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Abstract—We present Multiverse Explorer, a domain-specific
probabilistic programming language presented as a visual lan-
guage integrated with a domain world model. The interactive
visualisation presents a Monte Carlo simulation over a causal
graph, allowing the user to gain an overview and query alter-
native outcomes in a counterfactual manner. Separate graphs
express the policies attributed to multiple heterogeneous agents.
The outcomes of actions are visualised in an interactive 3D
animation of the environment; in this work, we apply the Multi-
verse Explorer to multi-agent driving scenarios by extending the
CARLA simulator. The Multiverse Explorer has been evaluated
with a sample of technical non-specialists, demonstrating the
potential of this approach to be used in design, audit, policy,
litigation, and other contexts where the outcome of multi-agent
decision scenarios must be investigated by professionals beyond
a specialist AI audience.

Index Terms—Programming, Visualisation, User centered de-
sign, Graphical user interfaces

I. INTRODUCTION

Probabilistic programming languages (PPLs) implement a
programming paradigm in which the programmer specifies a
probabilistic model as a set of relationships between random
variables, and execution involves running an inference algo-
rithm to characterise and sample from the resulting distribu-
tions. Since the original development of the BUGS language
[27] as an implementation of Judea Pearl’s Bayesian causal
graphs [22], there has been an explosion in development and
deployment of PPLs, especially for use as statistical tools
[9], [21], [27], and in AI applications that combine symbolic
reasoning and machine-learning functionality [12], [16], [30]
(sometimes described as “neuro-symbolic”) [13]. In terms of
historical programming paradigms, probabilistic programming
is perhaps most closely related to logic programming, which
also involves declarative specification of a model as relations
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between variables, and execution by running an inference
algorithm to establish possible values for variables that are
unknown.

As yet, there has been very little research into the human-
centric design of PPLs. An agenda-setting paper was presented
at the 2019 workshop of the Psychology of Programming In-
terest Group (PPIG), with authors including several developers
of leading PPL projects [2]. The project that we report here
builds on the recommendations of that paper. In particular,
we explore the potential of the PPL approach to be offered
to end-user developers (EUD). Following a common research
strategy in EUD, we have created an experimental PPL that is
targeted at a specific domain, illustrating how a programming
language approach can deliver enhanced capabilities to users
working in that domain. We suggest that this class of tools
should be described as domain-specific PPLs, or DS-PPLs. We
believe that DS-PPLs can become a valuable addition to the
set of machine learning tools available to end-users, offering
enhanced controllability, explainability, and learnability for
machine learning applications.

The DS-PPL that we present in this paper offers the
following contributions: 1) a novel visual syntax based on
a temporally-ordered causal graph, where line widths indi-
cate likelihood; 2) a novel visual rendering of the world
model, where multiple possible outcomes are shown as semi-
transparent “ghosts” of moving agents; 3) a novel interactive
environment where alternative sequences of events specified
by the causal graph are animated as ghosts in the rendered
world model; and 4) a novel interaction paradigm for counter-
factual model exploration and explanation, where the causes
and likelihoods of possible outcomes can be explored using
queries within this environment.

We call the combination of these innovations the Multi-
verse Explorer paradigm. This paradigm could be applied to
many different DS-PPLs, but we illustrate them in a single
domain case study: understanding interaction between multiple



Fig. 1. Overview of the Multiverse Explorer prototype, showing the main elements of the user interface in a simple scenario involving two vehicles.

autonomous vehicles in an urban environment, where the vehi-
cles are guided by different decision policies. We conducted a
user study where participants (n=18) used Multiverse Explorer
to explain behaviors and outcomes in this domain. We found
evidence that our approach assists users in reasoning about
the domain, and suggest design principles and opportunities
for future DS-PPLs.

We discuss related work, including design precedents that
our novel contributions have built on, toward the end of the
paper.

II. OVERVIEW OF FUNCTIONALITY AND FEATURES

The Multiverse Explorer1 is an interactive application con-
sisting of two linked visualisations (Fig 1) which we refer to
as the rendering and the timeline.

A. Rendering

The rendering, which denotes the upper half of the display,
is a 3D representation of the world in which the agents are
acting. In our current implementation, the rendering shows city
streets with vehicles driving along them. Generalisation of the
Multiverse Explorer paradigm in the future could visualise any
situation with interacting agents, whether realistic rendering
as in our case study, or symbolic rendering of more abstract
domains. Our choice of a driving simulator, where multiple
agents are controlling vehicles, was determined in part by the
availability of the open source driving simulator CARLA [14],

1A video demo is available at
https://www.cl.cam.ac.uk/�afb21/publications/multiverse-explorer/

which we have extended with the multiverse rendering func-
tionality described below. Although the domain itself is not
the main focus of our own research, it is well understood that
reasoning about the behaviour of other agents is a fundamental
problem in driving [6], [7], and that there is a significant
challenge in explaining the behaviour of autonomous vehicles
to people, including their own drivers [10].

