TRiG and TRiG Ensemble
both benefit from more retrieved documents in training and testing (Kiain = Kiest = 100),
although at great computational cost. Best performance with KAT-T5 and VRR similarly
requires large document collections in training and in test.

We include results from GPT-3 based systems because they are amongst the best in the
literature, but we note that GPT-3 is so much bigger than TS5 (175 billion parameters in
GPT-3 v.s. 770 million in T5-large) that simply switching a system implementation from TS
to GPT-3 can give significant improvements: KAT-T5 achieved a 44.25 VQA Score while
ensembling it with GPT-3 yields 54.41; and GPT-3 alone already achieved good performance
with prompting (PICa with 48.00 VQA Score). Our RA-VQA system is based on T3, but we

“because we sum over the top-K documents instead of all, assuming the probabilities of the rest are small
and irrelevant.

The authors released RAG in huggingface [322]: https://github.com/huggingface/transformers/tree/master/
examples/research_projects/rag


https://github.com/huggingface/transformers/tree/master/examples/research_projects/rag
https://github.com/huggingface/transformers/tree/master/examples/research_projects/rag

3.4 Experiments 79

Model TS5 GPT-3 Kiyain Kieest Knowl. Src. PRRecall HSR/FSR  H/F EM  VQA
ConceptBERT X X - - C 33.66
KRISP X X - - C+W 38.35
VRR X X 100 100  GS 45.08
MAVEx X X - - W+ C+GI 39.40
KAT-T5 v X 40 40 w 44.25
TRiG v X 5 5 w 4921 45.51
TRiG v X 100 100 W 53.59 49.35
TRiG-Ensemble v X 100 100 W 5473  50.50
TRiG* v X 5 5 GS 52.79 48.32
RAG* v X 5 5 GS 82.34 12.28/40.24 031 5252 48.22
RA-VQA (Ours) v X 5 5 GS 82.84 16.75/4197 040 58.72 53.81
RA-VQA (Ours) v X 5 50 GS 96.55 17.32/42.09 041 5941 54.48
Ablation Study

RA-VQA-FrDPR v X 5 5 GS 81.25 15.01/40.76 0.37 5577 5122
RA-VQA-NoPR v X 5 5 GS 77.67 1597/41.83 0.38 57.80 5298
RA-VQA-NoCT v X 5 5 GS 83.77 145574296 0.33 57.51 52.67
RA-VQA-FrDPR-NoCT Vv X 5 5 GS 81.25 13.18/41.82 031 5499 50.66
GPT-3-based Systems (>175 Billion Parameters)

PICa X v - - GPT-3 48.00
KAT-Knowledge-T5 v v 40 40 W + GPT-3 51.97
KAT-Ensemble v v 40 40 W + GPT-3 54.41

Table 3.1 RA-VQA vs. systems in the literature. Ablation study is also incorporated.
Knowledge Sources: ConceptNet; Wikipedia; Google Search; Google Images; GPT-3
closed book knowledge. H/F: HSR to FSR ratio. PRRecall, HSR, FSR, and EM are reported
in percentage (%). PRRecall is reported at the corresponding Kieg:.

still find competitive results even in comparison to systems incorporating GPT-3 (54.48 vs
54.41 of KAT-Ensemble).

3.4.5 RA-VQA Performance Analysis

We find that RA-VQA matches or improves over all baseline systems with a VQA Score
of 54.48. This is with a configuration of K4, = 5 and Kiegt = 50, thus validating our claim
that RA-VQA can use a large number of retrieved documents in testing (50) while using
relatively few retrieved documents in training (5). We find that reducing the number of
retrieved documents in test (Kist = 5) reduces the VQA Score, but still yields performance
better than all baselines except the KAT ensemble.

We also find that RA-VQA performs well relative to GPT-3 baselines. RA-VQA yields
a higher VQA score than KAT-Knowledge-T5 (54.48 vs. 51.97) and matches the KAT-
Ensemble system. We emphasise that RA-VQA is significantly smaller in terms of parameters
(and in model pre-training data) than these GPT-3 based systems and that training RA-VQA

requires much less memory (Kiyain = 5 VS Kirain = 40).
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Contributions of Query Features and DPR to Overall Performance

Model Q O A C T VQA Score
RA-VQA-NoDPR v x x x X 28.05
RA-VQA-NoDPR v v x Xx X 40.95
RA-VQA-NoDPR v Vv Vv x X 42.14
RA-VQA-NoDPR v v Vv Vv X 45.31
RA-VQA-NoDPR v Vv Vv Vv V 46.16
RA-VQA-FFDPR Vv v Vv v V 51.22
RA-VQA v v v v v 53.81

Table 3.2 Ablation study on input features and system configurations: Questions; Objects;
Attributes associated with objects; Captions; visible Text from OCR. K =5 in RA-VQA and
RA-VQA-FrDPR.

A detailed ablation study on input features is presented in Table 3.2. As shown, the T5
model fine-tuned on OK-VQA achieves a 28.05 VQA Score. The VQA Score increases
to 46.16 as objects, object attributes, image captions, and OCR texts are incorporated into
RA-VQA-NoDPR. With 5 retrieved documents, RA-VQA-FrDPR yields a 51.22 VQA Score,
with a further improvement (53.81 VQA Score) in full training of retrieval and answer
generation, confirming that outside knowledge is needed to answer OK-VQA questions.

From the feature ablation study we found that our RA-VQA-NoDPR achieved ~28 VQA
Score relying on only questions. This is due to the fact that ~ 75% of answers to training
questions appear in the answers to test questions. We conduct a sanity check to ensure that
this score is from random guesses and the dataset is not overwhelmingly easy.

As shown in Table 3.3, for each distinct question, the model learned to generate the same
answer without access to the associated images. These random guesses can match to the
answers of some test questions by chance, leading to a good VQA Score. By inspection we
report that most of the successful cases are random guesses, and these questions are still not
directly answerable without reading the associated images.

Benefits of Integrated Training

Joint training is a key benefit of our proposed RA-VQA framework: model predictions
combine with pseudo relevance labels to improve retrieval, and the resulting improved
retrieval in turn provides customised answer generation targets. To quantify these effects,
we take RA-VQA-FrDPR as a starting point (Table 3.1). Comparing it with other RA-VQA
models suggests that DPR training in itself is necessary, as using only pre-trained DPR
(RA-VQA-FrDPR) leads to weaker VQA Score (51.22). Using model predictions alone
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Question Prediction
What type of bird is this? hawk
What time of day is it? afternoon
What breed of dog is this? lab
What kind of dog is this? chihuaha
What kind of bird is this? hawk
What sport is this? horse race
What breed of horse is that? clydesdale
What century is this? 19th
What kind of birds are these? pigeon
What food does this animal eat? cat food
What city is this? new york
What is the weather like? rainy
What do these animals eat? grass
What activity is this? skateboard
How long do these animals live? 20 years
What type of train is this? passenger
What is this used for? travel
What is this room used for? sleep
What kind of bird is that? hawk
What kind of cat is this? domestic
What food does the animal eat? cat food
What type of dog is this? chihuaha
What food do these animals eat? cat food
What place is this? switzerland
What breed of cat is this? calico
What season is this? winter

Table 3.3 Example of random guesses with only question input. Random guess achieved a
good VQA Score by matching to the answers by chance. But the OK-VQA questions are
still not directly answerable without access to the associated images.

in joint DPR training (RA-VQA-NoPR) leads to a higher VQA Score (52.98 vs 51.22),
but a significantly lower PRRecall (77.67% vs 81.25%). The model decides to remove
some pseudo relevant documents but achieves better performance. This points to a potential
problem that can arise. Pseudo relevance is only an imperfect indication of true relevance
and so is not an ideal criteria on its own. Training DPR to retrieve pseudo relevant documents
could result in misleading documents being used in answer generation.

Using both pseudo relevance labels and model predictions in DPR training (RA-VQA)
improves VQA Score to 53.81 and notably improves PRRecall to 82.84%. Including pseudo
relevance ensures that potentially useful documents are retained, even while the generator is

still learning to use them.
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As noted, RA-VQA improves retrieval with the feedback of model predictions, and in
turn the improved retrieval leads to improved answer generation by training towards sy, a
customised generation target for each retrieved document z;. We remove this interaction
from RA-VQA models by enforcing s; = s* (the most popular human response), independent
of the retrieved z;. The ablated models are denoted with a *-NoCT suffix.

As shown in Table 3.1, customizing generation targets for each retrieved z in training
yields performance boost for both RA-VQA-FrDPR and RA-VQA, showing that this su-
pervision signal is beneficial to overall system performance. When generation targets are
not customised for each retrieved document (RA-VQA-NoCT), VQA Score drops by 1.14
relative to RA-VQA, showing that customised generation targets play an important role in
the overall system: by training the model to extract the reliable answers available in retrieved
documents, answer generation and retrieval are both improved.

We also notice that the improvement brought by customised targets is larger for RA-
VQA (+1.14 VQA Score) compared to RA-VQA-FrDPR (+0.56 VQA Score), showing
that customizing the generation target brings more benefits when the retrieval is improved
within our proposed RA-VQA joint training framework. This further confirms that the two

components, retrieval and answer generation, complement each other.

Interaction of Retrieval and Generation

Table 3.1 also reports our investigation into the interaction between document retrieval and
answer generation. In comparing RA-VQA-FrDPR (frozen DPR) to RA-VQA, we see
that joint training of DPR yields not only improved EM but also significantly higher HSR
(+1.74%) and FSR (+1.21%). Manual inspection of OK-VQA reveals that there are many
general knowledge questions. For example, document retrieval is not needed to answer the
question “Is this television working?” in reference to a picture of a broken television lying
in a field. A high FSR indicates good performance on such questions. By contrast, a high
HSR reflects the ability to use document retrieval to answer the questions that truly require
external documents.

Both EM and HSR are further improved for Kiest = 50 in RA-VQA, with little change in
FSR. The increased HSR to FSR ratio (0.41 vs. 0.40) indicates that RA-VQA is using these
additional retrieved documents to answer the questions that need outside knowledge.

HSR and FSR also explain the relatively weak performance of RAG*. We see that
although RAG* and RA-VQA-FrDPR have similar FSRs, RAG* has higher PRRecall but
lower HSR (by -2.73%). This suggests RAG*’s DPR model is not well matched to its answer
generator. The result is that retrieved documents remain unexploited. In manual examination

of gradients of document scores in training, we find anecdotally that adjustments to document
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scores are often counter-intuitive: documents that do not contain answers can still have their
scores upvoted if the answer generator happens to find a correct answer by relying only on
the ability of T5 model. This works against a model’s ability to find answers in retrieved

documents even when those documents are relevant.

Effects of Kirain
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Fig. 3.4 VQA Scores against Ki,in. Dashed line: Kiest = Kirain; solid line: Kiege = 50. Our
proposed model achieves the best performance when additional documents are retrieved in
test (Kiest = 50). This holds even for models trained to retrieve fewer documents.

As noted, retrieving a large collection of documents in training is costly (large Kiain)-
Fig. 3.4 shows that RA-VQA can be trained with relatively few retrieved documents (Kiy,in =
5). We gradually increase Ky, While fixing Kiest = Kirain (dash lines) and Kies¢ = 50 (solid
lines). RA-VQA achieves consistent performance (~54.4 VQA Score) at Kiest = 50, which
suggests that our joint training scheme is able to gather most useful knowledge into a top-50
list even when the model is trained to retrieve fewer documents. This is not the case for the
frozen DPR systems which require increasing Kii, to obtain best performance. RA-VQA’s
superior performance shows that joint training of retrieval and generation yields clear benefits

in computation and answer quality.

Further Evaluating the Retrieval Performance of RA-VQA

In addition to Pseudo Relevance Recall (PRRecall) introduced above, we further evaluate

retrieval performance with Pseudo Relevance Precision (PRPrec) @K, which is calculated
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as the rate of pseudo positive documents in all the K documents retrieved for a question:
1 K
PRPrec@K = — ) H(z,.” 3.15
X 1;1 (z,-7) (3.15)

where H(-) is the pseudo relevance function introduced in Sec. 3.3.2.

Models K=5 K=10 K=20 K=50 Kiest =5

P R P R P R P R EM  VQA Score
VRR [208] - 80.40 - 88.55 - 93.22 - 97.11 - 42.54
RA-VQA-FrDPR 51.82 81.25 49.20 8851 4598 9298 4124 96.75 55.77 51.22
RA-VQA 57.39 82.84 5483 89.00 51.48 93.62 4636 96.47 58.72 53.81

Table 3.4 Comparing retrieval performance of VRR and our RA-VQA models. The same
knowledge corpus (GS-full) was used. P: Pseudo Relevance Precision; R: Pseudo Rele-
vance Recall; EM: Exact Match. P under K = 5 refers to PRPrec@5. VRR was trained on
Kirain = 100, while RA-VQASs were trained on Kiyi, = 5.

The success of our RA-VQA model can be further explained by Table 3.4. As expected,
RA-VQA-FrDPR (pre-trained DPR) achieves similar retrieval performance as VRR [208]
since they are both based on DPR and are trained with the same pseudo-relevance-based
labels. Our proposed RA-VQA, with a substantial improvement in Recall over RA-VQA-
FrDPR (82.84 PRRecall@5 vs 81.25 PRRecall @5), achieves significantly higher Precision
(57.39 PRPrec@5 vs 51.82 PRPrec@5). This also yields substantial improvements to both
EM (+3.05%) and VQA Score (+2.59%). This suggests that training the retriever jointly
presents more potentially relevant documents to answer generation, improving the quality of

the top-ranked documents.

Effects of Retrieving More Documents in Test

Fig. 3.5 presents the change of VQA Score and PRRecall as additional documents are
retrieved in test (increasing Kieg;).

PRRecall is improved dramatically as Kiey increases from 5 to 50, after which only
marginal improvement is observed. Similarly, the VQA Score of these models is improved
as more documents are presented in test, and the performance peaks at K¢ ~ 50. This
suggests that including more additional documents in test is more likely to include the truly
relevant document to help answer the question yet along with more distracting and misleading
documents.

RA-VQA-NoPR, which uses only model predictions in training to adjust document scores

without pseudo relevance labels, yields a significantly lower PRRecall curve (orange curve



54 -

wv
w

VQA Score

w
ity

50 1

3.4 Experiments 85

521

M?—* 09751
53.5 0.950 -
53.0 09251
)
3) 0.900 1
5 0.875 A
1.6 )
1.2 Z 0.850 -
—— RA-VQA-FrDPR (baseline) 0.825 1 —%— RA-VQA-FrDPR (baseline)
RA-VQA-NoPR (ablation) 0.800 4 RA-VQA-NoPR (ablation)
—— RA-VQA —— RA-VQA
0.775 -
5 10 20 50 80 100 5 10 20 50 80 100
Ktest Ktest
(a) VQA Score vs Kiegt (b) Recall vs Kiegt

Fig. 3.5 Comparison of model performance as more documents are retrieved in testing. These
models are all trained with K., = 5. In RA-VQA full joint training (green), combining
model predictions with pseudo relevance labels yields higher PRRecall at low Kieg;, showing
that full joint training improves retrieval; RA-VQA-NoPR (orange), which uses only model
predictions in training, achieves a higher VQA Score with lower Pseudo Relevance Recall
compared to the RA-VQA-FrDPR with frozen DPR in training (blue), which suggests that
Pseudo Relevance is only an approximate measurement of actual relevance.

in Fig. 3.5b) than RA-VQA-FrDPR (blue curve) across all Kgs, but achieves much higher
VQA performance (Fig. 3.5a). This further confirms that Pseudo Relevance Labels are a
weak signal and a high PRRecall does not necessarily guarantee to gather truly relevant

knowledge in retrieval.

Example System Outputs

To answer the question of how our proposed framework improves retrieval and answer
generation, we qualitatively evaluate the outputs of our framework. Since the document
being used to provide the final answer is explicit in our framework, we are able to compare
the retrieval results and the generated answer by examining the system’s outputs. We present
some example system outputs in Fig. 3.6 to compare RA-VQA-FrDPR and our proposed
RA-VQA framework. Insights and conclusions are provided through the red and green boxes
in Fig. 3.6.
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How many teeth does this animal
use to have?

What is the active ingredient in
this?

‘What position does the man with
the bat play?

/ RAVQA-Frozen \

lan adult dog should have 42 teeth in total: that's 20 on top of their jaw and 22 on the bottom. }—) Pred: 42 x

lcats have 30 teeth and dogs have 42. }—»{W\

we humans have 32 pearly whites. horses have 44 chompers, dolphins can have as many as
250 teeth and, it's hard to believe, but snails can have more than 20,000 tiny, very sharp teeth Pred: 32

— located on their tongues /
4 RAVQA (ours) \
lcats have 26 deciduous teeth and 30 permanent teeth. }—) Pred: 26 J

lthis is true. as dogs grow older, they will have 42 permanent teeth while cats will have 30. Pred: 30

cats have 26 deciduous teeth consisting of: 12 incisors; 4 canines; 10 premolars. permanent _)_
> > Pred: 26
teeth begin to erupt from the age of 11-12 weeks.

/

‘Retrieval was improved by RA-VQA, which leads to sucessful answering with given knowledge. ‘

;" RAVQA-Frozen \

li credit this “secret ingredient” for being the greatest offender in this recipe. HPrcd: toothpaste

lingrediems on the list that end in “ose”—fructose, maltose, sucrose...... Pred: toothpaste|

natural cheese is made from only four ingredients: milk, salt, starter culture (good bacteria) Pred: toothpaste x
\and rennet (an enzyme) - -

Questions about "ingredient" are common in food domain, and misleading material may be
presented by Pseudo Relevance Labels to Answer Generator, leading to failed answering.

/RAVQA (ours) \

active ingredient sodium fluoride 0.21% (0.12% w/v fluoride ion) purpose anticavity
toothpaste use helps protect teeth and roots against cavities warnings keep out of reach of ~ —»Pred: fluoride J
children under 6 years of age.

ingredients. active ingredient - purpose. sodium fluoride (0. 24%) - anticavity toothpaste. IOk e
inactive ingredients: sorbitol, water, hydrated silica, peg-32, sodium lauryl sulfate, ...... -

fluoride-containing compounds in the form of sodium monofluorophosphate, sodium Pred: toothpaste /

fluoride and stannous fluoride are used as anticaries agents in toothpastes.

‘ RA-VQA sucessfully retrieved more relevant documents. ‘

s D

RAVQA-Frozen

catcher is a position for a baseball or softball player. when a batter takes their turn to hit, the
catcher crouches behind home plate, in front of the (home) umpire, and receives the ball —» Pred: Catcher x
from the pitcher.....

{ )
/

RAVQA (ours)

catcher is a position for a baseball or softball player. when a batter takes their turn to hit, the
catcher crouches behind home plate, in front of the (home) umpire, and receives the ball —» Pred: Batter J
from the pitcher......

\[ )

‘ Even with the same retrieved document, RA-VQA learned to retrieve correct answers. ‘

Notations
Prgdlctlon {currcct / wrong)
with the given knowledge

Pred: answer Selected as final prediction

Fig. 3.6 Example system outputs comparing RA-VQA-FrDPR (baseline) and our RA-VQA
that benefits from joint training of retrieval and answer generation.
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Generalizing RA-VQA to Other Datasets

We are also interested in whether this approach is also generalisable to other similar VQA
tasks that may benefit from improved passage retrieval.

We implement our framework on another knowledge-based VQA task, Fact-based VQA
(FVQA) (introduced in Sec. 2.4.2). This dataset contains commonsense factoid VQA
questions, such as “Question: which object in the image can cut you? Answer: the knife”. In
contrast to OK-VQA where no knowledge base is provided, FVQA grounds each question-
answer pair with a fact (a triplet from several ‘common sense’ knowledge bases, including
ConceptNet [288], Webchild [295], and DBpedia [13]). A triplet contains a head node, a
relation, and a tail node (e.g. [Car] /r/HasA [4 wheels]). To cope with passage retrieval,
these knowledge triplets are flattened into surface texts (e.g. “[car] has [4 wheels]”) such that
DPR can be directly applied to retrieve them. We replace pseudo relevance with ground-truth
relevance since relevant triplets for answering questions are given.

The metrics used for assessing performance are Accuracy and Recall, with their stan-
dard deviations of 5 splits. Accuracy counts the portion of questions that are successfully
answered, while Recall@K measures how likely the retrieved K knowledge triplets contain
the answer node. Since FVQA was designed for answer selection instead of open-ended
answer generation, prior works used accuracy as “whether the answer node is successfully
selected from all KG nodes”. To enable fair evaluation with our open-ended framework, in
calculating accuracy, a question is considered successfully answered if the answer node is the
closest node to the generated answer string (shortest in Levenshtein distance). For example,
the generated answer ‘knives’ is still a valid answer since the answer node ‘[knife]’ can be
matched with a shortest Levenshtein distance.

The significance of performance is guaranteed by reporting the average of 5 splits (as
in the official FVQA evaluation). In total we trained 5 DPR models and 5 x 3 models
(RA-VQA, RA-VQA-FrDPR, and RA-VQA-NoDPR) with the same hyperparameters. Each
split has approximately half questions for training and the remaining for testing.

We compare with three systems in prior work:

(1) FVQA [311]: the baseline system provided in the official FVQA dataset paper.

(2) GCN [226]: amodel that leverages graph convolutional networks (GCNss) to aggregate
features from visual/language/fact modalities.

(3) Mucko [390]: the state-of-the-art system (up to the time of this study) that uses GCNs
to combine visual, fact, and semantic graphs.

As shown in Table 3.5, RA-VQA-NoDPR achieves an already strong result (67.93%
accuracy) compared to early work in FVQA, showing that the extracted vision-to-language

features are useful and text-based Transformers are able to learn to answer commonsense
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Model Accuracy (Std.) Recall@5 (Std.)
Mucko (Zhu et al. [390]) 73.06 ( —) -
RA-VQA (ours) 69.88 (0.13) 68.77 (0.87)
GCN (Narasimhan et al. [226]) 69.35( —-) -
RA-VQA-FrDPR (ours) 68.81 (0.59) 64.54 (0.80)
RA-VQA-NoDPR (ours) 67.93 (0.82) -
FVQA (Wang et al. [311]) 58.76 (0.92) -

Table 3.5 Model performance on the FVQA dataset (sorted by accuracy). Our proposed
systems are in bold.

VQA questions well without accessing the provided knowledge graph (ConceptNet). The
incorporation of DPR boosts the performance to 68.81% with 64.54% Recall @5, showing
that retrieval works as expected and the retrieved knowledge triplets are exploited in answer
generation. The joint training scheme improves the retrieval (64.54% to 68.77% Recall@5)
as well as the overall performance (68.81% to 69.88% Accuracy). This demonstrates that
our proposed joint training framework is generalisable to other KB-VQA tasks, though the
passages used in retrieval are simply flattened surface texts of KG triplets.

In comparing with other systems in the FVQA benchmark, our best system ranks second
without an explicit design for leveraging KG structures. This shows the power of open-ended
answer generation with text-based Transformers. But we emphasise that better performance
could be achieved through designing a more specialised retrieval component for the structured
knowledge base used in this task.

To summarise, our system shows great generalisability in an external KB-VQA task that
was constructed very differently. Therefore, the proposed framework can serve as a strong

basis for future improvements.

3.5 Limitations and Future Work

One possible limitation is that some relevant information (such as relative positioning of
objects in the image) could be lost in transforming images independently of the information
being sought. Extracting visual features based on queries could be a natural next step,
although query-specific processing of the image collection would be computationally ex-
pensive. We investigate models capable of handling both visual and textual input in later
chapters (Chapter 5 and 6).

We selected the Google Search corpus [208] as the knowledge base for our question
answering system. Its advantages are that it is large, openly available, and can be readily
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used to replicate the results. However some visual question types (e.g. ‘Is the athlete right
or left handed?’) could plausibly require both complex reasoning and more closely relevant
documents from additional knowledge sources (such as Wikipedia). We will experiment with
other knowledge sources in Chapter 5.

3.6 Summary

In this chapter, we introduced Retrieval Augmented Visual Question Answering as a novel
modelling framework for integrated training of DPR and answer generation. We have
evaluated RA-VQA on the OK-VQA task and we find significantly better performance
than the independent training of component system. Through diagnostic metrics such as
HSR and FSR we analysed the interaction between retrieval and generation, and have
also shown how RA-VQA’s gains arise relative to other approaches, such as RAG. As
a further practical benefit, we found that RA-VQA can be used with larger numbers of
retrieved documents than were used in system training, yielding computational savings
without sacrificing performance. We further evaluated the system qualitatively by examining
the system outputs. The proposed framework was tested on another KB-VQA dataset,
FVQA, and showed excellent performance. Therefore, we can conclude that RA-VQA is a
generalisable and powerful framework for Knowledge-based VQA with outside knowledge.

Additionally, the work discussed in this chapter addresses research questions RQ1, RQ2,
and RQ3, details of which will be elaborated in the final chapter of the thesis (Sec. 9.1).

In the next chapter, we will look into the limitations of current KB-VQA datasets, and
propose a new dataset, Fact-based Visual Question Answering 2.0 (FVQA 2.0) to address
them.






Chapter 4

Introducing Adversarial Samples into
Fact-based Visual Question Answering

4.1 Introduction

In the preceding chapter, we introduced the RA-VQA framework, which achieved very
strong performance on the Fact-based Visual Question Answering (FVQA) [311] task. This
chapter examines the limitations inherent in this task, thereby identifying the challenges and
exploring potential solutions to these issues.

FVQA is a KB-VQA task in which visually-grounded questions and answers about
images are grounded by knowledge-graph (KG) triplets taken from several ‘common sense’
knowledge bases, such as ConceptNet [288], Webchild [295], and DBpedia [13]. An example
is that “Question: Which thing in the image can be used for scooping food? Answer: spoon”
is associated with the KG triplet “spoon - UsedFor - scooping food”. These questions are
challenging in that retrieving information from external KGs is necessary.

The original FVQA dataset [311] has several readily observed limitations. First, the
dataset is small (5486 samples) and the annotations are limited to a single answer per question,
ignoring other correct answers. This limitation arises from the FVQA creation process in
which annotators were first asked to select a KG triplet on which they would ask a question
about an image. This approach prevented the annotators from labeling other valid KG triplets.
Secondly, the dataset is highly imbalanced. Some triplets and answers are frequently used,
but other KG triplets and answers are severely underrepresented in training. For example,
there are 1,129 possible answers in total, but over 90% of questions focus on only a half of
them; 792 (70%) of answers appear less than 3 times; only 4,216 out of ~220k triplets are
used.
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These limitations lead to a potential problem: KB-VQA systems trained on this dataset
overfit on these frequently used triplets and perform poorly on other valid triplets or other
images. Also, extensive overlap between training and test can lead to an unrealistically high
question answering baseline performance. We noted that a question with a triplet unseen in
training is often answered with ‘person’, since it is the most frequent answer in the original
data distribution.

To overcome these limitations, we introduce an enlarged test set that contains two types
of adversarial samples (as shown in Fig. 4.1): (1) FixQ: the question remains the same, but is

Q: which object
in this image is a
kind of sport
equipment? A:
snowboard

1] is a subclass of [[

| obtain templates from original questions | | obtain alternative KG triplets |

| Q: which object - . e

iS this ima eJis a s W ! Q: which object in this

kind of sg ort : image is a kind of land

. b transportation device?

equipment? A: .
surfboard A: snowboard
1] is a subclass of [[ N i 11 is a subclass of [[land transportation device]]
K[[I'HCI\CI]] is a subclass of [[ 1 K ... is a subclass of [[device powered by kinetic energy]]
| Construct FixQ questions | | Construct FixA questions |

Fig. 4.1 The workflow of constructing adversarial samples (FixQ and FixA questions) from
the original test set questions.

associated with a different image and a different correct answer. This ensures that a system
is less able to achieve high performance if it is biased by language patterns in questions; (2)
FixA: the answer remains the same, but the question is asked in a different way. This favours
systems that do more than make straightforward associations between questions and answers
based on the training data. In contrast to the original test set, this new set further challenges
KB-VQA system to retrieve knowledge from KBs and answer questions without being biased
towards frequent answers in the original dataset. We show that models trained on the original
FVQA training sets are significantly less robust on these adversarial test samples.

Given that it is hard to guarantee a good triplet coverage during annotation, we explore an

augmentation scheme to address this problem without costly human annotation of large-scale
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adversarial training samples. Our scheme generates slightly noisy adversarial samples that
improve the coverage of valid KG triplets to enhance model training.

In this chapter, our contributions are:

(1) We introduce FVQA 2.0, which adds an adversarial test set that challenges KB-VQA
system robustness to adversarial variants of questions.

(2) We demonstrate the performance gap between the original test set and the adversarial
test set, showing that considering adversarial samples is important for better realistic KB-
VQA performance.

(3) To further demonstrate the importance of adversarial samples, we leverage a semi-
automated augmentation scheme to improve system robustness on the adversarial test through
the creation of large-scale noisy adversarial examples.

The data have been released at:

https://github.com/LinWeizheDragon/Retrieval- Augmented- Visual-Question- Answering/
tree/legacy_v1.

4.2 Related Work

This section provides an overview of the related work up to October 2022, the time of this
study.

As discussed in Sec. 2.4.2, KB-VQA questions can focus on facts and concepts, as in
FVQA [311] and OK-VQA [214]. Such questions challenge the information retrieval ability
of systems. KB-VQA questions can also require commonsense reasoning, as in parts of
OK-VQA and A-OKVQA [273]. In particular, S3VQA [126] is an augmented version of
OK-VQA, improving both the quantity and quality of some question types. A-OKVQA has
shifted its core task to ‘reasoning questions’. Only 18% of questions in A-OKVQA require
answers from an external knowledge base.

VQA 2.0 [95] collects ‘complementary images’ such that each question is associated
with a pair of images that result in different answers. Jain et al. [126] derive new S3VQA
questions from manually defined question templates. They annotated spans of objects that
could be replaced, and then substituted them with a complicated substitute-and-search system.
In contrast to their labour-intensive annotation work, our adversarial samples are collected
through a semi-automatic approach that fully leverages the structural information in KGs to
significantly reduce the human work required.

More broadly, in Knowledge-Graph Question Answering (KG-QA), work has exploited
KG to generate synthetic data in unseen domains [192, 305, 193]. Our work extends visually-

grounded questions with valid common sense KG triplets.
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4.3 Method

4.3.1 Extracting Question Templates

We extract question templates that can be used to reconstruct new questions using other valid
KG triplets. We apply a rule-based system to replace KG entities that appear in the questions.
For example, ‘what is used for storing liquid in this image?’ is transformed to ‘what is used
for <t> in this image?’ given that the associated KG triplet is “bottle (<h>) - /r/UsedFor
(<r>) - store liquid (<t>)”.

For each template, we construct new question-answer pairs by exploring the node structure
of the KG. For example, “bottle - /r/UsedFor - hold water” is also a valid triplet from
ConceptNet, whose head and relation are the same as the original triplet. A new question “Q:

what is used for holding water in this image? A: bottle” can now be constructed.

