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Abstract We present Colibri, an open-source Python
code that provides a general and flexible tool for PDF fits.
The code is built so that users can implement their own
PDF model, and use the built-in functionalities of Colibri
for a fast computation of observables. It grants easy access
to experimental data, several error propagation methodolo-
gies, including the Hessian method, the Monte Carlo replica
method, and an efficient numerical Bayesian sampling algo-
rithm. To demonstrate the capabilities of Colibri, we con-
sider its simplest application: a polynomial PDF parametri-
sation. We perform closure tests using a full set of DIS data
and compare the results of Hessian and Monte Carlo fits with
those from a Bayesian fit. We further discuss how the func-
tionalities illustrated in this example can be extended to more
complex PDF parametrisations. In particular, the Bayesian
framework in Colibri provides a principled approach to
model selection and model averaging, making it a valu-
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able tool for benchmarking and combining different PDF
parametrisations on solid statistical grounds.
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1 Introduction

A precise determination of the subnuclear structure of the
proton is a central challenge in high-energy physics. Par-
ton Distribution Functions (PDFs), which, to a first approxi-
mation, encode the momentum distributions of quarks, anti-
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quarks and gluons inside the proton, are key ingredients in
precision predictions for hadron collider experiments such
as the Large Hadron Collider (LHC). Extracting PDFs from
data is, however, a highly non-trivial statistical inverse prob-
lem that must reconcile theoretical constraints with a wealth
of experimental measurements, together with their uncertain-
ties and correlations [1–4].

Over the years, different inference strategies have been
developed to address this task. The Hessian method, used
in the first PDF fits producing error sets, provides an effi-
cient framework for uncertainty estimate by approximating
the likelihood surface as a quadratic function of parame-
ters around the minimum, so that error propagation reduces
to linear operations involving the covariance matrix of the
fit parameters. This approach is computationally inexpen-
sive for a moderately large parameter space and it is well
suited for problems where the likelihood is close to Gaussian.
However, it may produce unfaithful uncertainties when non-
Gaussianities or parameter degeneracies are present. Several
PDF fitting collaborations adopt the Hessian approach for
error propagation [5–8], typically alongside a polynomial
parametrisation of PDFs, and some collaborations introduce
the concept of tolerance, which amounts to obtaining the
uncertainty on the parameters by setting Δχ2 = T 2 instead
of the standard Δχ2 = 1 in order to account for inconsisten-
cies in a global PDF fit,1 [10–13].

Monte Carlo replica methods, on the other hand, can be
applied to an arbitrarily large parameter space, provided
a cross-validation mechanism is in place. It relies on the
generation of a large ensemble of pseudodata replicas that
accurately reproduce the full experimental uncertainties and
the correlations of the data used to determine PDFs.2 Each
pseudo-data replica is fitted independently, and the statisti-
cal spread of the resulting PDF ensemble provides an esti-
mate of the PDF uncertainties and of non-Gaussianities in
the PDF ensemble. It was recently highlighted [20] that the
Monte Carlo method faithfully estimates uncertainties in the
linear regime, but it might be unreliable in the presence of
non-linearities. The NNPDF [14,21,22] and JAM [23] col-
laborations both use the Monte Carlo method to determine
PDF uncertainties, the former alongside a redundant neu-
ral network parametrisation, the latter using a polynomial
parametrisation for PDFs.

The Hessian and Monte Carlo approaches are both widely
used in global PDF analyses, and there are well established
ways to convert a Hessian PDF set into a Monte Carlo one and
vice-versa [24–29], that have been used to produce the two

1 In the MSHT approach this is refined using a dynamical tolerance
which is selected via a hyperoptimisation procedure [9].
2 In recent NNPDF studies the Monte Carlo replica sample incorporates
theory uncertainties due to missing higher order uncertainties (MHOUs)
and nuclear uncertainties into their PDF error propagation [14–19].

most recent PDF4LHC combinations [30,31] and the MSHT
and NNPDF combination of the approximate N3LO sets [32].
By contrast, Bayesian inference, despite its ability to incor-
porate prior knowledge, quantify uncertainties probabilisti-
cally, and naturally accommodate theoretical constraints, has
so far played only a limited role in practical PDF fitting.
While some works have paved the way forward [33–38], a
full-fledged PDF fit is yet to be produced, in part due to the
absence of accessible, general-purpose tools.

In this work we introduce Colibri, a new open-source
platform written in Python, designed to perform global PDF
fits with a unified treatment of inference. A key feature of our
framework is its flexibility:Colibri can accommodate any
PDF parametrisation defined by the user, and supports mul-
tiple inference methods, namely Hessian, Monte Carlo, and
Bayesian fits, within a common infrastructure. This makes
it possible to easily benchmark the same parametrisation
across different methodologies, a capability that is unique
to our approach and enhances both flexibility and robust-
ness. Particularly novel is the integration of Bayesian infer-
ence, implemented through modern nested-sampling algo-
rithms, which allow for the efficient exploration of high-
dimensional parameter spaces and a probabilistic character-
isation of uncertainties.

While existing tools such as xFitter [39,40] have
played an important role in making PDF determinations more
accessible, their scope is more restricted in key respects, as
they only provide a limited set of parametrisations, and focus
on two error-propagation strategies. The public release of
the NNPDF code [41], on the other hand, has made the full-
fledged NNPDF methodology, analysis tools, theory predic-
tions and experimental data available to all users, making
results reproducible and replicable. However, it is limited to
the specific parametrisation and error propagation adopted by
the NNPDF collaboration since the release of theNNPDF4.0
global fit [21].