B. Timeline

The timeline, which denotes the lower half of the display,
visualises agent decisions in an augmented causal graph. Each
horizontal band in this visualisation defines the decisions of
a single agent, which can be compared to the “swimlane”
convention for visualising events in parallel processes (e.g. the
UML sequence diagram, or GANTT charts). The left-to-right
dimension corresponds to time and the blue, vertical cursor
indicates the point in time at which events in the rendering
are paused. Time is mapped as a metrical axis, meaning that
locations along the swimlane are not only ordered in time (to
reflect causality), but relative durations separating them can be
judged by comparing distances between points on the display.
The rectangular nodes in each swimlane represent points at
which the agent has either observed some occurrence in the
world, or formed an intention to act. As for any other causal
graph, connections between the nodes can be considered to
represent information flow within a Bayesian process model
[28] - for example, an agent may form an intention such
as slowing down the car, on the basis of something it has
observed, such as another car turning in front of it as seen in
Fig. 1. Generalisation of the Multiverse Explorer paradigm in

https://www.cl.cam.ac.uk/~afb21/publications/multiverse-explorer/


the future could use these temporally-ordered causal graphs
to model many other types of probabilistic behaviour that are
conditioned on likelihood of observations.

C. Multiverse Representation

The functionality described so far can be used to visualise
a single course of events, such as a car driving and making
a turn. However, the core functionality of the Multiverse
Explorer is to visualisemultiple possible courses of events,
rather than a single set of events happening concurrently.
The nodes do not represent deterministic speci�cations of
behaviour that have been de�ned to take place at that time,
but potential events, where outcomes are conditioned on prior
(uncertain) observations and physical processes, as well as
the policies or biases that make any given agent likely (with
some uncertainty) to choose particular actions and responses
following a given observation.

D. Underlying Model

The computational model of the Multiverse Explorer is
a Monte Carlo simulation, in which a possible series of
events is determined by sampling from each of the probability
distributions associated with the random variables in the
timeline [19]. In the current con�guration, the simulation is run
1000 times, resulting in 1000 possible histories of interaction
between the multiple agents over the timeline. Where there
are branches in the causal graph that are dependent on the
values of particular observations, the number of history paths
in each branch is counted, and the width of each line adjusted
so that widths are proportional to relative likelihood. The
rendering of the causal graph, with varying widths of lines
between the nodes, resembles a Sankey diagram, or the famous
Minard visualisation of Napoleon's march, where line width
is proportional to some quantity [31]. In our novel variant of
Bayes networks, the width of each connecting path does not
represent a measured material �ow, but the relative likelihood
of that path.

E. “Ghost” Cars

The Monte Carlo simulation of multiple histories is also
used to generate a distinctive behaviour in the rendering,
in which multiple possible universes are overlaid2. For each
moving vehicle controlled by an agent, there is uncertainty
associated with the position of that vehicle. These uncertainties
may result either from decisions made by the agent, or
from embodied processes (for example, the driver inaccurately
steering around a corner, or pressing the brake or accelerator
pedal more or less hard than intended). Based on these
uncertainties, the Monte Carlo simulation generates a range
of possible locations for the vehicle at any point in time.
After sampling over 1000 simulation runs, some locations
will be relatively unlikely, while those near the centre of

2Although our prototype is the �rst time this visual device has been used
to illustrate probabilistic computation, there are some precedents of similar
devices in popular culture, such as this sports example to visualise possible
ball trajectories resulting from a baseball pitch: https://www.youtube.com/
watch?v=jUbAAurrnwU.

Fig. 2. The partitioned causal graph (timeline) explaining the sequence of
decisions being made by a single agent in a simple example. Time is ordered
from left to right, and the vertical cursor indicates the point in time at which
events in the rendering are currently paused. As `random choice' nodes are
added (corresponding to undetermined or unknown factors in the explanation),
the space of possibilities branches out according to prior probabilities of each
outcome. The width of the each coloured �ow represents the proportion of
universes represented by the preceding sequence of events. In this example,
the agent has 3 possibilities: driving north, or driving east in one of the two
road lanes. The bottom �ow is associated to driving east in the southernmost
lane, and the prevalence of universes with this possibility is re�ected by the
resulting opacity of the overlaid ghosts in the rendering. On the right hand
side, we have facilities for manually adding explanatory nodes to the timeline
- in deployment of the approach these may be policy de�nitions, automatically
generated from AI traces, or investigative hypotheses.

the outcome distribution will be likely. These likelihoods
are displayed in the rendering as semi-transparent “ghost”
cars, with likely outcomes being more solid, and the unlikely
ones more “ghostly”. As a result, pressing the play button in
the Multiverse Explorer might show an animation in which
the ghosts of a given car diverge, perhaps with one ghost
turning left and another proceeding straight ahead, and the
relative transparency of the two ghosts re�ecting their relative
likelihood. Fig. 2 illustrates an example of this.

The `ghost' rendering convention also provides a way to
reason about uncertainty in the intentions of other agents. If
one agent is expected to act with some prior likelihood, for
example whether to turn left or proceed straight ahead, and
also conditioned on observations, for example to avoid another
car that has turned in front, the Monte Carlo simulation will
calculate multiple paths that result from those intentions and
observations. These paths are also counted, and ghost cars
rendered with transparency depending on the likelihood of a
particular course of action. Fig. 3 shows an example where
multiple `ghost' instances of two agents navigate an intersec-
tion. Generalisation of the Multiverse Explorer paradigm in
the future could use transparency to indicate `ghostliness' for
many kinds of representational or abstract visual elements.

III. O PERATIONAL MODES

The Multiverse Explorer has two operational modes - one
in which alternative policies and expected behaviours of the
agents can be explored by modifying the timeline, and one
in which the probabilistic space of outcomes generated by
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