4.3.2 Template Filtering

We focus on questions about object concepts that are transferable to other images, ignoring
a small portion (<10%) of FVQA questions to which the answers are based on particular
scenes (e.g. ‘what can you often find in the place shown in this picture?’).

Human annotators are employed to filter out non-transferable templates, such as questions
that contain specific object positioning (‘what is the object in the lower right of this image
used for?’). This process takes around 1 hour with two annotators to obtain 440 valid
templates after removing highly similar templates.

4.3.3 Matching Suitable Images

We use 619 of FVQA images' that are also present in the Visual Genome dataset [153].
Using the object annotations of the VG dataset to determine if an image contains the object
being asked, we employ a rule-based system to assign a suitable image to each generated
adversarial sample.

When assigning suitable images to question templates, it is important to ensure the
diversity of images being used. This is achieved by regulating the number of assignments per
image through a straightforward approach, ensuring the distribution is approximately equal
across all images: in this process, for each new question-answer pair requiring an image,
all images containing the object mentioned in the question are ranked by their current total

number of assignments. The image that meets the criteria and has the fewest assignments

'FVQA images are from Microsoft COCO [181] and ILSVRC [258].
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is selected as the associated image for the new sample. By implementing this simple yet
effective strategy, we found that the assigned images exhibit good diversity.

We limit the number of FixQ and FixA questions generated by each template to 5, which
guarantees a reasonable dataset size. 3,805 questions are generated.

4.3.4 Manual Verification

We conduct manual verification to rule out samples that are incorrectly generated. Two
annotators (volunteers in the research group) worked independently to rule out incorrectly
generated examples. An example was accepted only if the two annotators achieved consensus.
The annotators attempted to fix grammar errors that caused severe misunderstanding, while
mild errors were kept (for example, ‘is used for carry people’ does not prevent models/people
from understanding the question, and thus the annotators are not required to fix them).

In particular, questions that might contain information of individuals/private information
were dropped, though they are very rare cases.

When a question can be answered with multiple instances in an image, all possible
answers are included. During annotation, incorrect answers were dropped from the list. In
evaluation, answering any correct answer is considered successful. There are around 11%
multiple-answer questions at the end of the verification process.

As aresult, 432 counter-intuitive KG triplets are removed in this step. Finally, we obtain
2,820 adversarial samples, offering 1,671 new valid triplets from the KG. Around 75%
samples are verified as correct, showing that the rule-based generation works well. The
remainder are discarded.

The official FVQA evaluation performs 5-fold validation: each split preserves around half
its samples for testing. As a naming convention, under each split, the templates extracted from
the original training samples are called ‘train templates’ while the rest are ‘test templates’.
Since the train templates may contain language patterns that could be learned in training, we
ensure that only questions derived from test templates are used in the adversarial testing. As
a result, we have 1,376 adversarial test samples per split on average, with 1,129 FixQ and 246
FixA questions. The origins of these adversarial test samples are referred to as ‘Originating

Questions’. There are 435 such questions per split on average.

4.3.5 Augmentation with Adversarial Data

We explore an augmentation scheme to augment the training data with slightly noisy but
auto-generated adversarial samples, which avoids heavy annotation work. In each split,

only the train templates (defined in the above paragraph) are used to generate adversarial
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samples for training such that no information of test samples is leaked to training. This
avoids biasing the training to the test sets, which would make the test sets less indicative of
true system performance. We obtain an augmentation set with 2,262 questions per split on
average semi-automatically, which would otherwise cost hundreds of hours to build from
scratch. In training, the original question-answer pairs of these generated adversarial samples

are randomly replaced by their adversarial variants.

44 FVQA?2.0

4.4.1 Dataset Statistics

Dataset Name Set Name #Samples  std
Standard Train Set 2,927 69

FVQA Standard Test Set 2,899 69
Originating Questions Set 435 52

Adversarial Test Set 1,376 193

FvQA 20 - FixA Questions 1,129 157
- FixQ Questions 246 38

Augmentation data 2,262 267

Table 4.1 Dataset statistics of the FVQA and FVQA 2.0 dataset. Standard Train Set/Test Set
refer to the original FVQA dataset. #Samples: average number of samples across 5 folds;
std: the standard deviation over 5 folds.

The numbers of samples in each set are provided in Table 4.1. The official FVQA dataset
creates 5 folds by splitting the images being used. Half of these images are used in training
while the other half are reserved for testing. In all our new sets, under each split, questions for
training are not leaked to testing. The ‘Originating Question Set’ is a subset of Standard Test
Set by its definition (Sec. 4.3.4). The Adversarial Test Set is formed by FixA questions and
FixQ questions; it is created by generating adversarial question variants from the questions
in the ‘Originating Question Set’” following the procedure described in Sec. 4.3. It covers
relationships such as /r/RelatedTo, /t/IsA, /t/PartOf, /r/HasA, /r/UsedFor, /r/CapableOf,
/t/AtLocation, /r/Desires, /r/MadeOf. The augmentation data consists of adversarial variants

that are derived from the questions in the Standard Train Set.

4.4.2 Examples of FVQA 2.0

We demonstrate some examples from the new Adversarial Test Set in Fig. 4.2.
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’ Originating Question Set Adversarial Test Set (FixA)

~

Question: which object in this Question: which object in this
image can hold liquid?
Triplet: [[A glass]] can [[hold
liquid]]

Answer: glass

image can break easily?
Triplet: [[glass]] can [[break
easily]]

Answer: glass

%

Question: which object in thb
image is used for travel around

%

Question: which object in this
image is used for carry person?
Triplet: [[A bus]] is used to

[[carry people]]
Answer: bus

town?
Triplet: You can use [[a bus]]
to [[travel around town]]

Answer: bus /

Question: which object in this Question: which object in this

image is hollow? image is hollow?
Triplet: [[a bowl]] is
[[hollow]]

Answer: bowl

Triplet: [[Tennis balls]] are
[[hollow]]
Answer: tennis ball

J J

Question: which object in this Question: which object in this
image has a frame?
Triplet: [[bicycle]] has
[[frame]]

Answer: bicycle

image has a frame?

Triplet: [[A frame]] is part of
[[a bed]]

Answer: bed

- AN J

Fig. 4.2 Examples taken from the FVQA 2.0 adversarial test set. The questions in the left
column are from the official FVQA test set. They are used to derive the adversarial questions
in the right column. FixA: the answer remains the same while the way of asking for the
answer is different; FixQ: the question remains the same, but the answer changes in a different
image. More details are presented in Sec. 4.1.

4.5 Experiments

4.5.1 Systems for Comparison

We include the performance of several FVQA systems for comparison®: FVQA [311], the
baseline system provided in the official FVQA dataset paper; GCN [226], a model that lever-
ages graph convolutional networks (GCNs) to aggregate features from visual/language/fact
modalities; Mucko [390], the state-of-the-art system as of date that uses GCNs to combine
visual, fact, and semantic graphs.

2Since many FVQA systems are not open-sourced, we additionally include systems specialised for OK-VQA
from Chapter 3.
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We test our augmentation scheme on several systems that have code available: RA-VQA-
NoDPR and RA-VQA-DPR [183], T5 [248]-based models that transform images into texts
(e.g. objects, attributes, and image captions) and the DPR version additionally uses Dense
Passage Retrieval [143] to retrieve documents from knowledge bases® (from Chapter 3);
TRIG [88], a model that is similar to RA-VQA-DPR but differing in embedding fusion;
ZS-F-VQA [47], an FVQA system that obtains the final prediction by fusing the individual
predictions in answer/fact/relation graphs.

4.5.2 Metrics

We report accuracy and standard deviation over the 5 splits (Sec. 4.4.1). In calculating
accuracy for open-ended generation systems (RA-VQA/TRiG), a question is considered
successfully answered if the generated answer string is an exact match to the ground-truth
answer node. We obtain the ground-truth answer node by computing the Levenshtein distance
bewteen the ground-truth answer string and the name of each KG node in the dataset. The
KG node that has shortest distance with the answer string is selected as the ground-truth

answer node.

4.5.3 Training Details

ZS-F-VQA: The experiments were performed on 1 x Nvidia RTX 3090. We used the code
from the official repository*. The original paper dropped questions that have rare answers.
For fair comparison with other models, we added these rare answers back and performed
training and testing. We chose to report the performance of the system which uses ‘SAN’ as
the base model (details are in the paper and the repository), since this setting has achieved
the best performance. The hyperparameters for training are kept the same as the original
paper. In testing, we selected k, = 10;k, = 1;score = 10 by grid search (search range:
0 <k, <20;0 <k, <20;0 < score < 20), with the objective of maximising the average
accuracy over the 5 splits.

RA-VQA-NoDPR/RA-VQA-DPR/TRIG: All experiments were performed on 1 x
Nvidia A-100 GPU. We chose Adam [149] as the optimizer. When the model has a DPR
component, we trained the DPR component for 4 epochs with a constant learning rate 1075,
In training the answer generator, the learning rate linearly decays from 6 x 10~ to 0 after 10
epochs, as did in training the RA-VQA system in Chapter 3. For each split, the checkpoints
at global step 2k (around 3.5 epochs) were used in testing. We retrieve 5 best documents

3In our experiments, the knowledge base consists of surface texts of triplets (e.g. “[car] has [4 wheels]”).
“https://github.com/China-UK-ZSL/ZS-F-VQA
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when predicting the answer (Kiain = 5), since this number was reported to best balance the
computation and performance in Chapter 3.

We obtained the pre-trained model parameters (T5-large and BERT-base) from hug-
gingface [322]. These systems are implemented with huggingface Python libraries
(under Apache License 2.0). The FAISS [138] system is under MIT License.

4.5.4 Performance and Discussion

Test on: Standard Test Set Originating Question Set Adversarial Test Set
Trained on: Original ~ Augmented  Original® . Augmented# Original* . Augmented .
(improv. over ™) (improv. over *)
ZS-F-VQA 48.16 +103  48.57 100  63.67 z088 64.63 r081 +0.96 49.97 1237 74.06 1192 +24.09
TRiG 64.94 1093 65.73 033 81.67 112 83.48 x139 +1.81 68.86 +326  79.79 +134 +10.93

RA-VQA-NoDPR  66.19 z11s 66.70 x1.00  84.59 x124  85.75 x090 +1.16  71.48 x208  82.38 +1.65 +10.90
RA-VQA-DPR 69.56 078 69.90 056  87.52 x168 88.33 £140 +0.81  76.91 1193 85.05 +1.15 +8.14

Table 4.2 Model performance on the standard test set, originating questions (from which
the adversarial questions are derived), and adversarial test set. Results are reported as the
average of 5 folds with standard deviations. The performance of three models that do not
have code available: 58.76 (FVQA), 69.35 (GCN), and 73.06 (Mucko, state-of-the-art as of
date) on the original Standard Test Set.

Table 4.2 shows that the systems used for evaluating the new adversarial set are sufficiently
strong (e.g. 69.56% accuracy by RA-VQA-DPR) in comparison with the three models that
do not have code available, which achieve 58.76% (FVQA), 69.35% (GCN), and 73.06%
(Mucko, state-of-the-art as of date) respectively. RA-VQA-NoDPR achieves 84.59% accuracy
on the originating questions but obtains only 71.48% accuracy on the adversarial samples
derived from them. Such performance gaps are readily observed on all systems. Systems
trained on the original training sets fail to perform equally well on the two sets, showing
that the original FVQA training data does not contain adversarial variants and the resulting
systems are vulnerable to them.

By incorporating adversarial variants in training, all systems achieve much better perfor-
mance on the challenging adversarial set, e.g. RA-VQA-NoDPR is improved from 71.48%
to 82.38% (+10.9%). The performance on the standard and adversarial test sets now match
well, with the gap reduced from more than 10% to ~3%, showing that the augmentation
scheme significantly improves systems’ reliability and robustness. The relative improvement
is slightly less (+8.1%) for RA-VQA-DPR, which is expected given that it is a retrieval-based
system designed to answer both seen and unseen questions with its strong retrieval ability.
ZS-F-VQA benefits greatly from augmentation: its adversarial performance is improved
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Fig. 4.3 Performance on FixQ and FixA questions.

by 24.09%. This is because its model size is much smaller and it can easily be biased by
language patterns, images, and frequent answers seen in training.

The benefits derived from data augmentation are less pronounced on the Originating
Question Set compared to the Adversarial Test Set (comparing the green numbers in Ta-
ble 4.2). This suggests that merely increasing the amount of training data is not the sole
factor driving significant improvements on adversarial test samples; rather, the inclusion of
adversarial training samples plays a critical role in achieving these substantial gains.

In summary, systems trained on the original training sets are vulnerable to adversarial
variants of the test questions. We show that through generating adversarial samples for data

augmentation, systems become much more robust to these variants.

4.5.5 Analysis of Model Vulnerability

As shown in Fig. 4.3, RA-VQA systems trained with original training sets perform better on
FixA questions (~88%) than on FixQ questions (~69%). This suggests that systems perform
worse when asked the same questions on different images. This is potentially because the
language patterns seen in training bias the models to frequent choices, lowering the FixQ
generalizability. In contrast, systems are less distracted by different ways of asking for the
same answer, potentially due to the strong language modelling capability of TS used by them.
The augmentation scheme improves systems on both types of questions significantly (by
~10% on each), showing the value of adversarial samples in training.

Fig. 4.4 plots the RA-VQA-DPR performance on the adversarial test set questions that are
grouped by their answer occurrences in the original FVQA dataset. The answer distribution
of the original dataset affects adversarial performance greatly: systems perform much worse
on questions whose answers appear less frequently in FVQA. In contrast, the performance

deterioration that arises from answer rarity is mitigated significantly after augmentation. The
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Fig. 4.4 RA-VQA-DPR accuracy on adversarial questions and answer occurrences in the
standard/augmented training sets. They are grouped by the number of answer occurrences
in the original FVQA dataset (binning by answer frequency). For example, a question is
counted towards the ‘0-10" group if its answer appears less than 10 times in the original
dataset.

augmentation scheme (red v.s. green curve in Fig. 4.4) compensates for the imbalanced
answer distribution by providing more question variants so that systems are trained on both

popular and rare answers.

4.5.6 Ablation Study

We include some additional ablation experiments in Table 4.3. It can be easily seen that the
performance on originating questions (the original FVQA questions that are used to derive
the adversarial samples) is very high even when images are excluded. This further supports
our argument that the original dataset is heavily biased to frequent answers. The performance
on the adversarial set is lower, showing that this new test set is more challenging and less

biased toward language patterns.

4.6 Summary

In this chapter, we show that the FVQA test sets are not sufficiently indicative of true
system performance through providing FVQA 2.0, a new human-verified adversarial test
set that contains adversarial variants of the original test set questions. We show the value of
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Models Standard Test Set  Originating Question Set  Adversarial Test Set

RA-VQA-DPR 69.56 +o7s 87.52 <168 76.91 1193
(without triplets) 66.19 =115 84.59 1124 71.48 s208
(without images) 43.83 o8 57.53 1293 50.02 100
(without triplets and images) 40.29 1160 51.41 4325 42.55 o090

Table 4.3 The performance of some additional baseline systems on the standard test set,
originating questions (from which the adversarial questions are derived), and adversarial test
set. Results are reported as the average of 5 folds with standard deviations.

adversarial samples in KB-VQA datasets by showing an augmentation scheme that leverages

structural information in KGs to create augmentation questions for training, which improves

models’ robustness to adversarial variants.

Additionally, the work discussed in this chapter addresses research questions RQ1 and
RQ2, details of which will be elaborated in the final chapter of the thesis (Sec. 9.1).

In the next chapter, we will focus on improving the ability of the retriever in the RA-VQA

framework, by introducing Fine-grained Late-interaction Retrievers (FLMR).



Chapter 5

Fine-grained Late-interaction
Multi-modal Retrievers

5.1 Introduction

In Chapter 3, we introduced Retrieval Augmented Visual Question Answering (RA-VQA).
RA-VQA is a framework designed to answer difficult KB-VQA questions [208, 88, 183],
with the most recent version achieving performance close to large models (such as GPT-
3 [23]) while using much simpler models. RA-VQA first retrieves K documents relevant to
the image and the question from an external knowledge base, and then generates the answer
using an LLLM grounded in the retrieved passages.

In this chapter, we focus on addressing two major limitations in RA-VQA'’s retriever:

(1) Incomplete image understanding: image representations are obtained via image-to-
text transforms such as captioning and object detection. While effective, this approach can
result in incomplete image understanding, which hinders the retrieval of relevant knowledge.
This is a common issue for retrieval-based KB-VQA systems in the literature.

(2) Lossy compression of visual scenes and questions to a single embedding: the Dense
Passage Retrieval (DPR) [143] retriever, widely used in current retrieval-based QA sys-
tems, computes relevance scores between queries and documents with their respective,
one-dimensional embeddings. However, compressing complex visual scenes and questions
into a single embedding can be lossy. This is especially problematic in KB-VQA, where
queries and visual elements are more diverse than in other Open-domain QA tasks. DPR
could overlook finer-grained relevance, resulting in degraded retrieval performance.

To address these two limitations we propose an enhanced knowledge retrieval model
called Fine-grained Late-interaction Multi-modal Retriever (FLMR). FLMR incorporates
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finer-grained, token-level visual and textual features into multi-dimensional embeddings.
When computing relevance scores, FLMR considers the interaction between every pair of
token embeddings, including cross-modality interaction between texts and images, enabling
a finer-grained assessment of relevance. We also introduce large vision models such as
ViT [72] to produce visual tokens that complement text-based image representations for
more complete image understanding. To ensure that the interactions between visual and
text tokens are well-defined, we align the vision model with the text-based retriever with a
simple yet effective alignment training procedure. We also find that FLMR is able to make
use of finer-grained regions of interest, leading to better recall rate, whereas DPR’s recall rate
degrades when these finer-grained features are incorporated. Our FLMR retriever achieves
a significant increase of approximately 8% in PRRecall@5 for knowledge retrieval, and a
competitive VQA score of 61%, surpassing the state-of-the-art models with the same scale
of parameters.

The contributions of this chapter are outlined as follows:

* We introduce FLMR, the first-of-its-kind to leverage Late Interaction (introduced
in Sec. 2.2.1) and multi-dimensional representations to capture fine-grained, cross-
modality relevance that significantly improves retrieval performance over existing
state-of-the-art KB-VQA retrievers;

* We show that introducing image representations from a large vision model after
a simple yet effective alignment procedure can complement image representations
obtained via image-to-text transforms, leading to more complete image understanding,
better knowledge retrieval, and higher VQA accuracy. This offers improvements to
current VQA systems as many systems have only a single mode of image understanding

that relies on either image-to-text transforms or vision models;

* We achieve a substantial improvement of approximately 8% in knowledge PRRecall @5
over other state-of-the-art retrievers in the OK-VQA dataset, with an accuracy of 61%

that surpasses other systems with similar parameter sizes.

The code, data, and pre-trained model weights have been released at: https://github.com/
LinWeizheDragon/Retrieval- Augmented- Visual-Question- Answering.

5.2 Related Work

This section provides an overview of the related work up to May, 2023, the time of this study.


https://github.com/LinWeizheDragon/Retrieval-Augmented-Visual-Question-Answering
https://github.com/LinWeizheDragon/Retrieval-Augmented-Visual-Question-Answering
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5.2.1 Visual Question Answering Systems

Recent work in VQA can be roughly divided into four categories with respect to multi-modal
modeling: (1) Visual and textual features can be fused via cross-modality fusion [362, 286,
363, 133, 97]; (2) Multi-modal models can be trained from scratch to jointly understand
vision and language before they are fine-tuned to perform VQA tasks [294, 45, 87, 175, 318,
370, 173]; (3) Vision model and language models that have been pre-trained on unimodal
corpora can be aligned to avoid expensive multi-modal pre-training [98, 61, 287]; (4) Image-
to-text transforms such as captioning can be used to transform images into texts to enable
the use of text-only reasoning pipelines [183, 96, 180, 208, 341, 88, 113]. Building on these
Vision-and-Language modeling techniques, our work shows that image-to-text transforms
and aligned vision models can complement each other to provide more complete visual

information, leading to improved performance in both knowledge retrieval and VQA.

5.2.2 Knowledge-based VQA Systems

Recent KB-VQA systems can access both structured data, such as ConceptNet and other
KGs [227, 90, 168, 326, 215, 48], as well as unstructured data such as Wikipedia pas-
sages [326, 88, 96] for knowledge retrieval. LLMs can also be a source of “implicit world
knowledge”: KAT [96] and REVIVE [180] prompt GPT-3 to generate potential answer
candidates. RA-VQA and its prior works [208, 242, 88] ground answer generation in the
retrieved knowledge from external KBs to achieve excellent VQA performance. The work
in this chapter improves this retriever-reader pipeline with a novel knowledge retriever
which significantly improves the recall rate of knowledge retrieval as well as the final VQA

performance.

5.2.3 Knowledge Retrieval

Most retrievers in QA systems are based on DPR and its variants [143, 96, 208, 96, 183, 325].
These mainly use one-dimensional embeddings and contrastive learning for training. Late
Interaction models [146, 264] have recently achieved state-of-the-art performance on QA
knowledge retrieval. Our FLMR extends this paradigm to work with multi-modal features
and shows that incorporating finer-grained visual features, such as regions-of-interest, leads
to superior retrieval performance. EnFoRe [325] retrieves a list of entities from the image, the
query, and the answer candidates, and then explicitly learns scores to indicate the importance
of each entity. FILIP [346] has a similar late-interaction setting but it focuses on single
modal query (image-text retrieval). To the best of our knowledge, FLMR is also the first
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to introduce cross-modality, token-level late interactions to compute relevance scores for
multi-modal knowledge retrieval. We also propose a light-weight method that aligns a vision
model with a text-based retriever to incorporate more complete multi-modal information in
retrieval queries. Compared to previous approaches that rely on expensive pre-training on
multi-modal datasets [36, 346], FLMR’s vision-language alignment process is efficient and
can be done in 4 hours with one A-100 GPU, leveraging around 1 million image-text data

pairs.

5.3 Method

In this section, we introduce RA-VQA-v2, which builds upon the original RA-VQA frame-
work (Chapter 3) but is equipped with Fine-grained Late-interaction Multi-modal Retriever
(FLMR) to enhance knowledge retrieval. As illustrated in Fig. 5.1, the framework consists of
two stages: Knowledge Retrieval (Sec. 5.3.1) and Answer Generation (Sec. 5.3.2).

Crop Region of Interests Documents in KB \

Image-to(Text Transform | ﬂ " am L
<BOQ> How many teeth does this animal use to &_ v hl-
have? <EOQ> <BOC> a cat laying on top of a =

wooden table looking out a window. <EOC>

<BOV> white brown sitting cat <SOV> pink
nose <SOV> orange pink brown ear .... <EOV> '

Question: How
many teeth does this
animal use to have?

Answer: 26

Token-level (v ~=>°~ - -

embeddings 4 N a typical adult mouth will have 32 teeth, which will )_» _-} N
TS Max similarity 1 be the second and the last set in the mouth. .
-ax im : J most cats have 26 deciduous teeth and 30 )_, ; :

operation —
P 1 permanent teeth. _P H

Summation N as dogs grow older, they will have 42 permanent _, Answer

@ \_ teeth while cats will have 30. . e Generation/

Fig. 5.1 Overview of RA-VQA-v2. The system consists of two steps: (A) Knowledge
Retrieval and (B) Answer Generation. (A.1) A text retriever is used to obtain token-level
embeddings of text-based vision (obtained by captioning and object detection) and text
documents in the database. (A.2) Visual tokens are obtained from the image and the region-
of-interest patches using a vision model and a mapping network. (A.3) Relevance score
between the query and the document is computed by aggregating the fine-grained relevance
at token level with late interaction mechanism (Eq. 5.3). (B.1) The answer generator takes the
text query, the image, and the retrieved documents as input, generating one candidate answer
per retrieved document. (B.2) The answer with the highest joint probability is selected.
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5.3.1 Knowledge Retrieval

The FLMR system consists of two encoders: a vision model .%y and a language model .7,

that encode image and textual features, respectively.

Visual Features

We utilise two types of visual representations: (1) text-based vision representations (textual
description of visual elements) obtained by image-to-text transforms and (2) feature-based
vision representations obtained by large vision models.

For text-based vision representations, to allow a direct comparison, we follow RA-VQA
to extract objects and their attributes using VinVL [370] and generate image captions using
Oscar [175]. For each image I, we obtain a textual description that contains serialised object
names, attributes, and descriptive captions (Sec. 3.3.1). The sequence is appended to the
question g to form the query. For simplicity of notation, the question g always includes
text-based vision unless otherwise specified.

For feature-based vision representations, we use the vision model Fy to extract both
global and regional image feature representations. For regional image feature representations,
we further use the object detection results of VinVL to locate Ngo; (Region-of-Interest)
bounding boxes. To filter bounding box proposals from VinVL, we use the predicted
class name associated with each box to select objects explicitly mentioned in the question
g, and then prioritise bounding boxes with larger areas. Using the vision model Fy, we
then obtain one global image representation g = .%y (I) € R¥ from the image I and ROI-

based regional representations {r; = .Zy (I’) € RW },_; | from the image ROI patches

-»NRor
{1” :i=1,...,Ngor} which contain finer-grained details.

Token-Level Embeddings

Compared with DPR’s compressed, one-dimensional representation of queries and docu-
ments, FLMR preserves richer information by employing token-level, multi-dimensional
embeddings to improve retrieval.

We obtain token-level embeddings for both textual input and visual input:

For token-level text embeddings, we extract the hidden state outputs of the language
model .7 (q) € Rla*9L where l4 1s the length of the text query and dy, is the hidden size. As
depicted in Fig. 5.1, these embeddings are ‘token-level’ because each of the I, vectors (of
size dr) corresponds to a text token in the query input.

Similarly, as in Fig. 5.1, visual ‘token-level’ embeddings are a series of vectors that have

the same dimension d, as the text token-level embeddings but vary in length. These can be
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concatenated with the text token-level embeddings to create a larger vector array. Since the
visual embeddings can also be viewed as distinct vectors, we define them as ‘visual tokens’
to reflect their similarity to text tokens. Specifically, to align the vision and text modalities,
we train a mapping network .%, that learns to project visual features from vision model .Zy
with hidden size dy into the latent space of the language model .% with hidden size dy. The
mapping network, a 2-layer multi-layer perceptron, projects each visual representation into
N, visual tokens, i.e., R% — RNwdL/2 _, RNwdL and finally reshaped into RNw*dL.

The visual token-level embeddings and text token-level embeddings are concatenated to

form the final embeddings of queries and documents. Formally, the final query embeddings

Q are:
Q= [7L(q), T8, 71,725 s TNgoy])] € RO, (5.1)

where g = I, + (Nror + 1) X Nyy. 1, is the length of the question g. [vy,...,vy] denotes the
concatenation of N embeddings vy to vy.

The documents in the knowledge base are represented by embeddings D obtained from
the document content d of length Ip:

D — 7(d) € R* (5.2)

Multi-Modal Late Interaction

We compute the relevance score between a question-image pair q = (¢,/) and a document d
by a late interaction formula similar to that in ColBERT but under the multi-modal context:

lo
r(@.d) = r((g.1).d) = ) mix QD] . (53)
=177
For each query token, the MAX operation selects the highest relevance score over all
document tokens. In preliminary experiments, other operations (e.g. MEAN or SUM) were
found to be overly sensitive to the length of documents, which can be as short as a single
sentence.
In contrast to DPR, FLMR allows full interactions between every query embedding vector
Q; and every document embedding vector D;. Additionally, FLMR retriever also supports
retrieving multi-modal documents. We leave the formulation and results to Appendix A.4.

Training and Inference

To train the model, similar to Chapter 3 and 4, we treat documents d* that contain the
ground-truth answer to question ¢ as gold (positive) documents. We use in-batch negative
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sampling for training following Karpukhin et al. [143]. All documents in a training batch
other than d* are considered negative for g, denoted as .#"(¢). We train with the contrastive

loss %y, over the dataset &:

exp (r(g,d"))
gCL = — log .
(q,dg)'e@ exp (r(q,d*))+Y., exp(r(¢,z))
€4 (q)

(5.4)

After training, all documents are indexed using PLAID [263], which enables fast late-

interaction retrieval with a time cost similar to that of DPR.

Training the Mapping Network for Vision-Language Alignment

Directly fine-tuning the two models .%#y and .% on the retrieval task leads to performance
degradation at the start of training, as the models are not yet aligned. Inspired by CLIP [246],
where a language model is trained to align with a vision model, we align .%#y and .%#[ in the
context of knowledge retrieval by pre-training the parameters of the mapping network %y,
with a retrieval task.

Given ground-truth image-document pairs {(/,,d,)}, which can be Wikipedia images
and their accompanying texts, the system is trained to retrieve the document d,, associated
with the input image /,. The relevance between the input image / and a document d is
formulated as

Q=Fy(Fy(I)) € RN,

D =7 (d) € RP*;
Ld) € (5.5)

where only the parameters of the mapping network .%), are trained with the contrastive
loss in Eq. 5.4. We provide details of pre-training in Appendix A.2 and discuss its effective-
ness in Sec. 5.5.2.

Knowledge Retrieval

We extract top-K documents from the knowledge base as relevant knowledge. The retrieval
probability is defined below following the notation in Sec. 3.3 and Lewis et al. [167]:
exp(r(q,dr))

Po(dilq) = K exp(r(q,d;))’

(5.6)
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where 6 denotes the model parameters of .Zy, %, and Zy,.

5.3.2 Answer Generation

In principle, the knowledge retrieved by FLMR can be used by any VQA answer generator.
We denote the answer generator as .%4 with parameters ¢. Following RA-VQA, RA-VQA-v2
generates an answer for each retrieved document and selects the best candidate by the joint

probability of retrieval and answer generation:

{di}iz1 = topK, (pe(d[q)); ,d = argmax p(y, di|@) = argmax po (v]d, k) Po(di|q)-
Yol Yol
(5.7)
The training loss of the answer generator follows that of the underlying model. For

example, when using BLIP 2 [171], we use the cross-entropy loss of the generated sequences:

K
L=— Y ) logpy(sild dp), (5.8)
(q,7)eT k=1

where .7 is the whole dataset. .& is the set of human responses. s; € . is the answer
string that appears in the retrieved document dj, or the most popular answer string! if an

exact match cannot be found in the document.

5.4 Experiment Setup

5.4.1 Datasets

Similar to Chapter 3, we focus on the OK-VQA dataset where a large portion of questions
requires external knowledge (either commonsense or domain-specific) to answer. There are
no annotations of ‘ground-truth’ documents for OK-VQA questions. We follow the literature
to use pseudo-relevance labels (a binary indicator of whether a document contains the answer
string) as document annotations. We do not evaluate A-OKVQA [273], a successor of
OK-VQA, as it emphasises visually-grounded reasoning rather than knowledge retrieval. To
validate the effectiveness of our proposed approach, we test the retrieval abilities using 2
different corpora, whose statistics can be found in Appendix A.1:

(1) Google Search Corpus for OK-VQA [208]: a passage corpus collected for answering
OK-VQA questions. Previous work has shown that the corpus is effective for OK-VQA [208,

I'The most popular answer is the one chosen by most annotators.
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183]. We use this corpus in evaluating VQA performance since it covers more knowledge for
answering the OK-VQA questions.

(2) Wikipedia Corpus for OK-VQA: we collect this corpus by gathering all Wikipedia
passages on common objects and concepts (e.g. umbrella, dog, hat) and those containing
any of the potential answers in OK-VQA training set. This ensures the corpus covers useful
knowledge for answering OK-VQA questions. We note that the collected corpus encompasses
a multitude of semantically-diverse documents (>100,000) that challenge the retrieval system
to identify actually useful documents. For example, all Wikipedia documents with the word
‘party’ are included in the corpus, ranging from descriptions of fairy tales to political parties.

We evaluate on two additional KB-VQA datasets to demonstrate FLMR’s generalisability.

(1) FVQA [311]: We follow RA-VQA to preprocess the data. All knowledge triplets are
serialized into text sequences to form the knowledge base for retrieval. The average of 5
cross-validation splits is reported.

(2) Infoseek [43]: Infoseek is a newly proposed KB-VQA dataset that provides Wikipedia
documents that can be used in answering its questions. We follow Chen et al. [43] in pre-
processing. First, we remove questions whose answers cannot be found in the provided
Wikipedia passages. Second, in additional to the documents covered in the dataset (~60,000),
we include less relevant passages to form a knowledge base for retrieval (~100,000 docu-
ments). The test set annotation has not been released, and so we split the official validation
set again into validation and test sets (~5200 questions).

We use 10% of the WIT dataset [290], a corpus based on Wikipedia with image-text

pairs, to train the mapping network for multi-modal alignment.

5.4.2 Training Setup

We use ColBERTv2 [264] and CLIP ViT-Base [246] to initialise the text-based retriever and
vision encoder. For the DPR baseline, we use the official DPR checkpoints to initialise
the retriever. In answer generation, we use T5-large [248] and BLIP2-Flan-T5-XL. We use
1 Nvidia A100 (80G) for all experiments. We give detailed training hyperparameters in
Appendix A.2. We use LoRA [110] to fine-tune RA-VQA-v2 (BLIP 2) on 1 single GPU.
The vision model is frozen throughout all experiments. During vision-language alignment
training, only the mapping network is trainable. In training the answer generator, the retriever

is frozen.
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5.4.3 Evaluation

We present the metrics used to assess the generated answer and the performance of our
knowledge retriever below. They are the same metrics as those used in Sec. 3 and we
repeat them for readers’ convenience. All reported numbers are averaged from 3 runs
with different seeds. We verified the significance of all mentioned improvements with
scipy.stats.ttest_ind (p < 0.05).

(1) VQA Score: To evaluate VQA performance, we use the official VQA Score [214]
which assigns score to the generated answer based on its exact occurrence count in the set of
human responses .7:

VQAScore(y,.) = min (#'Z(y ). 1), (5.9)

where #(y) is the occurrence of y in human responses .. This score ensures that a
model is partially rewarded even if it generates a less popular answer among the human
responses [208].

(2) Exact Match (EM) awards point if any of the annotated answers is generated exactly:
EM(y..) = min(#(»).1).

(3) Pseudo Relevance Recall (PRRecall@K): To evaluate the retriever, we adopt pseudo
relevance following Luo et al. [208] due to the absence of ground-truth knowledge documents
for each query. A document is considered pseudo-relevant if it contains any human-annotated
answers. PRRecall @K measures whether the retrieved K documents contain at least one
pseudo-relevant document: PRRecall@K = min (Y5_, H(dy, ), 1), where H(dy, ) eval-
uates to 1 if the retrieved document d; contains any answer in ., and 0 otherwise. The

metric is averaged across the test set.

5.4.4 Baselines

To demonstrate the effectiveness of FLMR, we take a DPR retriever as a baseline. In
later sections, FLMR w/o Late Interaction refers to the corresponding DPR baseline. We
apply the same pre-training strategy, training data, and hyperparameters to construct a
multi-modal retriever based on DPR. Particularly, we keep the product N,; X dr and the
number of parameters of the vision mapping networks identical for FLMR and DPR for a fair
comparison. Since DPR can only handle one-dimensional query and document embeddings,
we sum the embeddings of the [CLS] token from .% () and the visual tokens from Fys(Fy (-))

to reduce the dimension to 1 x dr. Formally, the query and document embeddings are:
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Qapr = (fL,CLs(Q)Jr«OfM(fV(g))ﬂL Y ﬁM(tOjV(”i))> € R,

i=1 s--sINROI

(5.10)
Dapr = Frcrs(d) + Fu(Fy (1)) € R

where I; is the image of the document if multi-modal document collection is used and
otherwise omitted. The inner product search (supported by FAISS [138]) is used to train and
retrieve documents with DPR.

We also compare our VQA performance with the current KB-VQA models. Amongst
these models, ConceptBERT [90], KRISP [215], VRR [208], MAVEXx [326], KAT-TS5 [96],
TRiG-Ensemble [88], and RA-VQA (Chapter 3) are relatively small in model size (<1B),
whereas PICa [341], KAT [96], Prophet [277], PromptCap [113], REVIVE [180], PALI [38],
Flamingo [7], PaLM-E [74] use very large models such as GPT-3 (175B) and PaLM-E
(562B).

5.5 Results and Key Findings

5.5.1 VQA Performance

As shown in Table 5.1, recent models leverage LLMs or LMMs to achieve excellent perfor-
mance on OK-VQA. The best performance to date is by PalLM-E, achieving a VQA score of
66.1 with 562 billion pre-training parameters. The original RA-VQA formalism achieves a
lower VQA Score of 54.48 but with only 800 million parameters.

We first compare RA-VQA-v2 (with FLMR retrieval) with RA-VQA (with DPR retrieval).
Compared with RA-VQA (T5-large), RA-VQA-v2 (T5-large) improves the PRRecall@5
significantly from 83.08% to 89.32%, leading to a gain of 3.4 in VQA Score (51.45 to
54.85). This suggests that improvement in knowledge retrieval benefits answer generation
via retrieval augmentation.

We also show the effectiveness of knowledge augmentation by comparing the underlying
base models with their retrieval-augmented version. As shown, T5-large and BLIP 2 (fine-
tuned with OK-VQA data) achieve 47.52 and 55.44 VQA Scores, respectively. Their
retrieval-augmented version, RA-VQA-v2 (T5-large) and RA-VQA-v2 (BLIP 2) gain 7.33
and 6.64 in VQA Score, respectively. For readers’ interest, we provide more thorough
analyses on the performance that the underlying answer generator model attains and the gain
brought by knowledge retrieval in Appendix A.5, using the Hit Success Ratio introduced in
Chapter 3.
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#  Model Base Models K Knowl. Src. R@5 EM VQA
1 ConceptBERT C 33.66
2 KRISP C+W 38.35
3 VRR 100 GS 45.08
4  MAVEx W+C+GI 39.40
5 KAT-TS T5-large 40 W 44.25
6  TRiG-Ensemble T5-large 100 W 54.73  50.50
7  RA-VQA (joint training) T5-large 50 GS 82.84 59.41 54.48
8 RA-VQA T5-large 5 GS 81.25 5577 51.22

Systems based on large models (>3B parameters)

9 PICa GPT-3 GPT-3 48.00
10 KAT-Ensemble T5-large, GPT-3 40 W + GPT-3 54.41
11  Prophet GPT-3 GPT-3 61.11
12 PromptCap GPT-3 GPT-3 60.40
13 REVIVE GPT-3 W + GPT-3 58.00
14 PALI PALI (3B) PALI 52.40
15 PALI PALI (15B) PALI 56.50
16 PALI PALI (17B) PALI 64.50
17 Flamingo Flamingo (80B) Flamingo 57.80
18 PaLM-E PalLM-E (562B) PalLM-E 66.10
Baselines without knowledge retrieval
19 T5-large (fine-tuned) w/o knowledge T5-large 51.38 47.52
20 BLIP 2 (fine-tuned) w/o knowledge =~ BLIP 2 (T5-XL) 59.49 55.44

Our proposed models (models w/o Late-interaction use DPR instead of FLMR)

21 RA-VQA-v2 (T5-large) T5-large 5 GS 89.32 58.85 54.85
22 w/o ROI & VE & Late-interaction ~ T5-large 5 GS 83.08 55.89 5145
23 RA-VQA-v2 (BLIP 2) BLIP 2 (T5-XL) 5 GS 89.32 62.01 62.08
24 w/o ROI BLIP 2 (T5-XL) 5 GS 87.02 61.63 60.75
25 w/oROI & VE BLIP 2 (T5-XL) 5 GS 85.99 5995 6041
26  w/o Late-interaction BLIP 2 (T5-XL) 5 GS 82.90 59.00 58.20
27  w/o ROI & Late-interaction BLIP 2 (T5-XL) 5 GS 83.43 60.18 59.21
28  w/o ROI & VE & Late-interaction ~ BLIP 2 (T5-XL) 5 GS 83.08 59.49 58.70

Table 5.1 Model Performance on OK-VQA. Knowledge Source abbreviations: C: Concept-
Net; W: Wikipidia; GS: GoogleSearch; GI: Google Images. EM stands for Exact Match.
VQA stands for VQA Score. R stands for PRRecall. The best performance in literature is
underlined.
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Model VQA Score
RA-VQA-v2 (BLIP 2) 62.03
w/o text-based vision 60.37
BLIP 2 (fine-tuned) w/o knowledge 55.44
w/o text-based vision 54.10

Table 5.2 Removing text-based vision from answer generation reduces the VQA performance,
showing that text-based vision offers more complete image understanding.

To confirm that text-based vision can aid LMMs such as BLIP 2 which already has its
own image encoder in VQA tasks, we remove text-based vision from RA-VQA-v2 (BLIP 2)
and BLIP 2 (fine-tuned). This results in a decrease in VQA performance from 62.03 to 60.37
and 55.44 to 54.10, respectively (Table 5.2), suggesting that text-based vision contains useful
information not included in the visual features obtained by BLIP 2’s own image encoders.

RA-VQA-v2 achieves comparable and even better performance when compared with
systems that use very large (>13B parameters) LLMs and LMMs. With BLIP 2 (=3B),
RA-VQA-v2 outperforms Flamingo (80B) by 4.19 VQA Score. It also outperforms many
recent systems that use GPT-3 (175B) as an answer generator or knowledge source, such
as PromptCap, REVIVE, and KAT. It achieves similar performance to that of PALI (17B)
(62.03 vs 64.5 VQA Score). With comparable parameter sizes, RA-VQA-v2 (BLIP 2,
3B) outperforms PALI (3B) by a large absolute margin (62.03 vs 52.40 VQA Score). We
emphasise that RA-VQA-v2 can be used in conjunction with virtually any existing LLMs
and LMMs to offer substantial improvements, as demonstrated by the T5-large and BLIP 2

experiments.

5.5.2 Retrieval Performance
Text-based v.s. Feature-based Vision

As shown in Table 5.3, previous retrievers (RA-VQA, VRR) achieve ~82.84% PRRecall@5
using only text-based vision (textual descriptions of visual scenes). We show that visual
features obtained via aligned vision models (feature-based vision) are equally effective as
text-based vision. Relying on questions only, FLMR has a baseline retrieval score of 74.81
PRRecall@5. Incorporating text-based vision and feature-based vision increase PRRecall @5
to 85.99 and 85.08, respectively. Furthermore, feature-based vision provides information
complementary to test-based vision, as demonstrated by the better PRRecall@5 at 87.02
when the two are combined. The same trend is observed for the DPR-based retrieval system,

though less dramatically (from 83.08 to 83.43). We note that pre-training the mapping
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# Retriever Text-based Feature-based GS Wikipedia
Vision Vision R@5 R@l10 R@5 R@I10

1 VRR v - 804  88.55

2 RA-VQA-FrDPR v - 81.25 88.51

3 RA-VQA v - 82.84 89.00

4 DPR - - 73.11 82.05 57.03 69.84
5 DPR v - 83.08 89.77 66.04 75.94
6 DPR - v 80.52 88.27 65.84 75.85
7 DPR v v 83.43 9031 66.88 76.35
8 DPR v v'+9ROIs 8290 8995 65.86 7590
9 FLMR - 74.81 83.10 57.20 70.11

(\ 1

10 FLMR - 8599 9279 66.50 76.80
11  FLMR - v 85.08 91.80 6690 77.05
12 FLMR v v 87.02 92.69 67.50 77.60
13  FLMR v v +9ROIs 89.32 94.02 68.10 78.01
14 w/o alignment pre-training v v +9ROIs 85.71 9241 6640 76.10

Table 5.3 Retrieval performance on Google Search (GS) and Wikipedia. Text-based vision
refers to textual descriptions of images (such as OCR, caption, objects and attributes).
Feature-based vision is obtained using a neural vision model directly (e.g. ViT). R@K refers
to PRRecall @K.

network for vision-language alignment is crucial for good performance. Without such pre-
training, performance degrades to 85.71. These results confirm that incorporating aligned
vision encoders in the retrieval process compensates for the information loss in image-to-text
transforms.

Effects of Late Interaction and ROIs

Late Interaction enables FLMR to capture fine-grained relevance of token-level embeddings.
As shown in Table 5.3, using the same query and document representations, upgrading DPR
to FLMR leads to consistent improvement in retrieval performance by a large margin up to
~6% (comparing Table 5.3 Row 8 & 13).

In addition to token-level relevance, FLMR can utilise fine-grained Region-of-Interest
(ROI) features with Late Interaction whereas DPR can not. This can be demonstrated by
Fig. 5.2: as the number of ROIs increases, DPR performance degrades. This may be because
DPR’s one-dimensional query and document embeddings are not expressive enough to
encompass fine-grained details of the ROI visual cues. As shown in Table 5.3 and Table 5.1
Row 27-28, adding more ROIs effectively adds noise which adversely impacts the retrieval
performance (83.43 to 82.9), and in turn worsen VQA scores (59.2 to 58.2).
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Fig. 5.2 PRRecall@5 versus the number of ROIs. Finer-grained ROIs cause performance
degradation in DPR, while FLMR captures them to improve retrieval performance.

Object-centric ROIs improve retrieval

PRecall@5 PRecall@10

4 Object-centric ROIs  88.01 93.62
4 Random ROIs 86.9 93.20
4 Evenly-split ROIs 86.96 93.16

Table 5.4 Comparison of ROI selection methods.

We also conduct ablation studies to show that the performance improvements brought by
ROIs come from the finer-grained information captured by them rather than from increases
in the number of features. We compare FLMR with 4 object-centric ROIs (obtained by
object detection) against 2 baseline ROI selection methods: (1) randomly crop 4 patches of
size larger than 100 x 100 from the image as ROIs; (2) evenly split the image to obtain the
top-left, top-right, bottom-left, and bottom-right of the image as ROIs. As shown in Table 5.4,
FLMR with 4 ROIs from VinVL object detection outperforms others, suggesting that it is the
object-centric, fine-grained ROIs that improve the performance.

Retrieval performance on FVQA and Infoseek

As shown in Table 5.5, we observed similar improvements with FLMR. FLMR with both
text- and feature-based vision improves DPR by 2.3% and 1.54% PRecall@5 on FVQA
and Infoseek, respectively. Incorporating ROI features further improves its performance to
72.37 on FVQA and 47.08 on Infoseek. This suggests that FLMR is generalisable to other

KB-VQA retrieval tasks and can bring steady improvements relative to baselines.



118 Fine-grained Late-interaction Multi-modal Retrievers

FVQA Recall@5(Std.) Infoseek PRecall@5

DPR 68.58(0.01) 44.88
FLMR (Visual Encoder) 70.88(0.01) 46.42
FLMR (Visual Encoder & 9 ROIs) 72.37(0.01) 47.08

Table 5.5 Retrieval performance on FVQA [311] and Infoseek [43]. Average recall on 5
splits is reported for FVQA. FLMR outperforms DPR trained with the same data with a clear
margin.

Qualitative analysis of FLMR retrieval

| p
s, ﬂ y b - Token pairs with top
Question: How many teeth does £< n ‘5 similarity scores

this animal use to have? Document / query
tokens

Document: a meat-eating animal, such as a cat, has quite different teeth compared to a grass-eating animal, such as a horse.
most cats have 26 deciduous teeth and 30 permanent teeth.

Fig. 5.3 Selected query tokens connected by document tokens that have the highest token-
level relevance with them, as computed by FLMR. For example, amongst all document
tokens, 26’ and ‘30’ have the highest relevance with the query token ‘how’ and ‘many’,
respectively. This shows that FLMR can capture fine-grained document relevance. Zoom in
for better visualisation.

Figure 5.3 shows FLMR retrieval in action. The orange lines connect the query token
and the document token with the highest relevance score, which will be preserved after the
MaxSim operation and will contribute to the final retrieval score. We can see that token-level
interaction indeed captures fine-grained relevance between the query and the document. For
example, the retriever recognises that the numbers “26” and “30” in the document are highly
relevant to “How many” in the query. We can also see that the image tokens are aligned
with the text tokens: the image tokens corresponding to the cat IMG, ROI3 and ROI4)
point to the words “cats” and “cat” in the document. This demonstrates the effectiveness of
vision-language alignment that gives rise to explainable cross-modality relevance.

Example system outputs are presented in Fig. 5.4. It compares the model outputs and

provides explanations for each case.
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5.6 Limitations and Potential Future Work

The incorporation of Late Interaction retrieval introduces additional latency for both training
and inference. The computational cost is evaluated in Appendix A.6. We note that in practice,
the feature extraction process of multiple ROI features is computationally expensive. In
Chapter 6, we will investigate alternative model designs that maintain high performance
levels while obviating the need for ROI features.

5.7 Summary

In this chapter, we proposed Fine-grained Late-interaction Multi-modal Retrieval (FLMR),
the first of its kind to leverage fine-grained token-level relevance between queries and
documents for VQA tasks. FLMR incorporates feature-based vision using an aligned vision
model that complements text-based vision to enhance image understanding, improve retrieval
performance and advance VQA performance. We achieve superior performance in OK-VQA,
greatly surpassing previous systems with similar parameter size and closes the gap with those
systems utilizing very large (>13B) models.

Additionally, the work discussed in this chapter addresses research questions RQ1 and
RQ?2, details of which will be elaborated in the final chapter of the thesis (Sec. 9.1).

In the next chapter, we will investigate the scaling behavior of FLMR from multiple
perspectives. As a result, we will introduce a general-purpose multi-modal late-interaction
retriever, PreFLMR (Pre-trained FLMR), that achieves substantial performance improvement
relative to the original FLMR.
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Question: On what holiday do
people traditionally eat this bird?
Caption: a large chicken walking
through a field of grass.

RA-VQA

Chosen Prediction

christmas dinner? these mouthwatering recipes ... the sweet and spicy turkey glaze gives the bird a
wonderful flavor. it's been a tradition in my home for as long as i can remember.

turkey doesn't have to rule the roost at your holiday feast.this extremely french way of cooking duck is not
recommended for thanksgiving.

on thanksgiving, most of us will sit down to feast on a turkey dinner. the bird also shows up on the table
at christmas. how did we end up with the tradition of eating turkeys during the holidays?

RA-VQA-v2

the same traditional thanksgiving menu, with turkey, cranberry sauce, stuffing, and pumpkin pie taking up
the most real estate on our plates.

Chosen Prediction
Thanksgiving O

on thanksgiving, most of us will sit down to feast on a turkey dinner. the bird also shows up on the table
at christmas. how did we end up with the tradition of eating turkeys during the holidays?

after 1863, the year when president lincoln made thanksgiving day a national holiday, turkeys began to
land on dinner plates across the country.

Explanation: RA-VQA-v2 succcecssfully captures "turkey" and all retrieved documents are about "turkey" and "tradition”. In
contrast, RA-VQA, without fine-grained information, gives high scores to noisy documents.

Question: What sense is this
animal known for?
Caption: a brown and white dog

noisy, less relevant documents.

RA-VQA

the sense organs are the body organs by which humans are able to see, smell, hear, taste, and touch or
feel.

researchers have now discovered that humans have a much better memory to recognize and remember
sequential information.

over the years researchers have found a general understanding of the extent to which animals possess
things such as: « language/communication « memory + cognition « emotions « intelligence and in
attempting to answer the above question the jury is, well, still out.

sitting in front of a laptop computer.

RA-VQA-v2

Chosen Prediction

smel | @

pixabay of the five senses, smell is a dog's predominant sense.

hound dog. known for their powerful sense of smell and great speed, hounds were historically used by
hunters to track and chase prey.

after 1863, the year when president lincoln made thanksgiving day a national holiday, turkeys began to
land on dinner plates across the country.

Explanation: RA-VQA fails to capture all three key concepts “dog”,

animal” and “sense” in the query, which results in retrieving

Question: What animal is the
woman's shirt replicating the pelt?
Caption: a group of people sitting
at a table in a restaurant.

RA-VQA-v2 w/o Region of Interest

nature normally favours the males of the animal kingdom in the looks department, as a tool for attracting
a mate.

once the bird had been plucked, it was obvious that the right half of the skeleton was much bigger than
the left.

if you're ready to give industries that abuse animals the bird, here are some items to avoid and
suggestions about what to purchase instead: boas and feather dustersan eyewitness investigation of the
largest ostrich slaughter companies in the world showed that ...

RA-VQA-v2
Chosen Prediction
leopard 0

later, animal prints mimicking the leopard, zebra, and cheetah would soon become items of fashion in the
western world. printify's t-shirt dresses are tagless, custom cut and sewn to match every style.

ones which replicate the fur or skin of animals like leopards, tigers, zebras, giraffes, hyenas, monkeys
and much more. after the animal it imitates, for instance leopard print skirts, zebra print top and so on.

animal print is a clothing and fashion style in which the garment is made to resemble the pattern of the

skin and fur of an animal such as a leopard, cheetah, snow leopard, jaguar, zebra, tiger, clouded leopard,
margay, ocelot, spotted hyena, striped hyena, african wild dog, constrictor snake, giraffe or monkey.

Explanation: without fine-grained region-of-interest-based features, FLMR fails to locate the "woman" and "shirt" in the image.
When ROI features are added, FLMR successfully matches "leopard" from the image representations.

Retrieved Knowledge

Correct Final Prediction

|:| Wrong Final Prediction

Fig. 5.4 Example system outputs comparing some model variants. Explanations are given to
each case. Please zoom in for the best visualisation.



Chapter 6

Scaling Up Fine-Grained
Late-Interaction Multi-modal Retrievers

6.1 Introduction

In the last chapter, we introduced FLMR, which uses multi-dimensional embedding matrices
to represent documents and queries and then efficiently computes their relevance scores via
late-interaction (Eq. 5.3) [146], thus capturing fine-grained relevance at the token level rather
than at the passage level, as in Dense Passage Retrieval (DPR) [143]. As a late-interaction
retriever, FLMR substantially outperforms DPR on a range of KB-VQA tasks, with only
minor speed penalties.

In all of these methods, model and data size are important considerations. There has been
much work in scaling up Large Language Models (LLMs) [141, 5, 39], showing the benefits
of scaling. In retrieval, Ni et al. [230] observes improvements in text retrieval models that use
one-dimensional embeddings by increasing the size of text encoders. However, the scaling
properties of multi-modal retrieval systems, especially under the late-interaction setting, have
not been studied. In this chapter, we aim to fill this gap by investigating the following three
aspects of FLMR:

(1) Vision & Text Encoding: The original FLMR model uses a ViT-Base model as the
visual encoder that has less than 100 million parameters. We investigate how its retrieval
performance is affected by scaling the size and complexity of vision and text encoders.

(2) Pre-training: As originally formulated (Sec. 5.3.1), FLMR employs simple, lightly
trained Multi-Layer Perceptrons (MLP). We investigate whether gains can be had through

more extensive model pre-training.
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(3) Task Diversity: Though FLMR was proposed to handle retrieval in OK-VQA [273],
the late-interaction formulation is readily extensible to tasks beyond KB-VQA. Rather than
training on a single task/dataset, we investigate whether a general-purpose multi-modal
late-interaction retriever can be created by training the model on a larger collection of tasks,
including Image-to-Text, Question-to-Text, and Image&Question-to-Text retrieval tasks.

To enable our research, we gather nine open-source vision-language datasets into a suite
of benchmark tasks, M2KR, for assessing Multi-task Multi-modal Knowledge Retrieval.
M2KR encompasses Image-to-Text, Question-to-Text, and Image&Question-to-Text retrieval
tasks, and also includes prompting instructions that can be provided to an LLM for each of
the component tasks.

In this chapter, we will use M2KR to train a series of FLMR-based multi-task multi-
modal retrievers. We refer to these models as PreFLMR (for Pre-trained FLMR). PreFLMR
models are created by training on the entirety of the M2KR training data and these models
can then be evaluated on any or all of the included tasks. PreFLMR can be used directly in
its pre-trained form for multi-task multi-modal retrieval. PreFLMR can also be fine-tuned for
specific M2KR tasks using the task-specific tuning data included in the collection. In both
uses we find that PreFLMR gives us substantial gains across the M2KR tasks.

The focuses of this chapter are:

* The M2KR task suite encompassing nine datasets and three types of retrieval tasks for
training and evaluating general-purpose vision-language retrievers. We create M2KR by
re-purposing various vision and language data sets that might not be originally created for
KB-VQA, thus ensuring a rich and diverse collection.

* PreFLMR, a strong multi-modal retriever pre-trained on a vision-language corpus of over
ten million items. We show that PreFLMR performs well across a range of knowledge
retrieval tasks when given the appropriate instructions.

* A study of the scaling behaviour of FLMR in terms of its model parameters and training
data. To our knowledge, this is the first systematic study of scaling in late-interaction

based vision-language retrievers and should provide empirical guidance for future work.

The code, data, and pre-trained model weights have been released at: https://preflmr.
github.io/.

6.2 Related Work

This section provides an overview of the related work up to February, 2024, the time of this

study.
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6.2.1 Document Retrieval

As introduced in Chapter 2.2.1, DPR has become a cornerstone in knowledge-intensive
tasks [30, 124, 99, 161, 167] as well as in KB-VQA tasks due to its fast and precise retrieval
capabilities [143, 96, 208, 183, 325]. Recent developments in retrieval methods, particularly
Late Interaction models [146, 264], have shown notable performance gains over DPR, albeit
with some efficiency trade-offs [187, 188].

In multi-modal retrieval, FILIP [346] (Sec. 2.2.2, Fig. 2.27) used pre-trained late inter-
action models for single-modal image-text retrieval, while our FLMR system (Chapter 5)
extended the approach to multi-modal retrieval for KB-VQA with finer-grained visual and
text features. This chapter further extends FLMR and explores its scaling properties in
multi-modal retrieval.

Another line of relevant research is KB-VQA retrieval involving Named Entities, where
retrieved documents must identify the person in the image. As discussed in Sec. 2.2.3, Lerner
et al. [164] trains the retriever with a multi-modal inverse cloze task, while Lerner et al. [165]
shows that combining mono- and cross-modal retrieval improves performance. Both use
single-dimensional embeddings to represent multi-modal queries and documents. In contrast,
our work trains a single multi-modal late-interaction retriever, allowing rich token-level
information interactions in retrieval.

Similar to our M2KR benchmark, A concurrent work [319] introduces M-Beir, which
combines several retrieval tasks and can also be used to train and evaluate universal multi-
modal retrievers. In contrast, our M2KR benchmark emphasises document retrieval in

knowledge-intensive tasks and we use it to develop new models.

6.2.2 Knowledge-based VQA Systems

In Sec. 2.4.4, we discussed recent multi-modal systems that have significantly improved in
complex KB-VQA tasks like OK-VQA that require external knowledge sources [227, 90,
168, 326, 215, 48, 88, 96, 116, 251], while another line of work use LMMs to directly answer
knowledge-intensive questions with their internal knowledge. However, challenges remain in
answering more knowledge-intensive questions [42, 218], underscoring the need for robust
document retrieval. Mensink et al. [218] showed that even state-of-the-art LLMs perform
poorly on difficult KB-VQA questions, with an accuracy of under 20% when retrieval is
not incorporated. Our work RA-VQA (Chapter 3), RA-VQA-v2 (Chapter 5), and prior
work [183, 208, 242, 88, 116, 218], demonstrated strong performance in KB-VQA by using
external knowledge databases. This motivates our work to build stronger retrievers for
KB-VQA to make LMMs more capable of handling knowledge-intensive tasks.
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6.2.3 Scaling Retrieval Systems

Previous work has explored scaling laws in language/vision systems [141, 5], revealing
correlations between model performance, computation, number of parameters, and dataset
sizes. They all suggest that more parameters, more training data, and longer training time
often lead to improved performance. In retrieval, Ni et al. [230] and Hu et al. [116] both
observe improvements in models with one-dimensional embeddings by increasing the size of
language/vision encoders. Ni et al. [230] report a significant improvement when migrating
from a TS [248]-Base text encoder to larger ones (T5-large, T5-XL, T5-XXL). Hu et al.
[116] scale up from T5-Base and ViT-B(ase) to T5-Large and ViT-g [50] to improve the
performance substantially. Our work reports similar scaling investigations in multi-modal

late-interaction retrieval.

6.3 The M2KR Benchmark Suite

In this section, to properly study general-purpose multi-modal retrievers, we introduce the
Multi-task Multi-modal Knowledge Retrieval (M2KR) benchmark suite, which will be used
to train and evaluate our proposed PreFLMR model.

We convert nine diverse datasets, originally designed for vision and language tasks such as
image recognition, image captioning, and conversational interactions, into a uniform retrieval
format. Details of the pre-processing steps, data partition, and prompting instructions are

provided in Appendix B.1.

6.3.1 Tasks and Datasets

Table 6.2 shows the composition of M2KR. We pre-process the datasets into a uniform
format and write several task-specific prompting instructions for each dataset. The M2KR
benchmark contains three types of tasks:

(1) Image to Text (I2T) retrieval. These tasks evaluate the ability of a retriever to
find relevant documents associated with an input image. Component tasks are WIT [290],
IGLUE(-en) [24], KVQA [275], and CC3M [278]. CC3M is included in the M2KR training
set to improve scene understanding but not in the validation/test set as the task concerns
caption generation, not retrieval. The IGLUE test set, which is a subset of WIT and has an
established benchmark for assessing 12T models, is included to enable comparison with the
literature. The KVQA task, initially designed as a KB-VQA task, has been re-purposed into
an 12T task for our modelling purposes (Appendix B.1.1).
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(2) Question to Text (Q2T) retrieval. This task is based on MSMARCO [16] and is
included to assess whether multi-modal retrievers retain their ability in text-only retrieval
after any retraining for images.

(3) Image & Question to Text (IQ2T) retrieval. This is the most challenging task which
requires joint understanding of questions and images for accurate retrieval. It consists of
these subtasks: OVEN [112], LLaVA [198], OK-VQA [273], Infoseek [44], and E-VQA
[219]. We note in particular that we convert LLaVA, a multi-modal conversation dataset, into
a multi-modal retrieval task (Appendix B.1.3).

Table 6.1 provides examples from each dataset, demonstrating the transformation from
their original to the adapted structure.

The training/validation/test examples are downsampled from the respective sets of the
original datasets. We take test examples from the original validation sets for LLaVA and
Infoseek since LLaVA has no test sets and the test set annotation of Infoseek has not been
released. We limit the maximum test samples to 5,120 for each dataset to allow faster
performance tests on all 9 datasets. Data preprocessing and partitioning details are in
Appendix B.1. We further verified that there are no identical images between the training and
test sets by checking the MD5 of the images, thereby preventing data contamination during
training. We use the validation splits to select hyperparameters for the models, which can be
found in detail in Appendix B.2.2.

6.3.2 Evaluation

We use Recall @K (R@K), which measures whether at least one of the target documents is
in the top-K retrieved entries, to evaluate retrieval performance. For the datasets Infoseek,
E-VQA, and OK-VQA, we follow previous chapters (Chapter 3-5) to employ Pseudo Re-
call/PRecall@K (PR@K) (Eq. 3.11) for evaluation. This metric measures whether at least
one of the top K documents includes the target answer.!

We use R@10 for WIT and MSMARCO, and R@1 for LLaVA and IGLUE. Other
datasets are evaluated with R@5 or PR@5. As in Table 6.3, we also report the average rank
(A.R.) of each model over all datasets to indicate multi-task retrieval performance relative to

other models in comparison; lower is better.

'Tn practice, PRecall @K more accurately reflects actual retrieval performance and exhibits a stronger corre-
lation with the ultimate VQA performance. This is because document annotations are frequently incomplete,
and alternative documents within the corpus can often provide answers to the questions.
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WIT

MSMARCO

Describe the image
concisely.

Summarise the vi-
sual content of the
image.

Provide a brief de-
scription of the im-
age and the rele-
vant details of the
person in the im-
age.

Describe the image
concisely.

Retrieve the docu-
ment that answers
this question: how

many years did
william bradford
serve as gover-
nor of plymouth
colony?

title: PS Herald

title: National Li-

This is an image

olive oil is a

William Bradford

section title: For- brary of Uzbek- of Pilkington play- healthy ingredient (c.1590 - 1657)
mation and opera- istan hierarchical ing for Cardiff City used liberally. was an English
tion of the North section title: Na- in 2016. Anthony Separatist leader in
Shore Steam Com- tional Library of Pilkington date of Leiden, ...
pany ... Uzbekistan caption  birth is ...

OVEN E-VQA Infoseek OKVQA

Provide a brief de-
scription of the im-
age along with the
following question:
what unique situa-
tion is occurring in
this soccer match?

Using the provided
image, obtain
documents  that
address the sub-
sequent question:
what is this park
called?

Obtain documents
that correspond to
the inquiry along-
side the provided

image: how big
can this plant be-
come?

With the provided
image, gather doc-
uments that offer
a solution to the
question: What is
the country of ori-
gin of this food?

Using the provided

image, obtain
documents  that
address the sub-
sequent question:
How many teeth
does this animal

use to have?

In this soccer
match, a unique sit-
uation is occurring
where three men
are playing against
each other, each
wearing a different
colored uniform.

Nationals Park is
a baseball stadium
along the Anacos-
tia River in the
Navy Yard neigh-
borhood...

Dwarf cornel is a
rhizomatous herba-
ceous  perennial
growing to 20cm
(8 inches) tall...

title:  Submarine
sandwich content:
Submarine sand-
wich A submarine
sandwich, also
known as a sub...

Most cats have 26
deciduous  teeth
and 30 permanent
teeth.

Table 6.1 Demonstration of the retrieval tasks for each dataset. We show the image (first row)
query, the text query (second row), and the retrieved ground truth document (third row) for
each dataset. Since some retrieved documents are long, we only show part of the document
and use ... to stand for continuing documents. We sampled one instruction for each dataset
for demonstration. Refer to Appendix B.1 for the full list of instructions.
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#Examples #Passages
Datasets Train Val  Test Train Val/Test
I2T Retrieval
WIT 2.8M 20,102 5,120 4.1M 40K
IGLUE - - 685 - 1K
KVQA 65K 13,365 5,120 16.3K 4,648
CC3M 595K - - 595K -
Q2T Retrieval
MSMARCO 400K 6,980 5,120 8.8M 200K
1Q2T Retrieval
OVEN 339K 20,000 5,120 10K 3,192
LLaVA 351K - 5,120 351K 6,006
OK-VQA 9K 5,046 5,046 110K 110K
Infoseek 676K - 4,708 100K 100K
E-VQA 212K 9,852 3,750 50K 50K

Table 6.2 Datasets in M2KR Benchmark Suite.

6.3.3 Baselines and Systems for Comparison

For each dataset, we show the best published results in recent literature as points for compari-
son, if available (Table 6.3). For datasets without previous results such as LLaVA and OVEN,
we use our replication of CLIP [246] and FLMR as baselines following Lin et al. [180].

6.4 PreFLMR Architecture and Training

PreFLMR’s architecture is shown in Fig. 6.1. It generally follows the formulation of FLMR
(Sec.5.3.1).

PreFLMR also uses token embedding matrices Q and D to represent query and document,
respectively. Given a query  consisting of texts g and an image /, PreFLMR uses a language
model .7 to obtain embeddings of all tokens in ¢, a vision model .%y to obtain embeddings
of I, and a mapping structure %y, to project image embeddings into the text embedding
space. All token-level embeddings are concatenated to form the query representation Q. The
document matrix D is obtained similarly with the language model .#; but without visual
features.

The relevance score r(q,d) is computed via late-interaction [146] between Q and D,

aggregating the maximum dot products over all query tokens with respect to all document
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Max similarity operation
@ Summation

instruction token
features

Transformer Mapping Network

Cross Attention M (Transformer)

f atch embeddings from the penultimate layer | . .

Obtain documents that correspond to the ™22 'Iea"“lre from P o P ¥°!\ Dwarf cornel is a rhizomatous
e last layer

inquiry alongside the provided image: v

how big can this plant become? Query Vision Encoder Fy : 20cm (8 inches) tall...

e 6 D o 8 1 O

' . Knowledge
- Base

i herbaceous perennial growing to

"\ Query Encoder

Fig. 6.1 PreFLMR Model Architecture. The grey rectangle above the Query Vision Encoder
indicates the unused last layer patch embeddings. These are not utilised because only the first
‘[CLSY token in the last layer of the frozen pre-trained Vision Encoder received pre-training.
(1) the text query consists of an instruction and a question, which is encoded by a text
encoder; (2) at the output of the vision encoder, a mapping network consisting of Multi-Layer
Perceptrons (MLP) converts the ‘[CLS] token representations into the same embedding
space as the text encoder; (3) the transformer blocks take in the patch image embeddings from
the penultimate layer of the vision encoder and attend to the text features by cross-attention;
(4) a text encoder encodes documents in the knowledge base; (5) the scores between queries
and documents are computed based on late-interaction, allowing each query token to interact
with all document token embeddings.
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tokens (Eq. 5.3). lp and Ip denote the total number of tokens in query q and document d,

respectively:

_ Ip
r(g,d) =) maxQ,D;. 6.1)

PreFLMR’s formulation differs from FLMR in the following aspects:

(1) While FLMR only uses the ‘{CLS]’ embedding from ViT as the image representation,
in PreFLMR we additionally extract embeddings of image patches from ViT’s penultimate
layer to obtain a detailed visual representation. FLMR extracts Ngro; Region-of-Interest (ROI)
features (Sec. 5.3.1). ROI features are no longer used due to the incorporation of image patch
embeddings. Another reason for disabling the use of ROI features is that it calls the visual
encoder Ngoy times, introducing significant computational overheads in practice.

(2) We introduce Transformer blocks with cross-attention into the mapping structure
to obtain query-aware visual representation. The Transformer blocks take the image patch
embeddings as input, and use cross-attention to integrate the features of the text encoder. This
allows PreFLMR to attend to different aspects of the image under different queries. These
Transformer blocks are placed in parallel with FLMR’s 2-layer MLP mapping structure.

(3) We append task-specific instructions to the text query to distinguish between tasks.
The list of instructions for each task can be found in Appendix B.1. For each query, the
instruction is randomly sampled from the corresponding instruction list. Instruction tokens
are masked in computing relevance score. For Q2T retrieval training, we feed a blank image
as PreFLMR’s image input. For I2T retrieval training, we use instructions as text input to
PreFLMR.

PreFLMR training and inference follow that of FLMR (Sec. 5.3.1). When training on
data consisting of several datasets, we randomly shuffle the entire training data and only use
in-batch negative examples from the same corpus (see Sec. 5.3.1 for the details of in-batch

negatives).

6.4.1 Training Procedures

PreFLMR’s pre-training involves four stages. A detailed breakdown of the data used in each

stage can be found in Appendix B.2.1.

Stage 0: Text Encoder Pre-training. We train ColBERT following Khattab and Zaharia
[146] on the MSMARCO dataset to obtain the initial checkpoint for PreFLMR’s text encoder
Z1. This is a straightforward replication of CoIBERT used as an initial text encoder as was

done in FLMR, but also allowing for model size variations.
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Stage 1: Training the Mapping Structure. In this stage, we only train the mapping
structure .7y, keeping the language and vision models frozen. This approach is an extension
of the FLMR methodology, incorporating a larger dataset and an additional cross-attention
mapping layer. The training is performed on the IQ2T dataset (LLaVA, OVEN), I2T datasets
(WIT, CC3M, KVQA), and Q2T dataset (MSMARCO). Our objective is to encompass all
three task types in M2KR without the need to optimise the data mixing ratio or manually
select datasets to achieve an effective mapping structure. This strategy is inspired by previous
studies [388, 198], which utilised relatively simple multi-modal tasks to develop image-to-
text mappings.

We mask the late-interaction token embeddings in query matrix Q that are produced
by the language model (not the token embeddings at the input embedding layer). This
encourages the Transformer cross-attention layer to integrate information from its textual
inputs and enables PreFLMR to perform IQ2T, I2T, and Q2T retrieval when provided with

the appropriate instructions for each task.

Stage 2: Intermediate KB-VQA Pre-training. We tune the text encoder .%; and the
mapping structure %y, on the E-VQA dataset, a large and high quality KB-VQA dataset, to
enhance PreFLMR’s retrieval performance. Including an intermediate pre-training stage to
align the model with in-domain data has been well-explored in the literature (e.g., Google’s
TAPAS [77]). We opt for a straightforward procedure to train on E-VQA in the intermediate
stage because of its diversity, increased difficulty, and larger quantity compared to other
KB-VQA datasets. Specifically, E-VQA requires recognition of less common entities such
as spotted hyenas and relies on more specialised domain knowledge such as American
landmarks, making it good for retrieval training. This design choice is well-supported by
experimental results (Table 6.3 #8 vs #5, #3 vs #2) and we provide detailed analysis in
Sec. 6.5.6.

Stage 3: Full-scale Fine-tuning. We train on the entire M2KR corpora, including OK-
VQA and Infoseek. This stage is straightforward multi-task learning. We tune the entire
model except the vision encoder .%y. We adjust the dataset proportions to ensure balanced
learning on these datasets of varying sizes (Appendix B.2.1). Additionally, we use separate
text encoders to encode queries and documents; their parameters were shared in previous

steps.
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6.4.2 Training Configurations

We use the Adam optimizer [149] with a fixed learning rate of 10~ for the mapping structures
and 107 for other parameters in all experiments. Training was run up to 300k, 220k, 12k,
and 50k steps in the four stages, respectively. Full training configurations can be found in
Appendix B.2.2.

6.5 Experiments and Results

In this section we present results of scaling PreFLMR components (Sec. 6.5.2, 6.5.4), analyse
the effect of each training stage (Sec. 6.5.3, 6.5.6), and evaluate on the downstream KB-VQA
tasks (Sec. 6.5.5). We summarise our findings in Sec. 6.5.7. Multi-task performance refers to

the performance of PreFLMR models without any single-task fine-tuning.

6.5.1 Model Variants

We experiment with a range of model configurations. Model sizes range from BERT-Small
(28.8M), BERT-Medium (41.1M), BERT-Base (110M) to BERT-large (340M). ColBERT
text encoders are denoted as “[BERT size]-[pre-training scheme]”. There are two ColBERT
pre-training schemes: “v1” [146] and “v2” [264]. “v2” yields a better performing model
than “v1” as evaluated on MSMARCO. We compare models initialised from “v1” and “v2”
checkpoints to investigate how the performance of the initial uni-modal text retriever affects
the final multi-modal vision-language retriever. Except for “Base-v2”, all ColBERT variants
are trained using our replication of ColBERT following the “v1” pre-training scheme.?
For the vision encoders, we use the ViT variants: ViT-B(ase) (88M) [246], ViT-L(arge)

(303M) [246], ViT-H (631M) [50] and ViT-G (1.84B) [50].

6.5.2 PreFLMR Performance

The best-performing PreFLMR model (ViT-G + Base-v2) outperforms other variants on
most of M2KR benchmark (Table 6.3, #13). Without single-task fine-tuning, PreFLMR
outperforms baseline models optimised for the individual tasks on 7 out of 9 datasets,
showcasing its capability as a general visual-language retriever. We now analyse how each
PreFLMR component affects performance.

’The training code of “v2” has not been released officially.
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| 2T | QT | 1Q2T |
Model Vis. Text Total ~ WIT IGLUE KVQA MM  OVEN LLaVA Infoseek E-VQA OK-VQA AR.
Enc. Enc. Param. R@10 R@l1 R@5 R@5 R@5 Re@l PR@5 PR@5 PR@5
CLIP 28.1 441 238 - 220 330 17.1 104 5.7
SOTA FLMR GIVL FLMR ColBERT FLMR FLMR FLMR Lens  FLMR
Res. 238 308 319 86.9 405 564 471 625° 68.1

Multi-task Performance

1 PreFLMR B B-vl 207M 415 56.8 28.6 77.9 45.9 67.4 48.9 65.4 67.2 9.0
2 PreFLMR B B-v2 207M 41.7 57.3 28.6 79.5 46.3 67.2 48.8 67.9 66.1 8.2
3 w/ointer. B B-v2 207M 41.2 56.8 26.5 78.2 43.7 65.0 47.0 57.3 65.1 10.9
4  PreFLMR L B-vl 422M 58.2 69.8 40.6 72.1 59.3 69.3 574 70.7 67.9 5.6
5 PreFLMR L B-v2 422M 60.5 69.2 43.6 78.7 59.8 71.8 579 70.8 68.5 32
6 ViT trainable L B-v2 422M 18.7 1.5 0.8 76.7 5.6 54.6 36.7 57.2 58.9 12.3
7  w/oinstruct. L B-v2 422M 13.3 10.5 38.2 75.2 52.1 62.1 49.1 71.3 65.7 9.2
8  w/ointer. L B-v2 422M 60.0 72.0 40.5 80.3 56.1 70.5 554 67.0 66.6 4.6
9 PreFLMR L S-vl  334M 54.2 66.3 37.9 73.6 539 66.0 52.6 66.8 65.3 8.3
10 PreFLMR L M-vl 348M 56.2 67.9 37.1 72.9 55.5 64.7 522 70.4 65.3 8.2
11 PreFLMR L L-vl 677M 49.9 62.8 40.0 72.8 58.8 69.3 59.4 58.2 68.6 6.6
12 PreFLMR H B-v2 750M 60.5 71.2 394 78.5 61.5 72.3 59.5 71.7 68.1 3.1
13 PreFLMR G B-v2 1.96B 61.5 71.5 42.1 78.6 63.4 724 59.6 73.1 68.6 1.6
Fine-tuned PreFLMR for Specific Downstream Tasks

14 PreFLMR L B-v2 422M 68.5 70.8 60.3 71.4 67.3

15 PreFLMR H B-v2 750M 69.3 72.3 62.3 72.1 70.5

16 PreFLMR G B-v2 1.96B 69.3 73.1 62.1 73.7 70.9

Table 6.3 PreFLMR performance on all datasets. PR stands for Pseudo Recall. Best multi-task
performance is in bold and best fine-tuning performance on downstream tasks is underlined.
For the vision encoder, we compare ViT-B (B), ViT-L (L), ViT-H (H) and ViT-G (G). For
the text encoder, we compare Base-v1 (B-v1), Base-v2 (B-v2), Small-v1 (S-v1), Medium-v1
(M-v1), and Large-vl (L-vl). A.R.: Average Rank against all other models on all tasks.
For baselines, we show: GIVL [352] for IGLUE; ColBERTvV2 for MSMARCO (MM);
FLMR [188] for Infoseek and OK-VQA; and Google Lens [93] for E-VQA. We follow
the procedure as detailed in the Appendix C of the E-VQA paper [219] to use CLIP as a
zero-shot retriever.

Vision Encoder Scaling

Scaling ViT from ViT-B (86M) to ViT-G (1.8B) while keeping the text encoder fixed brings
about substantial performance gain across all tasks (Table 6.3 #2, #5, #12, #13), e.g. 48.8 to
59.6 on Infoseek and 67.9 to 73.1 on E-VQA. The gain is greater when upgrading ViT-B to
ViT-L with recall improvements of ~ 10% on WIT, KVQA, OVEN, and Infoseek, showing
the benefit of using better vision encoders. In addition, Fig. B.1 in the appendix illustrates
performance gains in scaling the vision encoder with a radar plot. However, the performance
plateaus when scaling ViT to H and G. This observation aligns with results reported in
the literature. OpenCLIP [50] and BLIP2 [171] have reported marginal or no performance
improvement when scaling beyond ViT-L across several datasets. A plausible explanation is
that without pre-training on domain-specific data, the ViT model may struggle to distinguish
between objects that are visually similar but categorically different in a domain-specific

context. For example, the model might find it challenging to differentiate between certain
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species of birds, such as the American crow and the common raven, which appear visually

similar but belong to distinct ecological niches and exhibit different behaviours.

Text Encoder Scaling

Scaling up the text encoder from BERT-Small-v1 to Medium-v1 to Base-v1 (Table 6.3 #9,
#10, #4) yields substantial performance gain (A.R. 8.3, 8.2, and 5.6). However, we find that
further scaling to Large-v1 (#11) adversely impacts the performance (A.R. decreased to 6.6).
We attribute this to overfitting and unstable training for large models given the available data
(Appendix B.2.3). The results suggest that BERT-Base (110M) is adequate for building a
capable vision-language retriever.

Improving Text Encoder

Compared to PreFLMR models initialised from Base-v1, models initialised from Base-v2
have better multi-tasking performance indicated by better A.R. (Table 6.3 #1 vs #2 and #4 vs
#5). The gain from improving the text encoder is more substantial when using the “ViT-L”
vision model (-2.4 A.R.) compared to using “ViT-B” (-0.8 A.R.), indicating that the text

encoder is relatively weak as the vision model improves.

6.5.3 Performance of Each PreFLMR Stage

In this section, we analyse intermediate performance in the earlier stages of pre-training to
better understand the scaling behaviour of PreFLMR.

Text Encoder Pre-training

Model MRR@10 Recall@50
Small-v1 (28.8M) 34.5 79.8
Medium-v1 (41.4M) 35.5 81.4
Base-v1 (110M) 35.8 82.4
Large-v1 (345M) 37.0 83.2
Base-v1 (reported in Khattab and Zaharia [146]) 36.0 82.9
Base-v2 (reported in Santhanam et al. [264]) 39.7 86.8
Table 6.4 Text encoder pre-training results evaluated on the full MS-
MARCO test set.

We train “ColBERT-v1” at different sizes and evaluate on the MSMARCO dataset. Table

6.4 shows larger model sizes consistently yield better text retrieval performance. In contrast
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to the multi-modal case, scaling up to “Large-v1” does not destabilise training and leads to

better performance compared to “Base-v1”.

Training the Mapping Structures

Vis. Enc. Text Enc. WIT LLa. OVEN KVQA IGLUE Info. E-VQA OK. AR.

ViT-B Base-v2 342 509 46.1 289 60.5 425 327 465 6.5
ViT-L Small-v1 46.5 46.1 379 17.9 573 435 266 56.7 7.0
ViT-L Medium-vl 49.6 47.8 38.6 23.1 58.7 46.7 27.7 581 53
ViT-L Base-vl 49.3 50.8 523 38.2 68.5 46.1 419 494 4.6
ViT-L Base-v2 49.6 512 54.8 40.5 69.5 48.7 450 509 23
ViT-L Large-v1 485 473 51.8 32.8 67.2 45.1 40.0 49.7 56
ViT-H Base-v2 51.8 51.6 553 35.6 69.0 48.6 422 513 28
ViT-G Base-v2 49.5 51.8 59.6 38.7 69.3 50.9 424 521 2.0

Table 6.5 PreFLMR performance after Stage 1. Infoseek, E-VQA, and OK-VQA
are tested in zero-shot mode. A.R.: Average Rank against all other models on all
tasks. LLa.- LLaVA; Info.- Infoseek; OK. - OK-VQA.

0NN N RN~

Table 6.5 details system performance after Stage 1 training, in which only the vision-
language mapping structure is trained. Similar to Sec. 6.5.2, scaling up the vision encoder
improves performance across tasks. PreFLMR exhibits strong zero-shot KB-VQA perfor-
mance at this preliminary stage (50.87 in Infoseek, 42.44 in E-VQA, and 52.14 in OK-VQA).
After Stage 1, PreFLMR with ViT-G performs worse than other variants on IGLUE, E-VQA
and OK-VQA. However, it attains the best performance on these datasets after Stage 3. This
suggests that tuning the mapping structure alone is not enough to fully utilise larger vision

models.

6.5.4 Ablation Studies
Removing Instructions

Removing instructions (Table 6.3 #7) results in much worse overall performance, with the
WIT recall rate reduced to 13.3. This shows that instructions are necessary for multi-task
learning and that our instruction scheme works well (the full list of instructions is given in
Appendix B.1). We observe a slight improvement in performance on E-VQA, from 70.8 to
71.3, after removing instructions. A plausible explanation for this is that the model undergoes
extensive training on E-VQA during the intermediate pre-training stage, leading to better

fitting to this dataset but not to others.
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Pre-training Datasets

Datasets WIT LLaVA Infoseek

All 34.14 50.82 4271
w/o CC3M 29.33 44.82 40.18
w/o LLaVA 33.78 30.78 39.20

w/o MSMARCO 33.96 47.88  38.90
w/o OVEN&KVQA 3396 4985  35.62

Table 6.6 Ablation study on Stage 1 pre-training datasets. The model is ViT-B + Base-v1.
We evaluate systems on Infoseek in zero-shot mode though it is not used in Stage 1 training.

As shown in Table 6.6, adding CC3M to training improves performance on all metrics,
showing that learning to understand scene via captioning datasets is beneficial. Removing
either LLaVA or MSMARCO harms zero-shot KB-VQA performance (—3.0 in Infoseek),
noting that Infoseek is not used in this stage. Training on these datasets facilitates learning
question-aware visual representations as the cross-attention in the mapping structure must
attend to the text input to perform well on these tasks. Omitting knowledge-intensive datasets
(OVEN and KVQA) negatively impacts the zero-shot performance on Infoseek, showing the

importance of using in-domain data in training the mapping structure.

Mapping Structure Scaling

Nrrg WIT LLaVA Infoseek

ViT-B + Base-vl 1L  34.1 50.8 42.7
ViT-B + Base-vl 4L 290 514 40.8
ViT-L + Base-v2 1L 496 512 48.7
ViT-L + Base-v2 4L 459 51.7 46.8

Table 6.7 Performance of adding more Transformer layers to the mapping structure. N7g is
the number of Transformer layers in the mapping structure.

Table 6.7 illustrates the impact of scaling up the mapping structure under two PreFLMR
configurations. Increasing cross-attention layers from 1 to 4 marginally improves LLaVA
performance (+0.5, approx.), but adversely impacts performance on WIT (-4, approx.) and
Infoseek (-2, approx.). We adhere to the 1-layer design, noting that adding parameters to the
mapping structure does not improve performance.

3The performance is not fully comparable due to differences in the construction of the test passage corpus
and the proprietary nature of the data and pipeline used in Lens. The reported figures serve as a reference point.
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Intermediate Pre-training

Stage 2 improves performance on KB-VQA tasks (Table 6.3 #3 vs #2 and #8 vs #5). With
intermediate pre-training, the score on other KB-VQA tasks (Infoseek, KVQA, OK-VQA)
increases by ~1% or more. This shows that E-VQA is an appropriate corpus for intermediate
pre-training. We analyse the gain from intermediate pre-training in more detail in Sec. 6.5.6.

6.5.5 Retrieval Augmented Visual Question Answering with PreFLMR

Model OK-VQA Infoseek E-VQA
Baseline 66.10 21.80 48.80
Baseline model PalLM-E PALI-X PalLM-B + Lens
AVIS 60.20 50.70/56.40% -
RA-VQA-v2 w/ FLMR 60.75 - -
RA-VQA-v2 w/ PreFLMR 61.88 30.65 54.45
w/o retrieval 55.44 21.78 19.80

Table 6.8 Downstream KB-VQA performance when RA-VQA-v2 (Chapter 5) is equipped
with PreFLMR and fine-tuned on the target M2KR’s KB-VQA sub-tasks. AVIS [117] is a
recently published hybrid system that leverages many planning stages to solve KB-VQA
questions, which we include for reference.

We build on RA-VQA-v2 proposed in Chapter 5 to tackle OK-VQA, Infoseek, and E-
VQA. We fine-tune the best-performing PreFLMR variant on the target retrieval task (ViT-G
+ Base-v2, Table 6.3 #14) and follow RA-VQA-v2 to fine-tune a BLIP2 answer generator
(Sec. 5.3.2) on the target M2KR KB-VQA task.> Following previous literature [273, 44,
219], we use VQA score, Accuracy, and BERT matching scores (BEM) [25] to evaluate
performance on OK-VQA, Infoseek, and E-VQA, respectively.

A brief summary of the systems shown in Table 6.8: PaLM-E [73], PALI-X [40] and
PalLM-B [10] are large multi-modal models with 562B, 55B, and 1T parameters, respectively.
The E-VQA state-of-the-art (as of date) [219] uses Lens [93], the Google API for image
retrieval. AVIS [117] is a hybrid system with many components (such as PalLI, PalLLM,
and Google Lens&Web Search API) and planning stages powered by LLMs. We note that

450.7 for Unseen Entity and 56.4 for Unseen Question; no overall accuracy is reported.

>We note that this work was conducted during the early stage of the release of Infoseek and E-VQA. We
prepared the data splits according to the need for retrieval training following Appendix B.1. The systems are
trained and evaluated on the data splits provided in M2KR to show the improvement relative to systems without
retrieval.
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PreFLMR could be used as part of the AVIS pipeline to enhance its ability to fetch relevant
documents given questions and images.

As shown in Table 6.8, compared to models without retrieval, PreFLMR improves
performance by approximately 6% on OK-VQA, 9% on Infoseek, and 34% on E-VQA.
These results highlight the effectiveness of PreFLMR in document retrieval for KB-VQA
tasks.

On OK-VQA, the performances of RA-VQA-v2 (PreFLMR) and RA-VQA-v2 (FLMR)
are similar. Table 6.3 #13 shows that PreFLMR attains similar Recall@5 as FLMR on
OK-VQA even though it has a much larger vision encoder. As a possible explanation, com-
pared to E-VQA and Infoseek, the knowledge required to answer OK-VQA question is less
specialised and many OK-VQA questions can be answered without document retrieval [219].
See Appendix B.5 for qualitative analysis that compares OK-VQA and E-VQA questions.
Another possibility is that, compared to E-VQA and Infoseek where the ground-truth docu-
ment is provided for each question, the OK-VQA training set does not provide ground-truth
knowledge documents. The retriever uses pseudo-relevant documents in training that contain
the target answer but these may not be truly useful for answering the question. This is
evidence that data quality should also be improved along with model scaling.

6.5.6 Analysis of Intermediate Pre-training

Sec. 6.5.4 shows that Stage 2 Intermediate Pre-training improves the performance as evaluated
by task-specific metrics. In this section, we further quantify the gains from Stage 2 for each
dataset and more clearly show that KB-VQA tasks benefit more from Stage 2 than other tasks.
We use the difference in minimal validation loss® achieved on each dataset starting from
checkpoints before or after Stage 2 Intermediate Pre-training as a measure of benefit. This
enables comparison of tasks with different performance metrics. Intuitively, a larger absolute
difference in validation loss indicates that the dataset benefits more from the Intermediate
Pre-training stage.

Figure 6.2 plots the difference in validation loss of every dataset when the starting
checkpoints have undergone N, intermediate pre-training steps using either BERT-medium
or BERT-base as the text encoder backbone. As expected, starting from E-VQA-pre-trained
checkpoints yields lower validation loss in knowledge-intensive tasks such as OK-VQA,
KVQA, and OVEN after the same number (5,000) of fine-tuning steps. Performance on
these datasets indeed sees more gain from Stage 2 training (Table 6.3, #5 v.s. #8). Figure

6.2 also indicates the existence of an optimal N;,.,, beyond which the model overfits to

%We find that the validation loss is predictive of the actual performance. A lower validation loss usually
suggests a better performance in the tasks that we study.
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Fig. 6.2 Change in Stage 3 validation loss when initialised from Stage 2 checkpoints after
Ninter steps of intermediate pre-training. A large difference indicates a greater gain from
intermediate pre-training.

E-VQA, harming performance on other datasets. The larger PreFLMR model with BERT-
base text encoder overfits faster than PreFLMR with BERT-medium (N;,er =~ 15,000 versus

Ninter = 10,000). We use V-Entropy [335] to formalise our analysis as an empirical measure

of mutual information between datasets in Appendix B.4.

6.5.7 Summary of Findings

We summarise the results of our investigations into scaling behaviour as follows:

The text encoder size need not exceed that of BERT-base (110M) to achieve competitive
multi-modal retrieval performance (Sec.6.5.2).

Scaling up the vision encoder from ViT-B to ViT-G yields substantial gains (Sec.6.5.2).
Scaling up the mapping structure does not improve performance (Sec.6.5.4).
Intermediate pre-training on high-quality in-domain data (E-VQA) effectively improves
retrieval performance across KB-VQA tasks (Sec.6.5.4, 6.5.6).

Strong knowledge retrievers boost performance on challenging KB-VQA tasks such as
OK-VQA, Infoseek, and E-VQA via Retrieval-Augmented Generation (Sec.6.5.5).

Ground-truth document labels are important to make full use of large models in training
multi-modal retrievers (Sec.6.5.5).
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Limitations and Potential Future Work

Limited by available computational resources, we leave several further investigations as
future work: (1) The CLIP-ViT models [50] were not pre-trained on in-domain data of
knowledge-intensive tasks. Further training may enhance the model’s ability to recognise
a broader range of objects; (2) Advanced training approaches beyond contrastive learning,
such as score distillation [264], could be explored to further enhance retrieval performance;
(3) Investigating a more optimal mix proportion of datasets with varying sizes also warrants

further exploration.

6.6 Summary

This chapter has studied the scaling of state of the art multi-modal document retrieval systems,
with a focus on enhancing fine-grained late-interaction retrieval for knowledge-based visual
question answering. We contribute a comprehensive training and evaluation framework,
M2KR, for general-purpose multi-modal knowledge retrieval. The PreFLMR system we
train in the M2KR framework yields excellent retrieval performance across a range of tasks
and can also serve as a base for further task-specific fine-tuning.

Additionally, the work discussed in this chapter addresses research questions RQ1 and
RQ2, details of which will be elaborated in the final chapter of the thesis (Sec. 9.1).

In the next two chapters, we shift the focus to another type of knowledge-intensive
question answering - Table Question Answering (TableQA). We will present two TableQA
systems that are deeply integrated with retrieval models, which attain state-of-the-art perfor-
mance on popular TableQA tasks.






Chapter 7

An Inner Table Retriever for Robust
Table Question Answering

7.1 Introduction

In the preceding chapters, we examined the methodologies utilised in KB-VQA, where we
presented retrieval methods as substantial improvements for KB-VQA systems. Beginning
with this chapter, our focus shifts to exploring retrieval methods for TableQA. This new
endeavor aims to further verify the effectiveness of retrieval methods in a different context.

Tables offer a systematic way of storing information in the Web and elsewhere. Extracting
information from Web tables poses different challenges than extracting information from
relational databases with logical queries, especially when queried via Natural Language (NL)
user questions. Table Question Answering (TableQA) is the task of answering such questions
with answers extracted from table content. This requires developing models with the ability to
reason over and understand tables. TableQA has broad applications across various domains.
For instance, TableQA can address user inquiries about product properties, like specifications
and prices, stored in tables on online shopping platforms. Additionally, TableQA is capable of
extracting specific data, such as numbers from a datasheet, in email attachments as requested
by users. In this thesis, we focus on relational tables, where data is structured into rows
and columns. Each table represents a type of entity, and each row corresponds to a specific
instance of that entity. Columns represent attributes of the entity. For instance, considering
the previous example of product properties, such information could be structured into a table
with rows labelled ‘price: 1,000 pounds’ and ‘length: 3 meters’, with ‘price’ and ‘length’ are

two properties.
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Following the success of the pre-training paradigm for understanding NL text [66], some
recent research has focused on pre-training Transformer models [307] on large corpora of
linearised tables in a self-supervised fashion using encoder-only architectures [106, 353, 339],
or encoder-decoder architectures [200, 135]. These so-called Tabular Language Models
(TaLLMs) [69] were fine-tuned on the TableQA downstream task—among others—to achieve
state-of-the-art performance [106, 200]. However, the self-attention mechanism in TaLMs
has a quadratic complexity on the dimensionality of the input and tables, which might consist
of tens or even hundreds of rows and columns, thus yielding longer sequences than the TaLMs
can easily handle. State-of-the-art TableQA models handle this limitation by truncating the
linearised table to fit an input length budget, e.g., of 512 and 1024 tokens by Herzig et al.
[106, TaPas] and Liu et al. [200, TaPEx], respectively. In other applications, simple sequence
truncation might be reasonable, e.g., encoding only the initial paragraphs of a Wikipedia
document presuming it comprises a summary, or dropping earlier turns in Conversational
QA to focus on the recent ones. However, in TableQA it is not realistic to assume that
relevance depends on the position within the linearised sequence, especially because different
questions require various table regions to be properly answered. For example, even for a
standard data set as WikiTableQuestions, naive truncation allows information loss affecting
18.1%-44.9% of tables, which limits QA accuracy (see Sec. 7.4.1 for details). This is also an
important limitation in latency-constrained realistic use cases that use big tables. To this end,
a content-driven strategy is needed to avoid information loss. We refer to tables exceeding
the input length budget as overflow tables, as opposed to compact tables, which fit within
the budget. An example of an overflow table is shown in Fig. 7.1(a), where naive truncation
leads to the wrong answer.

In this chapter, we propose a novel retrieval methodology, ITR (Inner Table Retriever), to
improve on this problem by creating smaller sub-tables, i.e., within a length budget, based
on dense retrieval of table rows and columns according to the relevance to the question. An
example is shown in Fig. 7.1(b). Our method is flexible and can be integrated off-the-shelf
into virtually any existing TableQA system. To the best of our knowledge, our work is
the first to propose a sub-table selection strategy based on neural models in the context of
TableQA that improves the accuracy, especially for the overflow tables, setting a new state of
the art. Other input selection strategies, mainly heuristics-based, have also been proposed in
the literature [152, 353, 78], which we discuss further in Sec. 7.2.

We aim to develop a pipeline designed to accommodate any TableQA models based
on two key design rationales. First, recent work introduces new Transformer architectures
to process long tables, which typically require retraining the models and could potentially

degrade performance compared to full self-attention Transformers [78, 152]. Second, it
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C1 Co Cs Cy4
Rank Mountain | Mountain Elevation
Peak Range
Mount Sierra
0 Whitney | Nevada 14,505 ft G2 C4
r Mount Sierra Mountain | o\ = ton
" | Wiliamson| Nevada | 143791 Peak

r;| o | RedSlate| Sierra .. | Red Slate
Mountain | Nevada 13,162 ft *1 Mountain 13,162 ft

Mount Sierra Mount
r r
4 3 Ritter Nevada 13,1491t ¢ Ritter 13,1491t

(a) (b)

Question: which mountain peak is no higher than 13, 149 ft ?

Table (a): [HEAD] rank | mountain peak | mountain range | elevation [ROW] 1: 0 |
mount whit ney | s ierra ne v ada | 14 , 505 ft [ROW] 2 : 1 | mount will iam

Answer: mount whitney %

Sub-table (b): [HEAD] mountain peak | elevation [ROW] 1 : red slate mountain |

13, 162 ft [ROW] 2 : mount ritter | 13, 149 ft Answer: mount ritter

Fig. 7.1 TableQA example with the model input length budget set to 50 tokens using TaPEx
tokenisation and table linearisation format; (a) is an overflow table because the linearised
version must be truncated. Our method can identify sub-tables like (b) within the length
budget, removing the information loss.

is crucial that our pipeline is versatile enough to support any TableQA models, including
those specifically designed for handling long tables. This versatility is important because
integrating retrieval methods is expected to effectively minimise irrelevant and redundant
information, thereby enhancing overall model performance even for models that is already
able to process very long tables.

To summarise, the contributions of this chapter are the following:

1. We propose ITR, an efficient approach to handling overflow tables for TableQA models,
which produces sub-tables containing the most relevant information for answering a

question while fitting within the budget.

2. We combine ITR with existing TableQA systems such as TaPas, TaPEx, and Om-
niTab [135], and achieve a new state of the art result for two standard benchmarks,
WikiSQL and WikiTableQuestions.
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3. We evaluate the robustness of ITR against current TableQA models on overflow ta-
bles (defined earlier in this section), when reducing the length budget, and when

repositioning relevant table information.

The code and data have been released at: https://github.com/amazon-science/robust-tableqa.

7.2 Related Work

This section provides an overview of the related work up to January, 2023, the time of this
study.

The works most related to ours employed different pruning strategies to handle large
tables. Yin et al. [353, TaBERT] introduce the concept of content snapshot as encoder
input. This snapshot is composed of a small number of rows which are chosen based on the
n-gram similarity between the question and column headers and cell values. In a similar
fashion, Eisenschlos et al. [77] explore Jaccard similarity to obtain the most similar columns.
In addition, they leverage model tokenizer to reduce cell tokens to their first token, when
necessary, and dropping entire rows that do not fit the length budget. However, lexical
similarity and naive truncation are not optimal and may lead to information loss, which has a
drastic effect on TableQA performance, as we show later in our experiments (Sec. 7.5) and
in example system outputs (Sec. 7.7).

Another line of work focuses on balancing model efficiency and accuracy when handling
long tables. Krichene et al. [152, DOT] first uses a smaller pruning transformer to selects
top-K tokens from the input table, and then a larger second task-specific transformer takes
into consideration only the selected K tokens and their pruning scores; Eisenschlos et al.
[78, MATE] can accept more tokens while not significantly increasing latency. Authors
apply sparse self-attention and use different attention heads for tokens in the same column
and row. However, their proposed mechanisms are intricately embedded within the model,
necessitating the model’s retraining to ensure proper functionality. In contrast, our ITR
method, as a flexible plug-in process, can work independently of any underlying TableQA
model without retraining. Moreover, our approach is complementary to theirs since ITR can
drop irrelevant information in tables efficiently and pass the trimmed compact table to the
underlying model. This can further exploit the potentials of virtually any TableQA models
and improves their performance.

Although not specific to TableQA, works such as Wang et al. [315] and Chen et al. [41]
employ chunking strategies, i.e., encoding table chunks separately and then aggregate them
together. However, chunking is not widely employed in the literature [69], due to encoding

overhead requiring multiple inference calls for each chunk. This additional computational
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demand can significantly slow down the processing time and increase resource usage, making
it less efficient compared to single-pass methods that encode the entire table at once. In

contrast, our proposed solution chooses the most relevant table content and encode only once.

7.3 Method

7.3.1 Task

Given a question ¢ and a table T, TableQA systems return an answer denotation a, either
by performing table cell selection or as the result of operations (such as counting) carried
out over an aggregation of table cells. As defined in Sec. 2.5, ‘denotation’ refers to a list of
cell values or numerical values derived from selected table regions via aggregation functions
(e.g., SUM, which adds up the values in the selected cells) [237]. Our approach aims to
find one or more sub-tables 7j,;, containing the most relevant information from 7" needed to
answer q; Ty, can replace 7T as the input to virtually any existing TableQA system.

To this end, we map a table 7 into a set of items, where an item is either a complete row or
a complete column. For an n x m table, this gives a set of items {ry,...,r,c1,...,cn}. Then,
we construct sub-tables by specifying subsets of these rows and columns: a sub-table consists
of the cells at the intersection of the selected rows and columns. We refer to each such set of
rows and columns as a mix, and note that a mix must contain at least one row and one column
to specify a valid sub-table. The table in Fig. 7.1(a) is defined as {ry,r»,r3,r4,c1,¢2,¢3,¢4},
and the sub-table in Fig. 7.1(b) is specified as the mix {r3,r4,c2,ca}. {c2,c4} is not a valid

sub-table, since no cells will be intersected with only column-wise items.

7.3.2 Inner Table Retriever

ITR is a process of retrieving table rows and columns, and combining them to form sub-tables
Ty, with g as a query. We describe the steps for creating sub-tables in Algorithm 1. Lines
2-6 compute item similarities to ¢, and the function Items(7) in Line 4 maps T into its
n~+ m items. Following Karpukhin et al. [143, DPR], we have two fine-tuned encoders, one
for questions (Ep) and another for table items (Er).

We fine-tune DPR encoders using a question as a query and the row/columns that contain
the gold answer cells as positive items. Then we sample the negative items from the remaining
row/columns in the table. We leverage the standard DPR contrastive loss (as used in Sec. 3

Eq. 3.2) to fine-tune the two encoders so that the similarities between question and positive
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Algorithm 1 Creating N sub-tables from T for g.
1: def ITR(q, T, Eg,Er, N, b):

2: Z— (], Tyup < [}, Taux < [, L <[]
3: eq <+ Eo(q)
4: for each i € Ttems(T) do
5: e < ET(i)
6: Z < ZU{sim(ey,e;),i}
7: for each i € Sorted(Z) do > ] sim
8: Toux < Ty Ui
9: if CheckValid(7,,,) then
10: Tsup < Tsup U Taux
11: for eacht € T, do
12: L < LU{Length(t),t}
13: Ty < ]
14: for each (/,¢) € Sorted(L) do > | length
15: if [ > b then continue
16: Tsup < Toup Ut
17: return 7y,;,[ : N]

item embeddings are maximised.! At inference time, we compute the contextual embeddings
for the question (Line 3) and all the items in a table (Line 5) and compute their similarity,
sim(-), as the dot product in Line 6. In practice, pre-computed embeddings of table items can
be cached offline.

Creating sub-tables

In Lines 7-10 we loop through the table items ranked by highest similarity and aggregate in
T,ux. CheckValid( T,,,) verifies that T, is a valid sub-table, i.e., there exists at least one
column-row intersection (see Sec. 7.3.1).

Choosing the most appropriate sub-tables

In Lines 11-16 we sort the sub-tables by their sequence length in descending order, and filter
out any sub-table which exceeds the length budget b. Finally, in Line 17 we return the top-N
remaining largest sub-tables that fit the budget length to be used as input to the TableQA
model. Each returned sub-table is guaranteed to contain the most relevant items, due to the

sorting operation in Line 7.

'"More details in Appendix C.1.1.
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7.3.3 TableQA with ITR

Through the ITR process, we obtain N sub-tables T,;, as replacement for the original table
T. Each sub-table, together with the associated NL question g, is linearised into a sequence
of tokens prior to encoding, using the corresponding TableQA tokenizer. We exemplify this
in Fig. 7.1, where both table (a) and sub-table (b) are similarly processed. Each linearised
sequence is used as input to the TableQA model, thus obtaining N predictions, out of which
we choose the most confident answer. We empirically find that the model performance is
marginally better when N > 1, instead of only considering the largest sub-table (see Sec. 7.6;
Appendix C.3).

7.4 Experimental Setup

7.4.1 Datasets and Evaluation

We use two popular datasets for TableQA which are constructed from Wikipedia: Wik-
iSQL? [381] and WikiTableQuestions® [237, WikiTQ ], with each posing different challenges.
WikiSQL is a simpler TableQA dataset than WikiTQ as it requires mainly filtering and simple
operations of table cells to answer a question. WikiTQ demands more complicated reasoning
capabilities such as aggregations, comparisons, superlatives, or arithmetic operations, e.g.,
SUM, MAX. We measure DA (Denotation Accuracy) for validation and test sets, to assess
whether the predicted answer(s) equals the ground-truth answer(s). Additionally, we intro-
duce the distinction between compact tables and overflow tables, which is determined by the
length of linearised question-table pair. Statistics in Table 7.1 show that even when using
a relatively high number of tokens, i.e., 1024 or 512—the allowed maximum supported by
most of Transformer-based encoders— the range of overflow tables is very high, 7-33% in
WikiSQL, and 18-45% in WikiTQ. ITR is applied only for overflow tables, as compact tables
already fit in the token budget. Finally, we evaluate ITR retrieval ability on WikiSQL using
Recall@K, which measures whether all the gold rows/columns for answering a question are

among the top-K retrieved items.

Zhttps://huggingface.co/datasets/wikisql
3https://huggingface.co/datasets/wikitablequestions
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WikiSQL WikiTQ
max tokens Dev Test Dev  Test
1024 6.8 97 19.2 18.1
512 30.6 3277 444 449
256 68.6 699 81.5 826
128 98.0 98.2 100 100
64 100 100 100 100

total samples 8421 15878 2831 4344

Table 7.1 Total number of samples and overflow rate (%) for different length budgets in
WikiSQL and WikiTQ. Question-table pair sequence length is calculated based on TaPEx’s
tokenizer and linearisation strategy.

7.4.2 Training Setup

For both I'TR retrieval component and the underlying TableQA systems that we train in-house,
we choose the best checkpoint based on the performance on the validation set. Otherwise, for
TableQA systems in the literature, we use the released checkpoints from huggingface.

Since WikiTQ does not provide SQL annotations, which are needed to obtain gold answer
cell coordinates for supervising the I'TR retriever (see Sec. 7.3.2), we use the model trained on
WikiSQL in a zero-shot fashion to retrieve the relevant table items for the WikiTQ TableQA
task. We set the number of sub-tables N=10 when using TaPEx and OmniTab systems, and
N=1 with TaPas (see Appendix C.3). We provide details and hyperparameters for ITR and
TableQA models in Appendix C.1.

7.4.3 Comparison Systems

We evaluate the effectiveness of ITR by comparing our ITR-enhanced baselines with recent
models from literature that report performance on WikiSQL or WikiTQ [221, 106, 358,
200, 135]. We provide detailed comparisons using TaPEx, TaPas, and OmniTab, with ITR
included in inference alone, as well with ITR integrated into TaPEx training. TaPEx (Sec. 2.5,
Fig. 2.47) leverages BART [166], an encoder-decoder model, as the base model. TaPEx
takes as input a <question, table> pair and autoregressively generates an answer, implicitly
performing any kind of aggregations. OmniTab extends TaPEx and leverages multi-tasking
and data augmentation to establish a new state of the art in WikiTQ. TaPas is an encoder
model built on top of BERT [66] which takes as input a <question, table> pair and learns
jointly to: 1) select table cells by thresholding the cell confidence, and ii) predict an explicit
operator to aggregate results from the cell selection. We use a recent version of TaPas
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Models Dev  Test
Min et al. [221] 84.4 83.9
TaPas, [106] 85.1 83.6
TaPas [77] 89.8 -

Yu et al. [358] 85.9 84.7
TaPEx [200] 89.2 89.5
OmniTab [135] - 88.7

ITR — TaPEx (#6) 91.8 91.6
ITR — TaPas (#5) 92.1 92.1

Table 7.2 Results on WikiSQL. Bold denotes the best DA for each split. # references a row
in Table 7.4.

proposed by Eisenschlos et al. [77] which leverages intermediate pre-training and table
pruning, e.g., cell truncation to the first token and dropping rows that exceed the limit,
improving significantly the initially released model (TaPas,g). When applying ITR, we
disable TaPas table pruning and use the full sub-table(s). Regarding their capacity, TaPEx
and OmniTab support up to 1024 tokens, while TaPas can take up to 512 tokens.

It is worth noting that we have not been able to fully reproduce the reported results in
the literature of TaPas, TaPEx and OmniTab with their huggingface implementations.
This discrepancy is attributed to cross-framework dependencies, as well as model-specific
preprocessing and evaluation scripts. To assess the realistic contribution of ITR, we also
report reproduced results using the same unified framework across all models. We discuss
reproducibility in Appendix C.1.3.

7.5 Results

7.5.1 Main Results

We report the performance of our best ITR-enhanced TableQA models for WikiSQL and
WikiTQ in Tables 7.2 and 7.3, respectively, and compare with the state-of-the-art results as
reported in the literature. In WikiSQL, ITR-enhanced models consistently outperform all
previous baselines. ITR improves TaPEx and TaPas performance with 2.6 and 2.3 DA points
in the Dev set, respectively. ITR — TaPas sets a new state of the art for WikiSQL, reaching a
DA of 92.1% in the Test set. In WikiTQ, results are mixed: ITR shows slight degradation
over TaPas in the Dev set. Combined with TaPEx, ITR improves DA by 4 points. Further,
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Models Dev Test
TaPas, [106] 29.0 48.8
TaPas [77] 50.9 -

Yin et al. [353] 53.0 52.3
Yu et al. [358] 51.9 52.7
TaPEx [200] 57.0 57.5
OmniTab [135] - 62.8

ITR — TaPEx (#9) 61.8 61.5
ITR — TaPas (#5) 50.5 50.8
ITR — OmniTab (#7) 62.1 63.4

Table 7.3 Results on WikiTQ. Bold denotes the best DA for each split. # references a row in
Table 7.4.

WikiSQL WikiTQ
# Models Dev Test Compact Overflow Dev Test Compact Overflow
1 TaPas (hf) 904 89.5 92.1 76.3 50.2 50.6 554 37.6
2 TaPEx (hf) 89.5 88.7 91.9 59.1 572 555 60.5 32.7
3 OmniTab (hf) - - - - 61.0 62.1 66.5 35.9
4 TaPEx 88.4 87.7 90.8 58.2 58.7 57.8 62.8 353
5 ITR — TaPas (hf) 92.1 921 92.1 92.1 50.5 50.8 554 38.2
6 ITR — TaPEx (hf) 91.8 91.6 91.9 89.1 584 569 60.5 41.1
7 ITR — OmniTab (hf) - - - - 62.1 634 66.5 45.3
8 ITR — TaPEx 90.5 90.6 90.8 87.7 60.4 58.8 62.8 41.1
9 ITR — TaPEx (+train) 913 914 91.6 89.4 61.8 61.5 65.2 44.8

Table 7.4 DA on WikiSQL and WikiTQ when applying I'TR at inference time only or also in
training. TaPEx denotes the in-house fine-tuned TaPEx (hf) model. Compact and Overflow
are subsets of the Test split. Only Dev/Test DA values are directly comparable across models.
This is because the token limit is different for TaPEx and OmniTab (1024) and TaPas (512),
and overflow samples are of different sizes for these models, i.e., 9.7% for TaPEx and
OmniTab (see Table 7.1) and 16.6% for TaPas. Bold denotes the best accuracies for each
dataset split.

combined with OmniTab, ITR improves DA by 0.6%, reaching a new state-of-the-art result
on this task.

In Table 7.4 we compare I'TR in a unified experimentation setting using the released
model checkpoints in huggingface for inference-only evaluation, and the in-house fine-
tuned TaPEx model that enables both training and evaluation with ITR. For OmniTab, only
the WikiTQ model is made available, thus we do not evaluate in WikiSQL. We also break
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down the performance into compact and overflow tables to better assess the contribution of
ITR. When evaluated using the same settings, ITR consistently improves on top of baselines
(#5-7 versus #1-3) on WikiSQL and WikiTQ, respectively: TaPas (+2.6% and +0.2%),
TaPEx (+2.9% and +1.4%) and OmniTab (+1.3% on WikiTQ only). This is also true for
the in-house trained TaPEx (#4 versus #8). ITR reduces the compact/overflow performance
gap significantly: ITR increases overflow DA with up to 30% (with TaPEx) and 9.4% (with
OmniTab) on WikiSQL and WikiTQ, respectively, making the underlying model more robust
to larger tables. In fact, in WikiSQL we almost close the gap between compact and overflow
tables (#5). These results show that ITR can be applied at inference time to always improve
performance by presenting more complete and relevant information in state-of-the-art model
decision process, even without interfering with the model training process.

Additionally, fine-tuning TaPEx with ITR sub-tables (#9) is better than using ITR only at
inference time (#8). Training with ITR improves the overflow DA by 1.7% on WikiSQL and
3.7% on WikiTQ. The Test performance increases by 0.8% and 2.7%, respectively. Not only
does ITR improve the decision process of underlying models at inference time, but it further
increases performance if included in the model training process as well. This demonstrates
that ITR can be flexibly applied to any TableQA model.

7.5.2 Repositioning Denotations

Models Test Test,;, Compact Compact,, Overflow Overflow,y.
TaPEx 87.7 82.8 90.8 89.1 58.2 23.6
ITR — TaPEx 914  90.0 91.6 90.5 89.4 85.3

ITR — TaPEx (+train shuffled) 91.5  90.8 91.8 91.2 89.0 87.1

Table 7.5 DA in WikiSQL when repositioning denotations to the bottom-right corner of the
table, denoted as D, where D is any of the dataset splits. Bold denotes the best DA for
each dataset split in the extreme scenario.

In Table 7.4 we notice that models that naively truncate table sequences (#1-4) may
observe the correct denotations within the length budget, achieving 58.2-63.2% DA in
WikiSQL even for overflow samples. This is because the original table happens to present the
answer early, e.g., in the first column/row. To fully investigate the potential and usefulness of
ITR, we create an extreme case by moving gold rows and columns altogether to the bottom
right of each table, thus reducing the chances of arbitrary success due to dataset design. For
this analysis, we use WikiSQL since it provides the gold cell annotations. We evaluate TaPEx
in combination with ITR on both the original and extreme-case set and report results in Table
7.5.



152 An Inner Table Retriever for Robust Table Question Answering

100 WikiSQL WikiTQ 100
g9.7 91.6 916 90,7 91.9 921
84.8 864 _4——+—%
88.7 o 89.5
:\D\ 80 71}/ 82.1 84.5 80
> 71.4 9
£ 60 65.9 539 569 60 g
:(d =g 4g 508 5
< w0 48.3 42.3751.2 41.8 ,17’3‘ 50.6 w0 3
= 42.0 33.5 =
g 31438 4 393 g
2 24.4 . e}
3
O 59 25.6 24.9 25.6 20
16.9
0 0
64 128 256 512 1024 64 128 256 512 64 128 256 512 1024 64 128 256 512
(a) TaPEx (b) TaPas (c) TaPEx (d) TaPas baseline
Maximum Length (tokens) —+— +ITR

Fig. 7.2 Impact of input length budget on Denotation Accuracy (line plots) and Overflow
Rate (bar plots) for WikiSQL (left) and WikiTQ (right) Test sets.

Unsurprisingly, the overall performance of TaPEx drops sharply from 87.7% to 82.8%,
with the overflow accuracy dropping 34.6%, from 58.2% to only 23.6%. This suggests
that in extreme cases failure to address the long table issue will harshly degrade model
performance and that the reported DA values can be optimistic due to the convenient position
of the relevant information at the top of the table. ITR-enhanced TaPEx is less affected: the
overall DA degrades by 1.4% and overflow accuracy by only 4.1% as opposed to 34.6% drop
of TaPEx. The 4.1% drop is mainly due to the positioning bias that the TableQA system
might have learned during training. In fact, if we introduce row/column repositioning also
at training time (+train shuffled), i.e., making gold answer denotations appear equally in
any possible position of the input sub-table, we observe a reduced impact of the extreme
repositioning at inference time: the performance drop is only 0.7% overall and 1.9% in the

overflow split. We further discuss row/column positioning effects in Appendix C.2.

7.5.3 Reducing the Input Length Budget

In production pipelines, latency is a crucial issue. Minimising the number of tokens at the
model input, and consequently the overall latency, can significantly enhance user experience.
We explore the input length budget within 64 to 1024 tokens and compare TaPEx and TaPas
when combined with ITR in WikiSQL and WikiTQ.

We recall from Table 7.1 that overflow rate increases drastically with shorter length
budgets. TaPEx and TaPas use different linearisation and tokenization strategies, thus they
yield different overflow rates for the same budget. However, for both models and dataset, 64

tokens leads to an 100% overflow rate.
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We show the DA values in WikiSQL and WikiTQ in Fig. 7.2. In WikiSQL, ITR helps the
TableQA model remain in the region of the best accuracy even when reducing the budget
to 256 and 128 tokens for TaPEx and TaPas, respectively. Without the aid of ITR, both
models sharply degrade in performance. Interestingly, TaPEx-based models are less robust
when reducing the number of tokens than the TaPas-based model. This is because TaPEx
linearisation uses up tokens faster, therefore encoding less table information overall, and
TaPas employs a naive truncation strategy to fit cells as much as possible even at the cost
of truncating cell contents (see Sec. 7.7 for examples of system outputs). In WikiTQ, while
the trend remains unchanged, there is a more noticeable drop for all the models. This is due
to the challenging nature of WikiTQ questions which generally require visibility of larger
portion of tables. However, I'TR still improves over baselines, further widening the gap as
we decrease the length budget to 128 and 64 tokens. Similarly to results in WikiSQL, TaPas
is more robust in extreme scenarios in WikiTQ.

Thus, while ITR benefits models in standard benchmarks, it is even more beneficial in
extreme realistic scenarios.

7.6 Ablation Study

7.6.1 ITR Variants

In addition to our ITR, we investigate several variants: with varying number of sub-tables N,
representing tables using columns or rows only, creating sub-tables with different strategies,

or scoring items via a different measure of relevance.

Row/Column-only Items. Our ITR considers a mix of both row and column items. We
redefine Algorithm 1 to consider only row or column items, but not both, creating the
following ITR variants:
1. ITR.,;: Items(T) maps a table T into a set of columns, e.g., {c1,c2,¢3,¢c4} in
Fig. 7.1(a). A sub-table is created by combining the retrieved columns, e.g., Fig. 7.1(b)
would be represented as {cy,c3} but containing all 4 rows for the 2 columns.

2. ITR,y,: similar to ITR,,;, but only considering row-wise items.

Reduction versus Addition. ITR returns the largest N possible sub-tables by iteratively
dropping irrelevant items to fully leverage the length budget (here referred to as Reduction,
and models are suffixed by ‘7). As such, we do not consider the remaining smaller sub-

tables. To verify whether dropping the irrelevant items is a better approach, we contrast it
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with an Addition strategy (models suffixed by ‘*’

), where we return the top-N sub-tables
created by successively appending the top-N items by their similarity with g, 1.e., after Line

10 in Algorithm 1.

Semantic versus lexical. Finally, inspired by table input selection strategies in litera-
ture [77, 353], we use n-gram similarity instead of dense retrieval in Algorithm 1 (Lines 5-6)
and obtain ITR,¢/qm. We use ITR 4,4, to assess the importance of dense retrieval for ITR
and its benefits in TableQA.

7.6.2 Results

WikiSQL WikiTQ

# Models Dev Test Compact Overflow Dev Test Compact Overflow
1 TaPEx 884 877 90.8 58.2 58.7 57.8 62.8 353
ITR — TaPEx 91.3 914 91.6 894 61.8 61.5 65.2 44.8
with N=1 91.0 91.0 91.6 85.5 614 612 65.2 43.2
3 ITR_, — TaPEx 89.8 89.5 91.3 72.9 60.9 60.8 64.7 43.4
4 ITR,,, — TaPEx 91.1 91.1 914 87.8 60.3 599 63.8 421
5 ITR/, — TaPEx 89.9 89.6 91.2 74.4 60.2 58.8 62.1 43.6
6 ITR;,,, — TaPEx 90.3 90.5 91.5 80.9 50.9 4938 533 33.7
7 ITR,gm — TaPEx 89.5 89.1 91.5 66.6 57.8 572 62.4 335

Table 7.6 Ablation study of ITR and its variants. Compact and Overflow are subsets of the
Test split. ITR is applied both in training and inference. Bold denotes the best accuracies for
each dataset split.

In Table 7.6 we compare the accuracy of ITR variants on WikiSQL and WikiTQ. In
WikiSQL, ITRiOtV’_} variations (#4 & #6) perform better than the baseline (#1) and the
column-wise counterparts (#3 & #5). In WikiTQ we see the opposite: ITRE;?’_}
(#3 & #5) perform better than baseline (#1) and the row-wise counterparts (#4 & #6).
However, ITR (#2) demonstrates superior performance across the board by jointly ranking

variations

the most relevant rows and columns, which strikes the right balance between the preference
for each dataset. Even with N=1, I'TR significantly improves the TaPEx baseline. Indeed,
N=10 delivers only a slight improvement over N=1, by 0.3-0.4% in Test set depending on the
dataset. As such, N=I is a more efficient solution for applications with limited computational

resources. We further discuss varying N values in Appendix C.3.
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Fig. 7.3 Results on the test set of WikiSQL for ITR and ITR 4,4, item retrieval. For ITR 4,4
we set n < 3, and plot n = 3 which shows always better performance.

Semantic versus lexical input selection. In Fig. 7.3, we compare ITR and ITR,,4;4,,» When
performing both row-wise, and column-wise retrieval using Recall @K (whether all the gold
cells are in the retrieved table items). Neural-based ITR outperforms ITR 4,4, for all values
of K and both item types. The retrieval performance of ITR converges after K > 5 for
ITR.,; and K > 10 for ITR,,,. For ITR,,¢,4m, higher values of K are needed to achieve full
Recall@K.

The lower performance of ITR 4,4, 1s €xplained by poor lexical matching of the question
with cell values and column names, as compared to the embedding similarities used by
neural counterparts. For example, two viable questions that can be answered with the ‘Rank’
column in Fig. 7.1 are “which mountain peak is the highest?”” and the less natural “which is
the mountain peak that has the lowest value in the rank?”. While the latter matches with the
column name, the former is more natural for human to ask and it does not match the column
names via n-gram similarity. It is worth mentioning that WikiSQL is more canonicalised and
the ITR ;g4 results in Fig. 7.3 might be positively affected by the nature of WikiSQL. We
expect the gap between ITR and ITR 44, to be even larger in challenging datasets where
the reference question is more human-like, e.g., WikiTQ. This is indeed evident when these
variations are integrated in TableQA. Unsurprisingly, results in Table 7.6 (#7) show that, in
contrast to ITR, the ITR 4,4, variation is able to improve the baseline performance (#1) in
WikiSQL, but degrades the performance in WikiTQ.
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7.7 Example System Outputs

In this section, we discuss two cases from system outputs. We illustrate the relevance assigned
by ITR on the original table rows and columns as a heat-map where the color scale reflects
the relevance scores per each column and row with respect to the question (green — yellow
— orange — red). To obtain cell scores in their intersection, we sum up their corresponding
column-wise and row-wise scores. As a result, more relevant cells are more red.

In Table 7.7 we show a side-by-side comparison of TaPas and TaPEx under the 64 token
reduction scenario, and the benefit of applying ITR. TaPEx uses special tokens for encoding
the table structure, which make the linearised sequence longer. TaPas instead, encodes the
table structure via additional embedding layers (as introduced in Sec. 2.5.2 and Fig. 2.46). In
addition, TaPas applies cell truncation to the first token for each cell, which are reconstructed
as a post-processing step, and drops rows that exceed the token budget. This allows TaPas to
be fed a larger portion of the table in the input, even if the cell information might be lost, e.g.,
in Table 7.7 Figure A, ‘OF-8’ is squeezed into only ‘OF’ removing the distinction between
‘Equivalent NATO Rank’ across rows. As such, under extreme scenarios TaPas performs
better than TaPEx, due to the visibility of a larger portion of the table. ITR proves beneficial
and enables TaPEx to view only the relevant information within the token budget (Table 7.7
Figure B, left) to correctly answer the question.

In Table 7.8 we show a comparison of table pruning strategies included in TaPas, such
as cell and row truncation, which might cause information loss. We disable those when we
apply ITR, and provide TaPas with the full information contained on the question-relevant
cells, as determined by ITR. In Table 7.8 Figure C, ‘New York’ and ‘New England Patriots’
are both truncated as ‘New’ by TaPas. This information is crucial for correctly answering the
question. Indeed, TaPas fails to locate the right cell after truncation, and predicts a wrong
answer. The sub-table created by ITR in Table 7.8 Figure D presents the full information of

relevant cells to the model, thus enabling TaPas to make the correct prediction.

7.8 Limitations and Potential Future Work

First, in this work we limit the experimentation to vertical relational web-tables only, fol-
lowing the format of benchmarks used in TableQA, i.e., WikiSQL and WikiTQ. While we
believe that ITR can easily be extended to horizontal entity web-tables, e.g., tables from
Wikipedia, we do not expect our algorithm to transparently work on other types of tables
that we do not consider, e.g., matrix tables from scientific papers and/or spreadsheets [315],

where table items can be represented differently. However, this is not a limitation of the



7.8 Limitations and Potential Future Work

157

Question: What could a Spanish Coronel be addressed as in the commonwealth military?
Gold Answer: Group Captain.

Equivalent Rank in Spanish Rank in English Commonwealth US Air Force
NATO Rank equivalent equivalent

0 OF-8 General del Aire  Lieutenant General Air Marshal Lieutenant General
1 OF-7 Brigadier General Major General Air Vice-Marshal Major General

2 OF-5 Coronel Colonel Group Captain Colonel

3 OF-4 Teniente Coronel  Lieutenant Colonel Wing Commander Lieutenant Colonel
4 OF-3 Mayor Major Squadron Leader Major

5 OF-2 Capitan Captain Flight Lieutenant Captain

6 OF-1 Teniente Primero First Lieutenant Flying Officer First Lieutenant
7 OF-1 Teniente Segundo  Second Lieutenant Pilot Officer Second Lieutenant

Figure A: Original Table from WikiSQL with ITR relevance heat-map.

Model Input [question, table (serialised and tokenised)]  Prediction Notes

TaPEx  <s> what could a spanish coronel be addressed as ~ Air Marshal TaPEx uses separation
in the commonwealth military? col : equivalent tokens interleaving cell
nato rank code | rank in spanish | rank in english | values.
commonwealth equivalent | us air force equivalent
row 1 : of-8 | general del aire | lieutenant general
| air marshal | lieutenant general</s> (truncated
at 64 tokens)

TaPas  [CLS] what could a spanish coronel be addressed ~ Group Captain ~ TaPas uses additional
as in the commonwealth military? [SEP] equiva- embedding layers to en-
lent rank rank commonwealth us of general lieu- code table structure. The
tenant air lieutenant of brigadier major air major TaPas tokenizer by de-

coronel colonel group colonel of teniente lieu- fault squeezes the num-
tenant wing lieutenant of mayor major squadron ber of tokens in each cell
major of capitan captain flight captain of teniente to fit the table (e.g., ‘OF-
first flying first (62 tokens, with only 1 token in 8’ is squeezed into only
each cell and truncated at 7 rows) ), during which pro-
cess information may be

lost.

Rank in Rank in | Commonwealth Rank in Spanish| Rank in English Commonwealth US Air Force

Spanish English equivalent equivalent equivalent

| 2 | Coronel Colonel | Group Captain | 2 | Coronel Colonel Group Captain Colonel
| 5 | Capitan Captain | Flight Lieutenant | 3 |Teniente Coronel Lieutenant Colonel Wing Commander Lieutenant Colonel
L 5 | Capitan Captain Flight Lieutenant Captain

Figure B: Largest sub-table obtained for TaPEx (left) and TaPas (right) with ITR relevance heat-map. The largest sub-table
for TaPas is bigger than that of TaPEx as the sequence length is calculated based on the tokenization of each TableQA

model.

Model Input [question, sub-table (serialised and to- Prediction Notes
kenised)]

ITR — TaPEx  <s> what could a spanish coronel be addressed as ~ Group Captain Now, the information be-
in the commonwealth military? col : rank in span- ing sought is within the
ish | rank in english | commonwealth equivalent length budget, leading to
row 1 : coronel | colonel | group captain row 2 : successful answering.
capitan | captain | flight lieutenant</s> (52 tokens
without truncation)

ITR — TaPas [CLS] what could a spanish coronel be addressed ~ Group Captain Now, the input sub-table

as in the commonwealth military? [SEP] rank in
spanish rank in english commonwealth equivalent

us air force equivalent coronel colonel group cap-

tain colonel teniente coronel lieutenant colonel

wing commander lieutenant colonel capitan cap-

tain flight lieutenant captain (53 tokens without
truncation)

is fully presented with-
out harshly squeezing
cell tokens.

Table 7.7 Example system outputs with 64 token budget: comparing TaPEx and TaPas with
or without ITR. ITR sub-table enables TaPEx to view the relevant information for correctly
answering the question.
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Question: Which winning team beat the New York Yankees?
Gold Answer: Arizona Diamondbacks.

Year Game or event | Date contested League or governing body Sport | ‘Winning team I Losing team | Final score
0 2002 2] ] S, g November 4, 2001 Major League Baseball Baseball Arizona Diamondbacks R Y 3-2
|| seven Yankees
1 2004 Super Bowl XXXVIIT February 1, 2004 National Football League ~ American football =~ New England Patriots Carolina Panthers 32-29
2 2008 Super Bowl XLII February 3, 2008 National Football League ~ American football New York Giants Ne\;a]frlzgl:nd 17-14
3| 2009 Super Bowl XLIII  February 1,2009  National Football League ~ American football  Pittsburgh Steelers C‘:rr‘;:;‘s 27-23
] Winter Olympics men's International Olympic . 3-2
i 2010 sy el e February 28, 2010 Committee Ice hockey Canada United States (ads)
5 2011 NFL Week 15 game  December 19,2010  National Football League ~ American football = Philadelphia Eagles ~ New York Giants 38-31
Figure C: Original Table from WikiSQL with ITR relevance heat-map.
League or governing body | Winning team | Losing team
0 Major League Baseball Arizona Diamondbacks New York Yankees
1 National Football League New England Patriots Carolina Panthers
2 National Football League New York Giants New England Patriots
4 International Olympic Committee Canada United States
Figure D: Largest sub-table obtained for TaPas with ITR relevance heat-map.

Model Input [question, sub-table (serialised and to- Prediction Notes
kenised)]

TaPas [CLS] which winning team beat the new New  York TaPas tokenizer
york yankees? [SEP] year game date league  Giants squeezes cell tokens
sport winning losing final 2002 2001 novem- in order to fit the
ber major baseball arizona 3 2004 su- table, which, however,
per february national american new carolina confuses the model by
32 2008 super february national american having only one token
new 17 2009 super february national “new” for both New
american pittsburgh arizona 27 2010 winter York Yankees and
february international ice canada united 3 New England Patriots.
(52 tokens, with only 1 token in each cell and This prevents TaPas
truncated at 5 rows) from finding the

correct answer.
ITR — TaPas  [CLS] which winning team beat the new Arizona Dia- ITR successfully

york yankees? [SEP] league or governing
body winning team losing team major league
baseball arizona diamondbacks

mondbacks

presents most relevant
information to TaPas.

national football league and
carolina panthers national foot- are now fully
ball league new york giants new england pa- presented,  making
triots national football league philadelphia question answering
eagles new york giants (53 fokens without successful.

truncation)

Table 7.8 Example system outputs with 64 token budget: TaPas pruning strategies cause
information loss, which confuses the model decision. ITR disables such information loss to
remediate the previously wrong decision of TaPas.
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algorithm itself and adjusting our assumptions to certain scenarios and type of data can be
feasible in the future.

Second, ITR selects the relevant table elements by using a question as query. This means
that it is specifically designed for tasks that involve both table and text inputs, such as
TableQA that we demonstrate in our paper. Additionally, it can be applied to table entailment
tasks, like table fact verification, where the goal is to determine if a statement is supported
by the data in the table. We leave these extensions as future work. However, ITR cannot be
used for tasks where the table is the sole input. An example of such a task is table-to-text
generation, where the objective is to generate descriptive text solely from the data within a
table. In these cases, ITR’s reliance on an accompanying query renders it unsuitable.

Finally, while ITR is beneficial for questions that do not rely on table completeness,
its effectiveness is limited when, for example, all table cells are required to be predicted.
Consider a question that requires cell counting, and the gold cells satisfying the query can
be more than what we can feed a model with, e.g., “how many championship did Player A
get?” and Player A has won 500 champions. However, this limitation does not arise from
our approach and is rather inherited by existing TableQA models in the literature. Indeed, it
can be a potential future direction of our work, which requires model innovation and table

transformation that focuses on representing the information in a compact form.

7.9 Summary

In this chapter, we presented ITR for TableQA, an approach to create the most relevant
sub-table(s) to efficiently answer a given question via TableQA. ITR is based on a dense
retrieval component, which selects relevant rows and columns and combines them into a
compact sub-table that satisfies length budget constraints. We combined ITR with different
TableQA models from the literature, at training and/or inference time, and showed that ITR
indeed captures the most relevant information, which enabled underlying models to perform
better overall and become more robust, thus attaining state-of-the-art results on WikiSQL
and WikiTQ benchmarks. ITR is flexible, does not depend on the underlying model and can
be easily integrated in future model developments to increase their robustness. As future
work we can combine ITR with computational operations over different table elements [383]
to collapse its information in a more compact format, to benefit also questions that rely on
table completeness.

Additionally, the work discussed in this chapter addresses research questions RQ1 and
RQ2, details of which will be elaborated in the final chapter of the thesis (Sec. 9.1).
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In the next chapter, we move on to explore retrieval models for open-domain TableQA,
which is more challenging than close-domain TableQA. We will introduce a novel framework,
LI-RAGE: Late Interaction Retrieval Augmented Generation with Explicit Signals for Open-
Domain Table Question Answering.



Chapter 8

Late-Interaction Retrieval for Table

Question Answering

8.1 Introduction

In the previous chapter we explored retrieval models for closed-domain TableQA. We note
that open-domain TableQA, the task of answering questions grounded in external tables,
is increasingly attracting attention of both public and commercial research for its value
in real-world applications. In this chapter, we introduce a novel method for open-domain
TableQA. It is worth noting that the research presented in this chapter was done between
Chapter 3 and Chapter 5, which inherited some advanced methods developed in Chapter 3
and inspired the continued work of Chapter 5.

Research open-domain TableQA pipelines are typically implemented with two com-
ponents: a retriever and a reader. The retriever chooses a small set from the entire pool
of table candidates, while the reader generates answers processing each table candidate.
State-of-the-art implementations use transformer-based models for both components. In
particular, the retriever is built with variants of Dense Passage Retriever [143, DPR], which
computes question-table similarity by using single vector representations of the question and
the table. Retriever and reader can be trained separately [107] or jointly [236] via Retrieval
Augmented Generation loss [167, RAG]. We observe three limitations which we address in
this paper.

First, a table can be very large and might contain heterogeneous information across
rows/columns; encoding into a fixed size vector risks information loss, which can have

an impact in QA quality. One way to alleviate this issue is to replace DPR with a Latent
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Interaction (LI) model, which encodes text into token-level representations. In particular, we
find ColBERT [146] to be very effective, even if not pre-trained for tables.

Second, RAG uses only an implicit signal to guide the retriever. Recently, Lin and Byrne
[183] (our work, introduced in Chapter 3) proposed a loss (Sec. 3.3.3 Eq. 3.6) that can be
used to jointly optimises both the retriever and the answer generator, which in this chapter’s
setting rewards the retriever with table-level signals from the reader model in joint training.
In this chapter, for clearer presentation, we adopt the naming convention of referring to this
loss as RAGE loss (Retrieval Augmented Generation with Explicit Signals).

Third, we observe empirically that the reader does not always rank answers coming from
the gold table at the top. As our reader is a sequence-to-sequence model, we propose a
simple modification to the training data: we prepend binary relevance tokens (‘yes/no’) to
the answer itself. The reader learns to generate a first token indicating whether the table is
relevant to the question or not. This is similar to the reranking process discussed in Sec. 2.2,
yet it uniquely combines reranking with answer generation.

Using these techniques, we build an end-to-end framework, LI-RAGE, (Late Interaction
Retrieval Augmented Generation with Explicit Signals) and achieve state-of-the-art results
on two benchmarks for open-domain TableQA, NQ-TABLES [107] and E2E-WTQ [235].

The code and data have been released at: https://github.com/amazon-science/robust-tableqa.

8.2 Related Work

This section provides an overview of the related work up to January, 2023, the time of this
study.

While open-domain TableQA is yet a relatively unexplored problem, with only a few
applications in the past couple of years, there has been extensive work on table retrieval and
TableQA separately, as introduced in Sec. 2.5.

In table retrieval, recent advances in machine learning have enabled extracting deep
features for tables with Transformers [307], by designing models to parse complex tabular
structure [107, 309], or by simply linearising tables with interleaving tokens to preserve its
structure [236, 316].

In TableQA, researchers until recently assumed gold tables were given and focused on
developing models that understood and answered questions over tables, i.e. the readers.
Earlier models generated commands in logical forms (e.g. SQL queries) that were executable
over tables [357, 179, 333], while recent state-of-the-art models directly predict the answers
from the input question and table by either classification [106, 339, TaPas] or autoregressive
generation [200, TaPEx].
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Following these advances, in open-domain TableQA the best-performing systems are
based on a retriever-reader pipeline [107, 236]. Herzig et al. [107, DTR] leverages TaPas [106]
to both initialise a DPR-like retriever and the reader. T-RAG [236] uses DPR as retriever
of rows/columns by decomposing the table and generates the answer via a sequence-to-
sequence reader [166], applying the RAG loss to refine the retriever with implicit signals
during end-to-end TableQA fine-tuning. Unlike DTR and T-RAG, CLTR [235] employs only
retrieval of rows and columns and obtains the answer cell by intersecting the top-scored ones.
In this work we focus mainly on the retriever, and unlike previous work that relies on single
vector embeddings, we leverage late interaction retrievers [146] to achieve a finer-grained
interaction between questions and tables. In contrast to T-RAG and CLTR, we do not need
to decompose the table into rows and columns, but retrieve a whole table from the corpus,
ensuring that the reader is given all the relevant information. In addition, we explore different
techniques for explicitly refining the retriever during end-to-end TableQA, achieving superior

performance.

8.3 Methodology

Given a question g, the tasks are to find the gold table t* from a table corpus .7, i.e. table
retrieval (Sec. 8.3.1), and to derive the answer denotations .¥ (1 or more cells from the table),
i.e. question answering over the retrieved tables (Sec. 8.3.2). We assume that labeled datasets
consisting of triples {(g, -, t*)} are available to us. We flatten the tables into sequences
with interleaving special tokens that encode its structure (see Appendix D.1).

8.3.1 Table Retrieval

In order to exploit question-table similarity at a finer-grained level than when using DPR
models, we leverage LI models to encode and retrieve tables for a question. We use ColBERT,
which consists of a question encoder .%, and a table encoder .7, to encode questions and

tables at the roken level:
Q= Z,(q) e R T = Z,(1) e R, (8.1)

where [, and /; are input token lengths of ¢ and 7. The relevance score accounts for the

interactions between all question and table token embeddings:

l‘]
I
r(g,t) =Y, maqu,-TJT. (8.2)
=177
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LI models extract multi-dimensional question/table embeddings and token-level similarity,
as opposed to finding the similarity of single embeddings for the whole question/table in
DPR, thus capturing a finer-grained interaction between them.

To train the model we exploit the gold (positive) table t* for each question g, i.e., explicitly
considering the table-level ground truth. We use in-batch negative sampling for training,
per Karpukhin et al. [143]. All documents in a training batch other than ¢* are considered

negative for ¢, and denoted as .4 (¢). We train with the contrastive loss %y :

exp (r(¢,1%))

— log )
(q;) exp (r(q,1%)) +), exp(r(q,2))
z€/4(q)

(8.3)

To this end, for each ¢, the retriever outputs K top-scoring tables {tk}szl- Finally,
following RAG and RA-VQA, we obtain their (approximate') conditional probability pg(-|q)
with the retriever parameters 0:

_exp(r(q,t))
po(tklg) = K exp(r(g,tj))’ (8.4)

8.3.2 Retrieval-based TableQA

For the TableQA task we make use of a sequence-to-sequence Transformer-based model that
directly produces an answer for a given question and table. The TableQA model py takes as
input a sequence composed of the question g and each of the retrieved tables #;, as described

in Sec. 8.3.1, and generates an answer y;, for each input table #;:
Yi = argmax pg (y|q, ). (8.5)
y
Finally, the model returns the answer associated with the highest probability/confidence:

y,1 = argmax py (y|q, ). (8.6)

Witk

8.3.3 Joint Training of Retrieval and TableQA

We train both modules jointly using a compositional loss that is borrowed from RA-VQA

(Sec. 3.3.3) [183], which considers signals from table relevance and answer prediction, as

'because we sum over the top-K tables instead of all tables, assuming the probabilities of the rest are small
and irrelevant.
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follows:

K
— Y (Y logps(silg,t)+ Y logpe(nlq)), (8.7)

(¢.7) k=1 ke 2+ (q,.)

where s} is a concatenation of all comma-separated answers in .’ and 27 (q,.%) = {k: y =
s; Aty =t*} is a subset of the retrieved K tables, which contains those tables that satisfy (1)
being a gold table relevant to answering the question; (2) the answer generator successfully
produces the correct answer from that table. The core idea is to leverage the signal from
model prediction to decide which tables are beneficial to producing the correct answer. Their
scores are dynamically adjusted during training, which tailors the retriever to better serve the

answer generation.

8.3.4 Learned Table Relevance

The answer generator is trained to produce s} for each input (g,;) pair. Ideally, we would
assume that the answer generated from the gold table #* is also associated with the highest
probability from the answer generator. However, it might happen that an answer derived
from a non-gold retrieved table may achieve higher confidence than the answer derived from
a gold retrieved table. We propose a simple yet effective approach to improve this process:
we add a binary relevance token preceding sy as ‘yes’ if #; = ¢, ‘no’ otherwise. This design
aims at guiding the model to prioritise reliable answer sources at training time. At generation
time, if the leading generation of a (g,#;) pair is ‘yes’, we consider #; to be a more reliable
answer source and prioritise it over other input tables—that generate ‘no’ instead—when
selecting the final prediction. We rely on the confidence scores if the leading token of all the
candidates is ‘no’.

The use of binary relevance tokens mirrors the re-ranking process discussed in Sec. 2.2,
and we effectively integrate re-ranking into the generation pipeline. For this reason, we retain
negative items (where the binary relevance token is ‘no’) during training, as they are essential

for training the system to identify irrelevant passages.

8.4 Experimental Setup

8.4.1 Datasets and metrics

We evaluate our system on two benchmarks, i.e. NQ-TABLES [107] and E2E-WTQ [235].
Their statistics are provided in Table 8.1.
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Dataset Train Dev Test #Tables
NQ-TABLES 9,594 1,068 966 169,898
E2E-WTQ 851 124 241 2,108

Table 8.1 Dataset statistics of NQ-TABLES [107] and E2E-WTQ [235].

NQ-TABLES contains generally hard questions extracted from the NaturalQuestions [155]
dataset, comprising the questions that can be answered from tables rather than plain text. For
this benchmark, we evaluate the models using: Token F1, i.e. token-wise F1 score; and exact
match (EM) or accuracy, i.e. whether predictions match the annotations.

E2E-WTQ contains look-up questions that require cell selection operation and is a
subset of WikiTableQuestions [237]. In E2E-WTQ train/valid/test splits are the same as in
WikiTableQuestions, with questions limited to those that do not require aggregations across
multiple table cells. We evaluate models via accuracy?.

In addition, we report Recall @K for the retrieval performance in both, which measures
whether the gold table is among the top-K retrieved tables.?

8.4.2 System configurations

For the table retrieval component, we conduct contrastive experiments using both DPR and
LI. We first fine-tune the official pre-trained DPR or ColBERTV2 model on each dataset
before using them in the joint retriever-reader training. We do not train the TableQA model
from scratch, instead we warm-start the training with TaPEXx, a state-of-the-art pre-trained
model for tabular data understanding based on BART [166] (see Sec. 2.5, Fig. 2.47 for
details). Since the E2E-WTQ is very small and not enough for learning a robust TableQA
model, we additionally fine-tune TaPEx on its superset, i.e. WikiTableQuestions. Note that
no test samples are leaked due to this as the dataset splits of E2E-WTQ are the same as
WikiTableQuestions. We select the best checkpoints based on the validation performance.
We set K=5 since it shows the best balance between performance and latency by both RAG
and our work in Chapter 3. Training details, computational cost and software solution are
provided in Appendix D.3.

2Also named as Hit@1 in Pan et al. [235, 236]
3We do not report metrics such as P@QK, N@K, MAP used by T-RAG and CLTR, which decompose tables,
being incompatible with our setting (see Appendix D.2).
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8.4.3 Comparison Systems

We compare with models from the literature: DTR, CLTR, T-RAG (see Sec. 8.2), and
BM25—sparse retrieval baseline introduced in Sec. 2.2.1. Moreover, we build the following
model variants:

(1) LI-RAGE: our main system that leverages ColBERT as retriever, TaPEx as answer
generator, RAGE loss for joint training and the binary relevance token in output. We also
ablate the system showing the effectiveness of each feature. When disabling joint training,
i.e., for ablating the model, the retriever is not updated.

(2) DPR-RAGE: similar to LI-RAGE, except the retriever is a DPR model.

(3) RAG: we train the RAG [167] in TableQA data, initialising the retriever and answer
generator with our fine-tuned DPR and TaPEXx, respectively. Different from DPR-RAGE,
RAG does not produce the binary relevance token and updates the retriever only with the

RAG loss, which is an implicit signal from the reader.

8.5 Results and Discussions

8.5.1 Main Results

Models NQ-TABLES E2E-WTQ
Token F1 EM Recall@K Accuracy Recall@K

DTR+hn [107] 47.70 37.69 81.13@10 - -

CLTR [235] - - - 46.75 -

T-RAG [236] 50.92 43.06 85.40@10 50.65 -

RAG 39.67 38.33 69.16@5  38.05 61.29@5

DPR-RAGE 49.68 43.02 8435@5  48.79 59.68@5

LI-RAGE 54.17 46.15 87.90@5 62.10 81.85@5
(w/o joint training) 53.53 4552 85.21@5  59.27 81.45@5
(w/o relevance tokens) 50.56 42.53 86.90@5  53.69 81.75@5
(w/o joint training & relevance tokens) 49.83 42.19 85.21@5 50.16 81.45@5

Table 8.2 End-to-end TableQA performance on NQ-TABLES and E2E-WTQ. Best perfor-
mances are in bold.

As shown in Table 8.2, LI-RAGE achieves the best performance across the board on both
datasets, with more than 3 points improvements in Token F1 and EM in NQ-TABLES, and
11.45 points in E2E-WTQ with respect to previously best reported results in the literature.
We attribute these results to the high performance of the LI retriever. On NQ-TABLES it
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Models NQ-TABLES E2E-WTQ

K=1 K=5 K=10 K=50 K=1 K=5 K=10 K=50
BM25 17.62 3597 43.80 61.00 58.09 7427 79.67 87.55
DPR-RAGE 5829 84.35 90.72 97.08 33.61 59.68 66.80 88.38
(W/o joint training) 53.07 8425 90.62 97.81 32.78 5847 66.39 88.38
LI-RAGE 59.12 87.90 92.81 97.60 68.46 81.85 85.89 93.36

(w/o joint training) 53.75 8521 90.10 97.71 66.13 81.45 84.27 93.55

Table 8.3 Retrieval performance on NQ-TABLES and E2E-WTQ. Best performances are in
bold.

obtains the best recall rate (87.90%) when only 5 tables are retrieved, as opposed to the
previous models that achieve a lower recall rate with K = 10 tables, and also performs better
when compared with RAG and DPR-RAGE, by a large margin.

Effects of Joint Training

Similar to the observation in Chapter 3, joint training with RAGE improves over the frozen
system on both retrieval and TableQA performance. As shown in Table 8.2, joint training
improves the end-to-end TableQA performance on both datasets by ~0.6% and ~2.83%,
respectively, and shows a superior retrieval ability especially on NQ-TABLES (85.21 to
87.90).

Effects of Binary Relevance Tokens

As shown in Table 8.2, removing the binary relevance tokens greatly reduces system per-
formance, by around 3.6% Token F1 and EM in NQ-TABLES and 8.4% in E2E-WTQ

accuracy.

Effects of LI

We report the retrieval performance in Table 8.3. LI-RAGE achieves the highest recall,
outperforming BM25 in both datasets, and DPR by ~3% on NQ-TABLES and by over
20-30% Recall@5/1 on E2E-WTQ. The large margin on E2E-WTQ is because it contains
generally long tables with diverse information, and LI models prove beneficial in learning

richer table representations.
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8.5.2 Remarks on Design Rationale

We tailor our solution for TableQA, with the specific design of two main components, i.e.,
adding a relevance token and modifying the RAGE loss.

Relevance token

In Open-domain QA, open-ended questions can have multiple correct answers and may be
answered by different passages. Consequently, increasing the number of retrieved passages
(K) often enhances retrieval performance by broadening the search coverage. However,
this is not the case for tables. In open-domain TableQA, questions typically have only one
relevant table, and most questions focus on a specific cell within that table. Our preliminary
experiments demonstrated that increasing K reduced performance when K > 5, as presenting
more tables to the answer generator increases confusion and the likelihood of errors, due to
overconfidence in incorrectly retrieved tables. When utilising relevance tokens as per our
design, increasing K does not negatively affect performance because irrelevant tables are
excluded.

Additionally, we explored alternative strategies that use retrieval scores to assess docu-
ment reliability. The first strategy involves predicting the final answer from the table with the
highest retrieval score. This approach achieved 41.04 EM score on NQ-TABLES, which is
lower than our ablated LI-RAGE configuration without joint training & relevance tokens,
which attained an EM score of 42.19 (see Table 8.2).

A second strategy weights predictions from different tables by their corresponding
retrieval scores, i.e., multiplying the retrieval score (from the retriever) by the answer
confidence (from the answer generator) when using K = 5. This approach also performed
worse than our ablated LI-RAGE configuration without joint training & relevance tokens,
achieving EM scores of 40.91 and 42.19 on NQ-TABLES, respectively.

In summary, relevance tokens outperform both document retrieval scores and the combi-

nation of retriever and reader scores.

RAGE loss

We modify the original RAGE loss in Chapter 3 to adapt it to the domain of tables. In
particular, we dropped the third term in the equation, which penalises documents if they
do not contain gold answers and also do not contribute to successful question-answering.
Enabling this term in the loss penalises K — 1 documents in most cases, which leads to
collapsed performance of the retriever in joint training for TableQA. This is motivated by

the same fact that gold tables are relatively sparse in TableQA and penalising incorrect
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documents leads to instability of training and quick retriever overfitting. Disabling this term
instead, softens the RAGE loss by only rewarding “good” tables and distinguishing good
tables from bad ones, which improved the performance by around 1% EM on NQ-TABLES.

8.5.3 Computational Cost

Models Training Speed  Training Training Time Inference Speed  Inference
(iter/sec) Batch Size (mins) (secliter) Batch Size
DPR 1.10 8 60 (NQ)/ 10 (WTQ) - -
LI 1.75 6 60 (NQ)/ 10 (WTQ) - -
DPR-RAGE 2.1 1 300 (NQ)/ 35 (WTQ) 1.22 4
LI-RAGE 0.74 1 450 (NQ)/ 50 (WTQ) 1.40 4

Table 8.4 Computational cost for DPR/LI retriever models and LI-RAGE and DPR-RAGE.

In Table 8.4 we report computational cost of the proposed models. It is clear that time
spent on the training of LI is not significantly increased compared to DPR training. This is
because both models use contrastive learning in training. But we note that the index building
time of LI is around 5 mins while that of DPR only takes 40 seconds.

In terms of joint training, the end-to-end training time of LI-RAGE is longer. This is due
to (1) slightly slower dynamic retrieval during end-to-end training; (2) refining the retriever
via larger multi-dimensional embeddings in comparison to one-dimensional embeddings used
in DPR-RAGE. However, the inference speed is not affected much (from 1.22 sec/iteration
to 1.40). This suggests that when deployed as real applications, LI-RAGE does not bring

significant increase in computation.

8.6 Limitations and Potential Future Work

Our proposed system was tested on two open-domain TableQA datasets, with one of them
(E2E-WTQ) being relatively small compared to the other. Also, the current open-domain
TableQA datasets are limited to simple questions. They do not cover more complicated
questions that involve multiple cells and complex table operations, such as SUM, MAX,
MIN, and SUBTRACT in some questions of WikiSQL and WikiTableQuestion. Therefore,
the effectiveness of our system can be further evaluated on more complicated datasets of
larger scale in the future. However, our system is potentially well-suited to handle even
more complex questions, as its design enables the retrieval of entire rows or columns when

necessary, such as when calculating the average value across the cells in a column. Another
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limitation lies in the token length limit of modern Transformer models. The best-achieving
models as of date typically accept up to 1024 tokens (e.g. BART, the base model of TaPEXx).
This limitation becomes more obvious when tables grow longer and the information being
sought go beyond the limit. We believe that, with better approaches addressing this limitation,
our system can achieve better performance. The solution can be either applying sampling
strategies to pick the rows and columns that are most relevant to answering the question (as
did in Chapter 7), or increasing the capacity of future Transformer models, which recent
LLMs (introduced in Sec. 2.1.3) have extended to over ten thousand tokens.

8.7 Summary

In this chapter, we introduce a novel open-domain TableQA framework, LI-RAGE, that
leverages late interaction retrievers to enable finer-grained interaction between questions
and tables. Additionally, LI-RAGE incorporates the RAGE loss and binary relevance tokens
which enable significant improvements over the state-of-the-art in two challenging TableQA
tasks.

Additionally, the work discussed in this chapter addresses research questions RQ1, RQ2,
and RQ3, details of which will be elaborated in the final chapter of the thesis (Sec. 9.1).

In the next chapter, we summarise all the research presented in this thesis, and discuss

potential follow-up work in the future.






Chapter 9
Conclusion

In this chapter, we provide a comprehensive summary of the work presented within this
thesis.

In Chapter 1, we presented an overview of the evolution of LLM/LMM/RAG within both
industrial and academic spheres. This overview serves to show the necessity and efficacy of
developing multi-modal retrieval augmented systems, which is the core of this research.

Chapter 2 delved into an extensive literature review covering recent advancements in
LLM and LMM (Sec.2.1), Information Retrieval (Sec.2.2), and Retrieval Augmented Gen-
eration (Sec.2.3). Next, we introduced Visual Question Answering (Sec.2.4) and Table
Question Answering (Sec. 2.5) as the primary tasks investigated in this thesis, along with an
examination of recent models/systems developed for these tasks.

Commencing from Chapter 3, we demonstrated the models and systems proposed to
address multi-modal QA challenges:

Chapter 3 presented RA-VQA, an RAG framework tailored for KB-VQA. It adopts a joint
training approach for the retriever and generator, achieving robust KB-VQA performance.

In Chapter 4, we scrutinised data imbalance issues inherent in the FVQA dataset and
introduced a new research dataset, FVQA 2.0. This semi-automatically annotated dataset
serves to substantially enhance the robustness of KB-VQA systems.

Chapter 5 showcased FLMR, a strong multi-modal retriever bolstered by late-interaction
models. The RA-VQA-v2 framework, integrating FLMR, attains state-of-the-art retrieval
performance across the board.

Chapter 6 delved into an empirical exploration of the scalability of FLMR. The PreFLMR
model, a scaled-up iteration of the original FLMR, encompasses enhancements in training
time, dataset size, model parameters, and more.

Chapters 7 and 8 pivoted the focus towards retrieval models in TableQA.
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In Chapter 7, we unveiled a novel ITR model capable of substantially enhancing the
robustness of TableQA systems, thereby achieving state-of-the-art performance on popular
TableQA datasets. Furthermore, we highlighted the adaptability of ITR across diverse
TableQA models for performance enhancement.

Chapter 8 introduced the LI-RAGE framework tailored for open-domain TableQA. This
framework combines several existing methodologies to yield state-of-the-art performance
across popular open-domain TableQA tasks.

To summarise, this thesis traverses the landscape of multi-modal retrieval augmented
systems, elucidating their evolution, necessity, and efficacy. Through a meticulous exploration
of literature, we establish a comprehensive understanding of the prevailing methodologies
and challenges within the realm of multi-modal retrieval and question answering.

Moreover, our contributions extend beyond theoretical elucidation, manifesting in the
development of novel frameworks and datasets aimed at addressing prominent challenges in
multi-modal question answering. From RA-VQA to LI-RAGE, each framework represents a
significant stride towards enhancing the robustness and performance of multi-modal systems
across diverse domains.

As we conclude this thesis, it is evident that the journey towards effective multi-modal
retrieval augmented systems is ongoing, marked by continual innovation and refinement.
The frameworks and insights presented herein serve as a foundation upon which future
advancements can be built, paving the way for more sophisticated systems capable of
meeting the evolving demands of information retrieval and question answering in multi-

modal contexts.

9.1 Key Findings

Now, we can revisit the research questions posed at the beginning of the thesis and discuss
how the findings presented support them.

RQ1: Can retrieval methods be utilised to enhance multi-modal systems’ ability to
acquire knowledge from external sources when answering domain-specific or challenging
questions?

The answer is yes. Throughout Chapters 3 to 6, we introduced the RA-VQA and RA-
VQA-v2 frameworks to demonstrate that the performance on KB-VQA, which involves chal-
lenging multi-modal questions, can be significantly enhanced through retrieval-augmented
methods. Additionally, in Chapter 8, we introduced LI-RAGE, which further corroborates the
effectiveness of retrieval methods in enhancing the capabilities of systems on multi-modal,
challenging TableQA questions. Through both quantitative analysis and qualitative studies,
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we have conclusively demonstrated that retrieval methods can effectively acquire knowledge
from external sources and the integration of retrieval methods is essential for successful
multi-modal QA.

RQ2: Can retrieval methods help multi-modal systems focus more effectively on the
current task by filtering out irrelevant and redundant information?

The answer is yes. In Chapter 7, we utilised the ITR framework to identify and remove
irrelevant or redundant elements from tables before they are processed by the TableQA
model. This approach not only enhanced the performance of TableQA on ordinary tables,
which already fit within the model’s capacity, but also provided significant improvements on
overflow tables filled with excessive redundant information. Furthermore, across all chapters,
we observed substantial improvements in downstream QA performance metrics, such as
accuracy, following enhancements in retrieval performance metrics like recall. These findings
indicate that effective retrieval performance enhances the relevance of retrieved documents
and minimises irrelevant content in the RAG framework, ultimately leading to superior QA
outcomes.

RQ3: What strategies can be employed to effectively integrate retrieval methods with
multi-modal systems?

In Chapters 3 and 8, we investigated a joint training scheme for multi-modal RAG
systems. We demonstrated that by leveraging signals from answer generation, the retriever
can be jointly optimised during training. This joint training approach customises the retriever
specifically for the downstream task, as it utilises direct feedback on the success of the QA
process. In two different applications, both using pseudo relevance labels in KB-VQA and
ground-truth relevance labels in TableQA, we observed significant enhancements in both
retrieval and QA performance. These results suggest that our proposed strategy offers strong
generalisability across various tasks and application scenarios.

Conclusion: From these key findings, we have successfully addressed the central research
questions and can conclude that multi-modal QA systems can be significantly enhanced

through the integration of information retrieval methods.

9.2 Future Work

Looking ahead, several promising avenues beckon for future research to build on the multi-
modal retrieval augmented systems presented in this thesis.

One such direction involves bringing together techniques recently developed for LLMs
and LMMs. For example, techniques such as prompt engineering, in-context learning,
and Chain-of-Thought prompting (introduced in Sec. 2.1.3) hold significant promise for
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enhancing the reasoning and analytical capabilities of the underlying LLMs and LMMs when
integrated into frameworks like RA-VQA (Chapter 3), RA-VQA-v2 (Chapter 5), LI-RAGE
(Chapter 8), and ITR (Chapter 7).

Furthermore, while the RAG pipelines demonstrated in this thesis offer a straightforward
two-stage solution, there exists potential for enhancing system performance by integrating
more retrieval/reranking stages. Incorporating reranking models (either specialised models or
pre-trained LLM/LMMs) is promising to improve the relevance of top-K documents utilised
for response generation.

Another promising avenue is leveraging LLMs/LMMs in retrieval processes, albeit with
a careful consideration of the trade-off between computational costs and retrieval accuracy.
Balancing these factors will be crucial in optimising the efficacy of such approaches. One
promising direction is to incorporate the retrieval task in the pre-training of LLMs or LMMs.
The RAG process can be speeded up significantly if the LLM can be multi-tasked to generate
embeddings for retrieval in addition to generating responses. Initially, the query is encoded
by the LLM, which generates query embeddings for retrieval. The internal hidden states
of the query can be reused once relevant documents are retrieved and appended to the
query, as demonstrated by Muennighoff et al. [225]. However, existing research focuses
on generating one-dimensional query embeddings. Extending this to generate multi-modal
query embeddings based on multi-dimensional, late-interaction embeddings, as did by FLMR

(Chapter 5) and PreFLMR (Chapter 6), may lead to superior performance improvements.

9.3 Ethical Considerations

Our research mainly concerns retrieval models and RAG systems. In work concerning
retrieval models, we acknowledge the potential for the retrieved documents to include
inappropriate information if the document database lacks adequate filtering. Consequently,
extra care must be taken to ensure the sanitisation of the document database, particularly
when employing these models in applications involving direct interaction with real users.

In terms of the proposed RAG systems, there is a possibility that the trained QA systems
might generate inappropriate or biased content as a result of the training data biases during
LLM and LMM pre-training and fine-tuning. Therefore, it is advised to conduct an ethical
review prior to deploying these system in live service.

Regarding the FVQA 2.0 dataset proposed in Chapter 4, the dataset was created semi-
automatically from the FVQA dataset and ConceptNet, a crowd sourced common sense
knowledge graph. Though we have included human annotators in the loop to remove

sexual, offensive, and other inappropriate data samples that were automatically generated
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(we removed ~200 inappropriate knowledge graph triplets during annotation), we recognise
that the dataset may still contain a small number of inappropriate samples. Any developers
who replicate the semi-automatic methodology to extend the datasets should include a
similar review step in their manual work flow. We also recognise that the systems trained
on this dataset may convey such inappropriate information to users in real-life applications.
Therefore, it is crucial to exercise caution when utilising this dataset in applications that

engage directly with real users.

9.4 Summary

In this chapter, we have encapsulated the contributions of the thesis and offered glimpses
into potential avenues for future research.

As we draw this thesis to a close, I extend my sincere gratitude for your time and
engagement in reading this work. May the insights and frameworks presented herein serve as
catalysts for further exploration and innovation in the field of multi-modal retrieval augmented

systems.
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Appendix A

Appendix for Chapter 5

A.1 Data Statistics of OK-VQA

Table A.1 shows the data statistics of the OK-VQA dataset. Table A.2 displays the number
of passages in the document collections used for evaluating the retrieval systems. Note that
the WIT corpus is introduced in Appendix A.4, which is used for investigating the retrieval

of multi-modal documents.

Table A.1 OK-VQA dataset statistics. Table A.2 Data statistics of document collec-
tions used in retrieval.
Category Number
Corpus # of passages
Trai estion 9,009
Vrl?g qaa StT > S e GS for OK-VQA [208] 168,306
alid questions ’ Wikipedia for OK-VQA 114,637
Images 14,055 WIT for OK-VQA (Appendix A.4) 87,419

A.2 Training and Hyperparameter Details

We use pre-trained checkpoints from huggingface.

We use Co1BERTvV2 and openai/clip-vit-base-patch32 to initialise the text-based
retriever and vision encoder. For the DPR baseline, we use facebook/dpr-single-nq-base
to initialise the retriever. In answer generation, we use t5-1large and Salesforce/blip2-
flan-t5-x1.

With openai/clip-vit-base-patch32, dy = 768. For FLMR, we use N,; = 32 visual
tokens per image representation and d; = 128. For DPR, we use N,; = 6 and d; = 768 so

that the number of parameters of vision mapping network is similar to that of FLMR:
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Ny x dp ~ 128 x 32. The mapping network consists of two fully-connected layers with tanh
activation. The output of last layer is reshaped into N,; X dr, visual tokens. Other model
parameters are: [, = 512, [; = 512. Ngo; = 9 unless otherwise specified.

We use 1 Nvidia A100 (80G) for all experiments. The optimizer is Adam [149]. In
training the retrievers, we use learning rate 10™#, batch size 30, gradient accumulation steps
2 for 10k steps (for both DPR and FLMR retrievers). When training RA-VQA-v2 (T5-large),
we use learning rate 6 X 1077, batch size 2, gradient accumulation 16 for up to 20 epochs.
We use a linearly-decaying scheduler to reduce learning rate from 6 x 107> to 0 after 20
epochs. We use LoRA [110] to train RA-VQA-v2 (BLIP2) with learning rate 10~4, batch
size 4, gradient accumulation steps 16 for up to 6k steps. LoRA is configured to use the
default huggingface-PEFT setting: r=8, lora_alpha=32, lora_dropout=@0.1.

The vision model is frozen throughout all experiments. In pre-training the mapping
network, only the mapping network is trainable. When training the answer generator, the
retriever is frozen.

We report the required GPU hours on 1 Nvidia A100 (80G): for vision-language alignment
of retrieval models, approximately 4 GPU hours are needed. Training the FLMR retriever
requires around 12 GPU hours (10k steps) including the time of running testing after training
is complete. Training RA-VQA-v2 (BLIP 2) with LoRA requires around 12 GPU hours
(6k steps) including the time of running validation per 1k steps. Training the RA-VQA-v2
(T5-large) requires around 12 GPU hours (3k steps) including the time of running validation
every 500 steps.

A.3 Artifacts and License

We list the resources used and their License below:

(1) huggingface-transformers (Apache License 2.0) provides pre-trained model check-
points for BLIP 2, DPR, TS5, and their tokenizers: https://github.com/huggingface/transformers

(2) PLAID engine and ColBERTV2 checkpoints (MIT License): https://github.com/
stanford-futuredata/ColBERT

(3) FAISS [138] (MIT License) is used to index document embeddings for fast retrieval
with DPR: https://github.com/facebookresearch/faiss

(4) huggingface-PEFT (Apache License 2.0) for parameter-efficient LoORA fine-tuning:
https://github.com/huggingface/peft

(5) The official RA-VQA implementation (GNU General Public License v3.0): https:
//github.com/LinWeizheDragon/Retrieval- Augmented- Visual-Question- Answering.
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A.4 Retrieving Multi-modal Documents with FLMR

We additionally show that our proposed FLMR system can also be used to retrieve multi-
modal documents. Since this is not the focus of the chapter, we present the investigation in
this appendix.

Dataset. We select a subset from WIT [290], a knowledge corpus based on Wikipedia
where the images associated with the documents are also present, to make an image-text
corpus for retrieval. We adopt the same selection process as for the Wikipedia corpus
introduced in Sec. 4. The dataset statistics is shown in Table A.2.

Multi-Modal Late Interaction. We upgrade the document embedding process to ac-
commodate the document image. The documents in the knowledge base are represented by

embeddings D which are obtained from the document content d and its associated image /;:
D = [Z1(d), Zu(Fv (L)) € #*", (A1)

where Ip = [; 4+ Ny, and [; is the length of the document d.
We compute the relevance score between a question-image pair q = (¢, /) and a document
d = (d,1;) as follows:

lo
(@.8) = r((q.0).(d.1u) = ), méxQD; (A2)
=17

Discussion. Both query and document embeddings are multi-modal. Since the same
image/text encoder is used to encode images /,1; and texts g,d, respectively. Image-wise and
text-wise relevance contribute to the final relevance score; After cross-modality alignment, the
vision encoder . (-Zy (+)) should produce image embeddings close to the text embeddings
produced by F7(-) in the latent space if the image is relevant to the question, thereby taking
the relevance between /,d and ¢, 1; into account during knowledge retrieval.

As shown in Table A.3, the retrieval scores see a slight improvement when document
images are also considered (from text-only to multi-modal). This suggests that FLMR
supports retrieving multi-modal documents.

However, we note that the gain of incorporating images is marginal. This is because
WIT is a strongly text-driven knowledge base as the images are already captioned by human
experts. The surrounding texts of images are already dense and informative, which can be
searched by FLMR easily. By manual inspection, we also notice that it is very rare that
OK-VQA questions seek a document that can only be found by its accompanying images.

This also explains the marginal gain we have observed.
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In conclusion, we show that FLMR can also be applied to retrieve multi-modal documents,
although more challenging questions and better datasets are needed to fully exploit its

potential. We leave this as future work.

Table A.3 FLMR performance when retrieving documents in WIT. Models suffixed by
‘text/image-only’ only encode document texts/images, while ‘multi-modal’ variants encode
document images with vision encoders.

Model PRRecall@5 PRRecall@10
DPR-text-only 68.24 77.13
DPR-image-only 46.29 57.70
DPR-multi-modal 68.78 77.90
FLMR-text-only 72.63 81.52
FLMR-image-only 45.75 57.92
FLMR-multi-modal 73.65 81.89

A.5 Effects of Retrieved Knowledge

Table A.4 Comparing Hit Success Rate of RA-VQA-v2 and RA-VQA.

Hit Success Rate

RA-VQA-v2 (BLIP2) 9.38
RA-VQA (BLIP2) 7.86
RA-VQA-v2 (T5-large) 17.62
RA-VQA (T5-large) 15.01

It is important to understand the task performance that a base model has attained and the
gains from knowledge retrieval. We use the evaluation metrics from RA-VQA (Sec. 3.4.2):
the Hit Success Ratio (HSR) which counts questions that cannot be answered by the base

VQA model alone and thus require external knowledge to answer.
HSR=1{ye . Aynk ¢ L}, (A.3)

where yyx denotes the generated answer from a fine-tuned base model when no relevant
knowledge is provided. HSR reflects the net value of incorporating external documents into
answer generation. We can conclude from Table A.4 that RA-VQA-v2 steadily improves
the HSR of RA-VQA by ~ 2%, showing that the gains in VQA performance come from
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improved knowledge retrieval. We also observe that T5-large, as an earlier language model,
relies more heavily on retrieved knowledge (>15 HSR). This is because the base language
model of BLIP 2, Flan-T5-XL, is significantly stronger and is able to answer more questions
without the aid of external knowledge. This suggests that KB-VQA performance can be
improved by either (1) applying stronger base VQA answer generation models, and (2)
collecting knowledge documents of higher quality.

Table A.5 Performance improvements with increasing number of retrieved documents.

| K 5 10 20 50

DPR + T5-large | VQA Score 51.5 51.8 523  52.1
Recall 83.08 89.77 94.05 97.25

FLMR + T5-large | VQA Score 549 553 554 554
Recall 89.32 94.02 96.87 98.67

We also conduct experiments while increasing K in Table 5.1 and find that the system
performance improves gradually until a saturation point. We notice that the saturation point
of FLMR is at around K = 10 while that of DPR is at K = 20. This suggests that the useful
documents are clustered around higher ranks in FLMR compared to DPR.

A.6 Computational Cost

We report the computational cost in this section.

Train per 1000 steps  Indexing time

FLMR 1.2h 0.28h
w/o ROI 1h 0.25h
w/o ROl & VE 0.7h 0.24h

DPR 0.5h 0.2h

Table A.6 Training and indexing time for FLMR and DPR. Training batch size is 30. The
corpus for counting the indexing time is the Google Search Corpus for OK-VQA (~160k
documents).

Though Late Interaction allows rich interactions at token level and outperforms DPR by
a large margin, it also introduces additional latency in retrieval. As shown by Table A.6, the
training time of FLMR is increased from 0.5h to 0.7h when late interaction is introduced.
This latency increase comes from the more complicated token-level loss. When Vision
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Encoder (VE) and ROI (Region of Interest) are added, the time cost is increased to 1h and
1.2h respectively due to the additional trainable parameters of the mapping network (the
parameters of the visual encoder are not used in training since the visual features can be
easily pre-computed and cached). However, the indexing time does not increase significantly
when VE and ROI are added to the FLMR retriever. We note that the FLMR spends slightly
more time to build the search index when compared to DPR because an extra clustering step
by PLAID [263] is required to conduct fast retrieval.

Retriever Generator Training (iterations/sec) Inference (iterations/sec)
FLMR T5-large 1.16 1.11
DPR T5-large 1.73 1.67
FLMR BLIP 2 1.24 0.98
FLMR (w/o ROI & VE) BLIP2 1.43 1.00
DPR BLIP 2 2.14 1.30

Table A.7 Training and inference time of the whole system. Please note that passages are
dynamically retrieved, and thus the training and inference time already takes the retrieval
latency into account. Batch size is set to 1 for both training and inference time. w/o ROI &
VE means removing the vision encoder in FLMR.

When FLMR is integrated into the full VQA pipeline (we take the BLIP 2 version for
example), it reduces the training speed from 2.14 iterations/sec to 1.24 iterations/sec (42%)
since the retrieval process is run on the fly. However, in retrieval, the inference speed is
only reduced from 1.3 iterations/sec to ~1.0 iterations/sec, which is still affordable when
considering the performance boost. The major computational cost remains that of training

the answer generator with a great number of parameters.
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B.1 Datasets details

This section outlines the preprocessing methods used to convert various datasets into formats
suitable for retrieval tasks. Subsequent subsections detail the specific preprocessing steps for
each dataset. The M2KR dataset is available at Huggingface Hub: https://huggingface.co/
datasets/BByrneLab/multi_task_multi_modal_knowledge_retrieval_benchmark_M2KR.

B.1.1 12T Retrieval
WIT

WIT [290] is a corpus based on Wikipedia with image-text pairs, where the text is the
Wikipedia passage associated with the image. To enhance data quality, we exclusively select
image-text pairs where the images are the main/title images of their respective Wikipedia
documents, and we limit our scope to English-language documents.

Our training set, comprising 2.8 million examples, is sourced from the original WIT
training set. 20,102 and 5,120 examples from the original WIT validation set are selected to
build the validation set and test set in our M2KR benchmark, respectively. The test corpus
includes all documents from the original WIT validation and test sets. This setting ensures
that there is no overlap between different sets.

Each image-document pair is paired with a randomly selected instruction from our set of
templates. The task is to retrieve the correct document from the test corpus, given the image

and instruction.
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IGLUE

The IGLUE English retrieval test set [24], which is a subset of the WIT test set and has an
established benchmark for image-to-text retrieval, is included to enable comparison with
models in previous literature. Following Bugliarello et al. [24], the test set contains 685
unique images and 1,000 Wikipedia passages. The task is similar to WIT: using the image
and the instruction to retrieve the corresponding Wikipedia passage.
Instruction templates for WIT and IGLUE:

* <Image> Identify the document that is connected to this image.

* <Image> Provide information about the document linked to this image.

* <Image> Please describe the document that corresponds to this image.

* <Image> What is the document that this image is related to?

* <Image> Could you elucidate the document associated with this image?

* <Image> Describe the document that accompanies this image.

* <Image> Please give information on the document that goes with this image.

* <Image> What document is represented by this image?

» <Image> Identify the document that this image pertains to.

KVQA

KVQA [275] is a dataset containing a rich collection of entities representing famous indi-
viduals. The KVQA task, initially designed as a KB-VQA task, has been re-purposed into
an 12T task for our modelling purposes. This adaptation is based on our findings that using
images as queries alone suffices to retrieve the documents containing the correct identities.
In our context, where the primary focus is on document retrieval, the original questions are
unnecessary. Our reformulated task for KVQA is to retrieve the details of famous people
like gender, nationality, birthplace, and employment history based solely on their images.
The training set is downsampled from the KVQA original training set by removing repeated
examples of the same famous individuals. We transformed the structured entities such as
gender and nationality into passages. For example, “nationality: America; date of birth:
dd/mm/yyyy; ...” is serialised as “nationality is America, date of birth is dd/mm/yyyy, ...”.

The training corpus is composed of all the documents that appear in the original KVQA
training set. For the validation/test set, we selected a subset of 13,365/5,120 samples from the
original KVQA validation set. Correspondingly, the test corpus encompasses all documents
found in the original KVQA validation set.

The instruction we use for KVQA is: <Image> Provide a brief description of the image
and the relevant details of the person in the image.
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CC3M

CC3M [278] is a dataset consisting of a vast collection of image-caption pairs. Instead of
utilising the entire dataset comprising 3 million pairs, we adopt the downsampling methodol-
ogy as delineated in LLaVA’s work [198], resulting in a reduced dataset of approximately
595K.

We reformulate the image-caption pairs into image-to-text retrieval tasks in our pre-
training. To construct the training corpus, we treat each caption as an individual document
linked to its corresponding image. The task then involves retrieving the most relevant
caption for a given image, guided by a set of randomly selected instructions. Since CC3M is
originally an image captioning task, we do not validate or test our retriever on CC3M.
Instruction templates for CC3IM

* <Image> Describe the image concisely.

* <Image> Provide a brief description of the given image.

* <Image> Offer a succinct explanation of the picture presented.

* <Image> Summarize the visual content of the image.

* <Image> Give a short and clear explanation of the subsequent image.

» <Image> Share a concise interpretation of the image provided.

* <Image> Present a compact description of the photo’s key features.

» <Image> Relay a brief, clear account of the picture shown.

* <Image> Render a clear and concise summary of the photo.

* <Image> Write a terse but informative summary of the picture.

* <Image> Create a compact narrative representing the image presented.

B.1.2 Q2T Retrieval
MSMARCO

MSMARCO [16] stands for Microsoft Machine Reading Comprehension dataset. It is a
text-only dataset with around 1 million questions and 8 million passages. At stage 0, we train
according to ColBERT-v1 by Khattab and Zaharia [146]. For later stages, we downsample
the dataset to 400K questions to balance between the multi-modal tasks and uni-modal tasks.
For the training corpus, we still use the full 8 million passages. For testing, we select 6,980
and 5,120 samples from the original MSMARCO validation set and sample 400K passages
to retrieve from and ensure the subset contains all ground-truth passages.
Instruction templates for MSMARCO:

* <Blank image> Retrieve the document that answers this question. <Questions>

* <Blank image> Find the document that is most relevant to the question. <Questions>
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* <Blank image> Obtain the document that resolves this query. <Questions>

* <Blank image> Acquire the document that elucidates this question. <Questions>

* <Blank image> Choose the document most relevant to the query. <Questions>

* <Blank image> Identify the document most applicable to the question. <Questions>
* <Blank image> Extract the document that answers this query. <Questions>

* <Blank image> Locate the document that addresses the query.<Questions>

B.1.3 1IQ2T Retrieval
LLaVA

The LLaVA instruction following dataset contains GPT-3.5 generated high-quality conversa-
tion about an image between a human and an Al assistant. There are around 150K rounds of
conversations. We took each conversation (each question from the human and the answer
from the Al assistant) as a separate sample. This results in a total of 356K samples. Since
there are no original validation or test sets associated with the LLaVA, we manually split the
sample pool into 351K training examples and 5,120 test examples.

The task is reformulated to an Image&Question to Text retrieval task. The training corpus
and test corpus each contain the associated answers as passages to be retrieved by the image
and question pairs. We use two types of instruction templates depending on the preciseness
of the question:

* <Image> Provide a brief description of the image along with the following question:
<Question>

* <Image> Provide a concise explanation of the image along with the following question:

<Question>

OVEN

OVEN is a dataset targeting open-domain visual entity recognition. The dataset consists
of two splits: entity set and query set. The entity set is derived from image classification
datasets such as INaturalist2017 [60], Food-101 [22], Cars196 [151] and Google Landmarks
Dataset v2 [321]. The query set is derived from VQA datasets such as VQAv2 [94] and
OK-VQA [273]. To avoid overlapping with our other KB-VQA datasets, we only use the
entity set of OVEN. The entity set contains about 10K unique entities.

The original entity set contains about 5 million question-image pairs. However, the
questions are highly duplicated in the original OVEN dataset. We downsample the dataset by
removing repeated questions corresponding to the same entity. This reduces duplications
while maximizing the diversity of the questions and coverage of entities. After the filtering,
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we keep 339K training samples. For validation and testing, we select 20,000 and 5,120
examples from the original OVEN Entity validation set. The original test set is not used in
M2KR due to the lack of annotation.

The original task is to link the image to a specific Wikipedia Entity given a question. To
formulate the task as a retrieval problem, for each entity, we use its associated Wikipedia
passage as the document to retrieve. The query side of this retrieval task contains the image
and its question with the inclusion of a randomly sampled instruction. Given this query, the
task is to obtain the relevant Wikipedia passage. The training corpus contains about 10K
passages, while the test corpus contains about 3.2K passages that cover all entities in OVEN’s

original training set and validation set respectively.

E-VQA, Infoseek and OK-VQA

E-VQA, Infoseek, and OK-VQA are Knowledge-based VQA (KB-VQA) datasets. For
each given image and question (with instruction), the task is to retrieve the corresponding
knowledge passage.

For E-VQA [218], the original training set contains around 1 million samples. However,
it includes duplicated questions and answers referring to the same Wikipedia Entity with
different query images. We filter duplicated questions that pertain to the same Wikipedia
Entity. To align with the original evaluation setting of E-VQA, we further excluded samples
that necessitate multiple knowledge bases, reducing the count to 167K training samples. To
be consistent with the original E-VQA paper, our validation and testing sets exclusively
include questions that can be answered using a single knowledge passage. These sets contain
9,852 and 3,750 samples, respectively. We use the WikiWeb2M [26] as the knowledge source.
For the training and test passage corpus, we keep all the passages that appear in the original
E-VQA to align with the official E-VQA’s setting for retrieval.

For OK-VQA, we use the original training and test set. Following Lin et al. [188], we
prepare a knowledge corpus with Wikipedia documents based on pseudo-relevance. The
training and test passage corpus both contain all passages in the knowledge corpus.

For Infoseek, following the preprocessing steps described by Chen et al. [44], we use
Wikipedia documents as knowledge sources and remove examples whose answers can not be
found in the ground-truth documents. We randomly selected 100K examples from the training
set for training and 4,708 examples from the validation set for testing (the annotation of the
original test set has yet been released). The downsampling is motivated by our observation
that many questions are repeated and the number of unique documents associated with the
whole dataset is only about 40K. We downsampled the dataset such that the model won’t

overfit severely to Infoseek passages.
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Note that the aforementioned downsampling procedure for the test set is only used for
constructing the M2KR benchmark. For downstream VQA evaluation, we use the same test
set that existed in previous literature to ensure a fair comparison.

Instruction templates for OVEN, Infoseek, E-VQA, and OK-VQA

* <Image> Using the provided image, obtain documents that address the subsequent
question: <Question>

* <Image> Retrieve documents that provide an answer to the question alongside the
image: <Question>

* <Image> Extract documents linked to the question provided in conjunction with the
image: <Question>

» <Image> Utilizing the given image, obtain documents that respond to the following
question: <Question>

* <Image> Using the given image, access documents that provide insights into the
following question: <Question>

* <Image> Obtain documents that correspond to the inquiry alongside the provided image:
<Question>

* <Image> With the provided image, gather documents that offer a solution to the question:
<Question>

» <Image> Utilizing the given image, obtain documents that respond to the following

question: <Question>

B.2 Implementation Details

B.2.1 Breakdown of Data Used in Training

The detailed breakdown of the data used in different phases is presented in Table B.1. In
Stage 3 Full-scale Fine-tuning, the different sub-tasks in the M2KR dataset are downsampled
or duplicated to balance the dataset proportions during training. We observed that without
adjusting the data proportions during training, the model’s training losses on certain datasets
like WIT, Infoseek, and OVEN decrease much faster than on others once all parameters
become trainable. This goes against our goal of training a multi-tasking system. Adjusting
the data proportions is crucial to ensure a more consistent learning process across different
tasks.
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Stage 1 Stage2 Stage 3

WIT 2.8M - 140K

IGLUE - - -

KVQA 65K - 6.5K

CC3M 595K - 29.8K

MSMARCO 400K - 40K

OVEN 339K - 339K

LLaVA 351K - 35.1K

OK-VQA 9K - 90K (repeat 10 times)
Infoseek 100K - 50K

E-VQA 167K 167K 167K

Table B.1 The dataset sizes are adjusted in Stage 3 in practice.

B.2.2 Detailed Hyperparameters

We use the Adam optimizer [149] with a fixed learning rate of 10~ for the mapping structure
and 107> for the rest parameters in all experiments in all training stages. 4 Nvidia A100
GPUs were used with data parallel in all experiments.

Stage 0: Training was run up to 300k steps. The batch size is 8 and the gradient
accumulation step is 8. The number of negative examples is 1. The validation ran per
10k steps. The checkpoint was taken at the best Recall@50 on the original MSMARCO
validation set, following Khattab and Zaharia [146]. The total training time is approximately
1.5 days per model.

Stage 1: Training was run up to 220k. The batch size is 8 and the gradient accumulation
step is 8. The number of negative examples is 4. The validation interval is 10k steps. The
checkpoint was taken at the best Recall@ 10 on the validation set of WIT in M2KR. The total
training time is approximately 5 days per model.

Stage 2: The intermediate pre-training was run for 12k steps for all experiments. The
batch size is 8 and the gradient accumulation step is 8. The number of negative examples is
4. The total training time is approximately 2 days per model.

Stage 3: Training was run for 50k for all experiments. Training was early-stopped if the
performance on WIT or E-VQA decreases for 3 consecutive validation runs. Validation was
run per 10k steps. The batch size is 8 and the gradient accumulation step is 8. The number of
negative examples is 4. The total training time is approximately 2 days per model.

Single-task Downstream Fine-tuning: The batch size is 8 and the gradient accumulation
step is 8. The number of negative examples is 4. For reference, in our experiments, the
downstream fine-tuning took 20k, 5k, 1k, 15k, 2.5k steps to achieve the best performance for
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WIT, OVEN, Infoseek, E-VQA, OK-VQA respectively (for the ViT-G + Base-v2 PreFLMR).
The total training time is approximately 1 days per model per task.

VQA Fine-tuning: We used BLIP2-T5XL as the answer generator as in RA-VQA-
v2 [188]. The retriever was frozen during training and inference. The batch size is 1 and
the gradient accumulation step is 16. For each question in a training batch, top-5 relevant
documents were pre-extracted using the retriever, and 3 out of 5 were randomly selected.
These 3 documents were concatenated to the question and sent to the answer generator for
one forward pass individually. This setting is to enable training with top-5 documents given
limited GPU memory. The total training time is approximately 2 days per model.

Every model reported in this paper was reproduced once to make sure the training is
reproducible. The best result is reported since the model with the best result will be released
to the community. There is not much difference in the two runs. The absolute difference is
less than 0.2 Recall score in most datasets (except that PreFLMR_ViT-B_Base-v2 has a -0.4

difference on Infoseek).

B.2.3 Large-vl Training

In our experiments, we found that training Large-v1 during Stage 2/3 was not steady. First,
the loss decreased faster than in other systems, like Base-v1, even though Large-v1 had worse
system performance. This happened because Large-v1’s bigger model capacity made it more
prone to overfitting.

Next, the loss suddenly shot up, causing the training to collapse, despite using the same
data and strategy as Base-v1. We tried different hyperparameters, like lowering the learning
rate to le — 6, 3e — 6, but the model still collapsed.

Finally, when we used LoRA [110] with Large-v1 during training, it helped stabilise the
process. The LoRA hyperparameters used were: r = 16, oo = 32, and a dropout rate of 0.05.

B.2.4 Model Design in Detail

Similar to FLMR, PreFLMR consists of three components: a vision model .%y, a mapping
structure %)y, and a language model .%;.

Feature Extraction. The textual query ¢ consists of an instruction and (optionally) a
question (e.g., "Utilise the given image to procure documents addressing the following query:
[Question]"). We use a language model with hidden size dy, to obtain embeddings for all N,
tokens which are concatenated into matrix Q,:
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Q, = Z1(q) € Z". (B.1)

Like FLMR, a vision model .%y encodes the input image I, extracting the ‘[CLS]’ token
embeddings from the last layer. PreFLMR additionally uses the patch embeddings from the

penultimate layer of ViT for more complete representation.

Qi cs) = Fv(I) € #Y, (B.2)

Q. parci = Fv—o(I) € BV (B.3)

The mapping structure .%); comprises two components: a 2-layer MLP %, AAfLP and a

Transformer block . LK.

Following the FLMR model, a 2-layer Multi-Layer Perceptron (MLP) .ZMLP ig utilised
to convert the initial token embeddings into visual token embeddings with a length of N,;
and a hidden size dj:!

QL = T (Qcas) € AN (B4)

Moreover, an additional Transformer module .7 IER is introduced to manage all patch

embeddings. It is a stack of Nrg transformer layers with a hidden size d;, followed by a
simple MLP layer at the end. This module leverages cross-attention with the text query Q,,

enabling query-aware image feature mapping.

TR = Z5(F0(Qrparcn), Q) € N, (B.5)

Here, .7 v represents a 1-layer MLP that adapts the dimension from dy to dy, which is

subsequently transformed to dj, by the linear MLP layer of .7, AER. The resultant features from
these processes are concatenated to formulate the query embeddings:

Q — [Qq|Q1]V[LP’Q]TR] c %(Nv[+Nv+Nq)Xd/1. (B.6)

Furthermore, the document representations in the knowledge base are denoted by D,
derived from the document content d with length /p:

D = .7 (FL(d)) € F'P*, (B.7)

!Transformation sequence: 2% — ZNd/2 — gpNwdn  subsequently reshaped into 22>,
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where %, signifies a straightforward MLP layer tasked with mapping d;, to dj,, thereby
aligning the dimensionality with the query embeddings.

Multi-Modal Late Interaction. The relevance score between a question-image pair
q = (¢,1) and a document d is calculated using a late-interaction paradigm:

lo
r(@.d) = r((q.0).d) = ). mix QiD]. (B.3)
i=17""

where lp = N,; + Ny +N,. For each token in the query, the system aggregates the
maximum relevance score across all tokens in the document.

Training and Inference. For model training, documents d* corresponding to a query
q are considered gold (positive) samples. We incorporate random negative sampling from
the corpus.” Additionally, we adopt in-batch negative sampling as suggested by Karpukhin
et al. [143], treating all non-corresponding documents in a batch as negatives for ¢, denoted

as ./ (g). The model is trained using a contrastive loss across the dataset Z:

exp (rg.d"))
L =— log _
(q,d;e@ exp (r(g,d*)) +Y, exp(r(q,2))

€4 (q)

(B.9)

Post-training, all documents are indexed through PLAID [263] for efficient late-interaction
retrieval. For detailed evaluation of retrieval efficiency, we refer readers to Sec. A.6.

B.3 Ablation Study on Pre-training Stages

Model WIT IGLUE KVQA MM OVEN LLaVA Infoseek E-VQA OK-VQA

PreFLMR_ViT-B_Base-vl 41.7  57.3 28,6 795 463 67.2 48.8 67.9 66.1
w/o Stage 0 25.5 288 21.0 565 339 55.0 42.5 51.8 64.5
w/o Stage 1 382 549 26.6 78.0 455 62.8 44.6 61.9 65.5
w/o Stage 2 412  56.8 26.5 782 437 65.0 47.0 57.3 65.1

Table B.2 Retrieval performance when disabling pre-training stages. Removal of any stage
deteriorated the performance.

We present the ablation study for the four pre-training stages in Table B.2. To ensure
consistent comparison, these ablated versions underwent the same number of training steps
as PreFLMR_ViT-B_Base-v2. The results clearly indicate that the removal of any stage
deteriorates performance. Specifically, disabling Stage O (i.e. using untrained text encoder)

’In multi-dataset scenarios, negative samples are selected from the same corpus as d*.
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leads to the most significant performance decline because the text encoder is not pre-trained
on late-interaction, resulting in a diminished ability to capture fine-grained relevance within
the same computational budget. Note that removing Stage 0 leads to collapsed performance
on Stage 1, where the text encoder is frozen. Furthermore, removing Stage 2 notably affects
the performance on E-VQA more than on other KB-VQA datasets, highlighting the challenge
posed by E-VQA and the necessity of intermediate pre-training.

B.4 V-Entropy-based Analysis of Intermediate Pre-training

V-Entropy [335], Hy (Y|X), is the minimal Negative Log-Likelihood (NLL) achievable by
the probabilistic predictor f(Y|X) under the predicative family 7. A predicative family can
be viewed as the set of reachable models under a certain model architecture and training
budgets.

We define Mutual Information Ly[N /] (D) — D;) between datasets D and D, in Eq.B.10.
We define Hy |y, (D) as the minimal achieved NLL loss on the validation set of dataset D,
after Ny training steps on Dp. 7 N r,Dq ,IN;] denotes the set of reachable models after N '
fine-tuning steps on D, starting from a checkpoint that has been trained on dataset D; for N;
steps. This is V-Entropy with additional predictive family specification.

Iyn,)(Dy — D2) = Hy|y,)(D2) — Hy|n, p, n)(D2)- (B.10)

Intuitively, D has high mutual information with D, if models initialised from D check-
points attain much lower NLL loss compared to models initialised without training on D.
Ny and N; set the computation constraints for training on D and Dj, respectively. In our
experiment, ¥ is the PreFLMR architecture, D is the E-VQA dataset and D, is the training
set of M2KR. N corresponds to Ny, in Sec. 6.5.6, which is the intermediate training steps
on the E-VQA dataset. In the analysis, we set Ny to 5,000 and sweep N; from 0 to 25,000 in
intervals of 5,000.

We refer readers to Xu et al. [335] for detailed properties of V-Entropy and emphasise
that Iy (D1 — D) is an empirical value we define to estimate mutual information between
datasets. It is different from the V-Information defined in Xu et al. [335] which estimates the

mutual information between model input and output.
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B.5 Qualitative Analysis for OK-VQA and E-VQA

In this section, we compare examples from the OK-VQA and E-VQA datasets to highlight
their differences. To avoid cherry-picking, we use examples from its official website? for
OK-VQA. Similarly, we use the examples included in the paper for E-VQA. Table B.3
presents three examples from each dataset.

The OK-VQA examples typically require common sense knowledge, like ‘people attend
church on Sundays’ or ‘firetrucks use fire hydrants’. State-of-the-art Large Language Models
(LLMs) often have this common sense knowledge inherently built-in, making additional
knowledge retrieval less impactful for OK-VQA tasks.

In contrast, E-VQA examples demand more specialised, expert-level knowledge, necessi-
tating an effective knowledge retrieval system. For instance, correctly answering a question
about ‘Acacia paradoxa’ requires first retrieving the relevant document providing specific
information about this plant species. Enhancing the knowledge retrieval system to source

accurate documents is crucial for improving performance on the E-VQA dataset.

B.6 Artifacts and License

We list the resources used and their License below:

(1) huggingface-transformers (Apache License 2.0) provides pre-trained model check-
points for BLIP 2, DPR, and their tokenizers: https://github.com/huggingface/transformers.

(2) FAISS [138] (MIT License) is used to index document embeddings for fast retrieval
with DPR: https://github.com/facebookresearch/faiss.

(3) huggingface-PEFT (Apache License 2.0) for parameter-efficient LoRA fine-tuning:
https://github.com/huggingface/peft.

(4) PLAID and ColBERTV2 (MIT License): https://github.com/stanford-futuredata/ColBERT.

(5) RA-VQA-v2 official repository with training and testing codes (GNU General Public
License v3.0): https://github.com/LinWeizheDragon/Retrieval-Augmented- Visual-Question-
Answering.

(6) Datasets used in building the M2KR benchmark:

* WIT (Creative Commons Attribution-ShareAlike 3.0 Unported https://github.com/google-
research-datasets/wit/blob/main/LICENSE);

* MSMARCO (non-commercial research purposes only https://microsoft.github.io/msmarco/);

* CC3M (Free for any purposes https://github.com/google-research-datasets/conceptual-
captions);

3https://okvqa.allenai.org/


https://github.com/google-research-datasets/wit/blob/main/LICENSE
https://github.com/google-research-datasets/wit/blob/main/LICENSE
https://microsoft.github.io/msmarco/
https://github.com/google-research-datasets/conceptual-captions
https://github.com/google-research-datasets/conceptual-captions
https://okvqa.allenai.org/
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Q: What days might I most Q: What sort of vehicle uses Q: Is this photo from the 50’s
commonly go to this building? this item? or the 90’s?
A: Sunday A: firetruck A:50’s

E-VQA

Q: How many feet tall does this Q: How many eggs does this Q: Who founded this
tree grow to? reptile typically lay? monastery?
A:7to 13 A: 3-6 A: Prince Constantin Brancov-

canu

Table B.3 Demonstrative examples from OK-VQA and E-VQA. Questions in E-VQA require
more domain knowledge to answer generally.
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* LLaVA, the image of LLaVA is a subset of CC3M. It should inherit the license of CC3M.
The conversation data follows policy of OpenAl: https://openai.com/policies/terms-of-use;

* IGLUE (MIT license https://github.com/e-bug/iglue/blob/main/LICENSE);

* KVQA (No specific license is mentioned https://malllabiisc.github.io/resources/kvqa/);

* OVEN (Apache-2.0 license https://github.com/open-vision-language/oven/blob/main/
LICENSE);

* E-VQA (no specific license mentioned https://github.com/google-research/google-research/
tree/master/encyclopedic_vqga);

* Infoseek (Apache License 2.0 https://github.com/open-vision-language/infoseek/blob/
main/LICENSE);

* OK-VQA (Copyright (c) 2021, Chen Qu and Center for Intelligent Information Retrieval,
University of Massachusetts, Amherst. https://github.com/prdwb/okvqga-release/blob/
main/LICENSE).

In particular, we emphasise that no changes are made to the original data of all the datasets
used in our work. Our released models and artifacts should only be used for non-commercial
purposes. By using the pre-trained models, users agree to respect the terms and conditions of

the datasets used in pre-training.

B.7 PreFLMR model performance radar chart on M2KR
tasks

Fig. B.1 demonstrates the performance of PreFLMR with a radar plot. The best and worst
numbers of each task are annotated.


https://openai.com/policies/terms-of-use
https://github.com/e-bug/iglue/blob/main/LICENSE
https://malllabiisc.github.io/resources/kvqa/
https://github.com/open-vision-language/oven/blob/main/LICENSE
https://github.com/open-vision-language/oven/blob/main/LICENSE
https://github.com/google-research/google-research/tree/master/encyclopedic_vqa
https://github.com/google-research/google-research/tree/master/encyclopedic_vqa
https://github.com/open-vision-language/infoseek/blob/main/LICENSE
https://github.com/open-vision-language/infoseek/blob/main/LICENSE
https://github.com/prdwb/okvqa-release/blob/main/LICENSE
https://github.com/prdwb/okvqa-release/blob/main/LICENSE
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—e— Baselines

< VIiT-B Base-v2
—e— VIiT-L Base-v2
—e— ViT-H Base-v2
Infoseek ~o— ViT-G Base-v2

EVQA

OKVQA

Fig. B.1 PreFLMR achieves strong performance on the M2KR benchmark. The scale of
the plot is adjusted for better visualisation. The best and worst numbers of each task are
annotated.
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C.1 Implementation Details

C.1.1 ITR Retriever Configuration

For the ITR retrieval component, i.e., to obtain question encoder (Ep) and item encoder
(E7) in Algorithm 1, we fine-tune DPR on WikiSQL to retrieve the relevant table items for
a question. We initialise Ep and E7 using DPR weights released via huggingface,i.e.,
facebook/dpr—question_encoder-single-ng-base and facebook/
dpr-ctx_encoder-single-ng-base, respectively. Before encoding via Er, we
linearise table items in a naive way with additional special tokens interleaving table cell
values. For example, to encode row r3 in Fig. 7.1(a) we use: <HEADER> rank <HEADER_SEP>
mountain peak <HEADER_SEP> mountain range <HEADER_SEP> elevation <HEADER_END>
<ROW> 2 <ROW_SEP> red slate mountain <ROW_SEP> sierra nevada <ROW_SEP> 13, 149 ft
<ROW_END>.

We obtain annotations for gold cells by assessing the SQL query associated with each
question-table-answer triple (¢, 7', a) in WikiSQL. For example, we can evaluate the fol-
lowing SQL query annotation “SELECT Headerl FROM table WHERE Another Header
= Some Entity” to obtain cells that are selected as answers. In case of other aggregation
functions beyond cell selection (e.g. COUNT, SUM, AVG), gold cells are those selected as
input to aggregation functions. Thus, the table items containing any of these gold cells are
gathered into positive items /™ (g, T') while the remaining negative items are in I~ (¢, T).

In training ITR encoders, we leverage a contrastive loss to increase the output similarities
between the question embeddings E(g) and the embeddings of positive items Er (i) (i €
I"(q,T)). In contrast, the similarities with the embeddings of negative items are reduced.
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Parameter ‘ Value
Negative samples | 4 (per positive sample)
Total GPUs 8
Learning rate 0.0001
Optimizer Adam
Batch size 1 (per device)
Grad. accum. steps | 4
3800 (ITR.4;)
Training steps 6800 (ITR ;)
11600 (ITR i)

Table C.1 Best hyperparameters chosen for ITR retriever on the WikiSQL dataset.

Formally, the embeddings of questions and items are:
eq = Eo(q) € RY;e; = Er(i) € RY, (C.1)

where i € I | I =Items(7T) and d is the hidden size. We use inner dot product as our similarity

function:
r(q,i) =eqe; . (C.2)

For each question, one positive item i* and a few negative items are randomly sampled

from I (q,T) and I~ (q,T) respectively. The training loss is therefore:

exp (r(q,i*))
-1 - C3
5 o tlai )+ Y, ew(r(@d) €3
iel—(q,T)

In Table C.1 we report other hyperparameters for the ITR retrieval component, chosen
based on the Dev set of WikiSQL. We recall that we use the same checkpoint trained on
WikiSQL also for WikiTQ in TableQA task. We train ITR retrieval component on an V100

machine, and the total training time for our main ITR variant is about 380 minutes.

C.1.2 Training with ITR Configuration

We use only TaPEXx as a baseline for ITR at training time. We initialise TableQA models with
the released checkpoint from huggingface for TaPEx pre-training, i.e.,microsoft /tapex—
large. As previously shown in Table 7.6, we notice a slight difference on the performance
of the released TaPEx checkpoints via huggingface and the in-house fine-tuned TaPEx.
Due to this, we report the hyperparameters we use to fine-tune TaPEx on WikiSQL and
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Parameter Ya_lue Yal.ue
(WikiSQL) (WikiTQ)

Warmup steps 1000 0

Epochs 10 40

Learning rate 0.00003 0.00002

LR decay Linear

Optimizer AdamW

Total GPUs 8

Batch size 1 (per device)

Grad. accum. steps 4

Weight decay 0.01

Label smoothing 0.1

Table C.2 Best hyperparameters chosen for the in-house and ITR-enhanced TaPEx for
WikiSQL and WikiTQ datasets.

Baseline  Checkpoints

WikiSQL

TaPEx microsoft/tapex-large-finetuned-wikisqgl

TaPas google/tapas—large-finetuned-wikisgl-supervised
WikiTQ

TaPEx microsoft/tapex-large-finetuned-wtg

TaPas google/tapas—large-finetuned-wtqg

OmniTab neulab/omnitab-large-finetuned-wtg

Table C.3 Checkpoints released via the huggingface library for TaPEx, TaPas and Om-
niTab, that we use as baselines for inference only experiments with ITR.

WikiTQ datasets in Table C.2. We choose the best hyperparameters based on the performance
on Dev set of each benchmark.

C.1.3 Inference with ITR Models

In Table C.3 we report the model checkpoints from huggingface that we used as base-
line when applying ITR at inference time only. As mentioned in Sec. 7.5, there are some
differences between the performance obtained when evaluating the huggingface imple-
mentation of the baselines and the performance reported in each separate paper, mainly due
to data processing and evaluation scripts. For example, OmniTab official repository was
firstly based on that of TaBERT, which is based on encoder-only architecture. The authors
have adjusted the code to an encoder-decoder architecture, however maintaining the tokenizer
of TaBERT rather than TaPEx.This detail has not been transferred to the huggingface
implementation. In addition, after the release of the original TaPas [106], authors have
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implemented different variants on the same repository, including the preprocessing of the
data and/or evaluation scripts. For example, Herzig et al. [106] report that they drop examples
if certain conditions are not satisfied, such as there is no scalar answer and the denotation
cannot be found in the table. It is not clear if this decision continues to be true for the
subsequent developments. Therefore, this does not allow a straightforward assessment of
ITR contribution. To this end, we unify the implementations in a single evaluation frame-
work, using the dataset splits, checkpoints and evaluation methods made available in the
huggingface library for all the baselines.

C.2 Column and Row Order Effect

Despite the order of items returned by ITR, after creating and choosing the sub-tables, we
rearrange their columns and rows in the same order as that in the original table. We rely on
the order of the original training data, which can have its own biases in data creation. In

addition, we observe that:

1. Exposing the most relevant items first at training time, in which case we also have
access to gold items, leads to quick model overfitting. The model can be strongly
biased to choose cells that appear early in the linearised sequence, which is not desired
for training a generalisable and robust TableQA model.

2. Baseline models have been trained without a strong bias on the column/row order, i.e.,
not enforcing that most relevant items are shown first. We show several experiments in
which we apply ITR at inference time only. As such, introducing an ordering bias at

inference time only decreases the performance.

Furthermore, to investigate whether the positioning of gold answers in the dataset can bias
the trained model, we shuffle sub-table rows and columns to make the gold answers appear
equally possible in any position of the input table. Results in Table 7.5 showed that shuffling
at training time slightly increases the robustness of the model by 0.2-0.5 denotation accuracy
points in WikiSQL Test and Dev sets respectively. Interestingly, shuffling has a bigger impact
in the extreme scenario (see Sec. 7.5.2) increasing the Overflow,,;. by 2 denotation accuracy
points. In the literature different strategies have been employed in the model design to avoid
positional biases. For example, TableFormer [339] disposed of positional embedding to make
all token positions homogeneous. However, such modifications of the baselines are out of
the scope of our work, in which we show the contribution of ITR on the current settings of
each baseline.
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N  WikiSQL Dev  WikiSQL Test

20 91.24 91.34
15 91.22 91.30
10 91.25 91.35
5 91.23 91.30
4 91.18 91.27
3 91.14 91.21
2 91.08 91.11
1 91.03 90.97
0 88.4 87.7

Table C.4 DA of ITR — TaPEx for varying values of N. Underlined values denote the
performance at our chosen N for the best model. N=0 indicates the baseline, i.e., using the
full table.

C.3 Multiple Sub-tables Effect

For our main experiments we use N > 1 sub-tables at inference time for generation baseline
systems, i.e., TaPEx and OmniTab. In particular, we use N = 10 for our main ITR variant
and ITR,,4,4m, while for the column and row only ITR variants, we set N =5 and N = 10. In
Sec.7.5 (and Fig. 7.3), we showed that ITR retrieval performance converges after K > 5 for
columns and K > 10 for rows, which justifies the values selected in TableQA for N for each
variant.

In Sec. 7.6 we showed the marginal impact of N=1 versus N=10. For completeness, in
Table C.4 we report the effect of varying N sub-tables for ITR — TaPEx: on the WikiSQL
Test set, we get an improvement of 0.4 accuracy points for querying TaPEx on N=10
sub-tables versus doing so only on N=1 sub-table. Increasing N up to 20 yields no further
improvements. We realise that using a large enough number of sub-tables, one might consider
even simpler methods that consider different regions and combinations of the table each
time, delegating the selection of the most relevant sub-table to the TableQA system, as per
prediction confidence. For this reason, we also compare a naive baseline that uses up to
N=10 randomly chopped sub-tables from a given table, without a specific notion of item
relevance, combined with TaPEx. For this baseline, we simply sample columns and rows
and combine them similar to ITR mix until a sub-table exceeds the token budget. Results
show that N=10 random sub-tables might allow TaPEx to improve its performance by +2.3%
in WikiSQL (versus +3.7% improvement from ITR). In WikiTQ, randomly choosing the
sub-tables degrades the performance by -3.4% (versus +3.7% improvement from ITR). This

is because in WikiSQL questions require less interaction between rows/columns and it might
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be enough for the system to have visibility of the items containing the gold answer. In
WikiTQ, questions require aggregations between different columns and rows, and therefore a
random combination of them leads to performance degradation.

We recall that for TaPas, we use N=1 as, due to joint tasks of cell selection and aggregation
classification, it is not straightforward to determine the probability of the output making it
unfeasible to compare N > 1 predictions.

C.4 Computational Cost

Training & Decoding Training Speed T  Training  Training Time Inference Speed T Inference

Approach (iter/sec) Batch Size (mins) (iter/sec) Batch Size
TaPEx 3.58 1 460 0.98 16
ITR — TaPEx 3.32 1 480 0.77 4

Table C.5 Training and inference speed for TaPEx and ITR-enhanced TaPEx. We train each
model on an A100 machine. Batch size is shown per GPU.

In Table C.5 we report training and inference speed for TaPEx and ITR-enhanced TaPEx.
Especially in mix and row-wise ITR variants, the number of sub-tables is generally large
(>100), which causes a significant performance bottleneck when dynamically tokenizing the
sub-tables within the training/evaluation loop. A potential solution to this problem is that we
can calculate the sub-tables at a preprocessing step which does not have any impact on the
end-to-end training/inference speed. This is possible as choosing sub-table is not affected by
the training updates.
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D.1 Table Linearisation

In the retriever component, the input table is linearised into a sequence with separation tokens
interleaving the table elements to make the input structure-aware, e.g., “<SOT> [table title]
<EOT> <BOC> mountain peak <SOC> elevation <EOC> <BOR> red slate mountain
<SOR> 13,162 ft <EOR> <BOR> ...”.

In the reader component, the TaPEx tokenizer linearises the table with structure-aware
separation, for example, “/HEAD] mountain peak | elevation [ROW] 1 : red slate mountain |
13, 162 ft [ROW] 2 ...”.

D.2 CLTR and T-RAG Evaluation

In these open-domain TableQA datasets, each question is associated with only one gold table.
As aresult, Precision@K in retrieval has a certain upper bound at % Therefore, evaluating
the retriever with Recall @K is more reasonable in this case.

We confirmed with the authors of CLTR and T-RAG that they decomposed tables into
single rows and columns to form the table database. In evaluating their systems on the E2E-
WTQ dataset, the authors reported some retrieval metrics including Precision@K (P @K)
which goes beyond the ,% limit (e.g. T-RAG achieved 0.7806 P@5). This is because they
reported a hit for a retrieved row/column as long as it belongs to the gold table. With different
setups for table corpus, the retrieval metrics of their systems are not directly comparable.
Therefore, we compare Recall@K with BM25 and DPR only, and compare the end-to-end
TableQA accuracy with CLTR and T-RAG (which is called Hit@1 in their papers).
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Parameter

‘ Value

Negative samples
Total GPUs

Learning rate
Optimizer

Batch size (per device)
Grad. accum. steps
Training steps

4 (per positive sample)
8

0.0001

Adam

8 (DPR) /6 (LI)

4

6000 (NQ-TABLES)
600 (E2E-WTQ)

Table D.1 Hyperparameters for DPR and LI training.

Parameter Value Value
(NQ-TABLES) (E2E-WTQ)

Warmup steps 0

Epochs 20 15

Reader LR 0.00002 0.000015

Retriever LR 0.00001

LR decay Linear None

Optimizer AdamW

Total GPUs 8

Batch size 1 (per device)

Grad. accum. steps 4

Weight decay 0.01

Label smoothing 0.1

Table D.2 Hyperparameters for LI-RAGE training.

D.3 Technical Details

D.3.1 Hyperparameters

The training hyperparameters are shown in Table D.1, D.2, and D.3. The tuning of hyperpa-

rameters was performed on validation performance.
DPR: The dimension of the extracted table/question embeddings is d = 768.
LI: The dimension of the extracted table embeddings is /; X d = [; x 128, where /; depends on

the length of input tables. Following Santhanam et al. [264], the dimension of the extracted

question embeddings is fixed to I, X d = 32 x 128. We pad the questions that have less than

I, tokens.
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Parameter Value
Warmup steps 1000
Epochs 40
Learning Rate 0.00002
LR decay Linear
Optimizer AdamW
Total GPUs 8
Batch size 1 (per device)
Grad. accum. steps 4
Weight decay 0.01
Label smoothing 0.1

Table D.3 Hyperparameters for tapex-1large fine-tuning on WikiTableQuestions for E2E-
WTQ.

D.3.2 Indexing and Dynamic Retrieval

DPR. Following Lewis et al. [167], one-dimensional table embeddings are pre-extracted with
the DPR model that has been fine-tuned on the retrieval task. The FAISS system [138] is used
to index all table embeddings which enables fast nearest neighbour search with sub-linear
time complexity. In training LI-RAGE, question embeddings are dynamically extracted from
the retriever, and tables with highest scores are retrieved using the precomputed index.

LI. Khattab and Zaharia [146] proposed the first version of ColBERT, and Santhanam et al.
[264] introduced ColBERTvV2, which is an enhanced version of ColBERT. Santhanam et al.
[263] developed an efficient search engine, PLAID, for ColBERTV2, which significantly
improved the retrieval latency. We redirect readers to the aforementioned papers for more
details. We started from the official CoIBERTV2 implementation' and refactored the code
base. We integrated ColBERTV2 into our training framework, so that fast and dynamic

retrieval can be done during end-to-end joint training.

Thttps://github.com/stanford-futuredata/ColBERT


https://github.com/stanford-futuredata/ColBERT
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