In contrast, Colibri, builds on the availability of data
and a fast interface with theory predictions from the NNPDF
public code [41,42] and it extends the current paradigm by
providing a fully modular infrastructure, allowing users to
freely choose both the parametrisation and the inference
strategy. This comprehensive approach not only broadens the
range of possible applications, but also enables direct and sys-
tematic comparisons between methodologies, a feature that
is essential for advancing the robustness and reproducibility
of global PDF analyses. Moreover, the Bayesian framework
in Colibri enables the statistical combination of different
PDF models based on their Bayesian evidence [33]. This fea-
ture makes Colibri a valuable tool for benchmarking and
combining PDF sets derived from diverse fitting methodolo-
gies on a rigorous statistical footing.

The paper is structured as follows. Section 2 describes
the architecture and implementation of Colibri, includ-
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ing the statistical algorithms and computational optimisa-
tions employed. In Sect. 3, we validate our framework with
benchmark fits to existing datasets and compare the outcomes
across inference methods. Finally, Sect. 4 summarises our
findings and outlines future directions for development and
applications.

2 Colibri: a PDF building platform

In this section we describe the architecture and core function-
alities of Colibri, highlighting how this Python frame-
work allows users to implement arbitrary PDF parametrisa-
tions and fit them with a range of inference strategies.

The design philosophy behind Colibri is built on three
pillars: (i) modularity, as the tasks of defining a PDF model,
constructing the likelihood, interfacing with data and theory
predictions, and performing inference are separated into clear
components with minimal assumptions about their specific
form; (ii) performance, as the code is made to be fast and
efficient by leveraging JAX’s [43] high-performance array
operations and native GPU support for fast computation; (iii)
universality, as all models share the same inference methods
as well as data and theory predictions. Modularity enables
the user to benchmark different parametrisations under iden-
tical statistical conditions, and to test the impact of alterna-
tive inference strategies on the same model. High-level per-
formance and universality enable users to perform reliable
comparisons and rigorous methodological studies. Figure 1
shows a schematic overview of the code’s workflow, show-
casing the role that each of these modular building blocks
play in its general functioning.

The section is organised as follows. We begin by intro-
ducing the PDFModel base class, which provides a uniform
interface for all PDF parametrisations (Sect. 2.1). We then
discuss the likelihood function and the implementation of
theoretical and experimental constraints (Sect. 2.2). Next,
we describe how data and theory predictions are incorpo-
rated, and how the forward map from PDF parameters to
observables is built. Finally, we review the inference meth-
ods available in Colibri, including Hessian, Monte Carlo,
and Bayesian error propagation.

2.1 The Colibri PDF model class

To separate the definition of PDF parametrisations from their
numerical inference, Colibri provides the abstract base
class PDFModel. Listing 1 shows pseudo-code illustrating
its structure. At a minimum, a PDFModel inColibrimust
specify:

– a list of model parameters, representing the degrees of
freedom of the PDF;

– a method to map the model parameters to the values of
the PDFs on a specified grid in momentum fraction x for
each parton flavour.

Such an abstraction allows users to implement a wide
range of model architectures, from simple parametric forms
to neural network based approaches, while leaving perfor-
mance-critical tasks such as convolutions with pre-tabulated
kernels and parameter sampling to optimised external engines.

This means that, in practice, the user can implement a new
parametrisation within Colibri by completing the abstract
PDFModel class and specifying the two required methods;
parameter specification and forward map. A detailed example
of this procedure is given in the step-by-step tutorial outlined
in Appendix C. We will now give an overview of what these
methods are.

1 class PDFModel(ABC):
2 """An abstract class describing the

key features of a PDF model."""
3

4 name = "Abstract PDFModel"
5

6 @property
7 @abstractmethod
8 def param_names(self) -> list:
9 pass

10

11 @abstractmethod
12 def grid_values_func(self , xgrid)

-> Callable:
13 """ Produce a function that maps

model parameters
14 to PDF values on the grid ‘

xgrid ‘.
15 """
16 pass
17

18 def pred_and_pdf_func(
19 self ,
20 xgrid ,
21 forward_map ,
22 ) -> Callable , Tuple:
23 pdf_func = self.

grid_values_func(xgrid)
24

25 def pred_and_pdf(params ,
fast_kernel_arrays):

26 pdf = pdf_func(params)
27 predictions = forward_map(

pdf , fast_kernel_arrays)
28 return predictions , pdf
29

30 return pred_and_pdf

Code Listing 1 Abstract PDFModel interface.

Parameter specification
Every PDF model must declare the parameters to be fit-
ted (e.g. normalisations, small-/large-x exponents, polyno-
mial coefficients, weights and biases of a neural network,
weights of a linear combination, …). These are listed in the
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Fig. 1 Colibri’s workflow: the code takes as input (i) a PDF model,
which may be any arbitrary parametrisation implemented by the user,
makes use of (ii) JAX [43], which provides high-performance array
operations and native GPU support for fast computations, and inherits
(iii) data and theory predictions from the NNPDF public code [41,42].

The code then performs a fit using a given inference method, which is
specified by the user. At the time of release, the options are a Monte
Carlo, Hessian, Bayesian or analytic fit. In each case, the result is out-
putted in the LHAPDF format [44,45]

param_names property, which returns an ordered list of
strings defining the parameter names in a fixed sequence.

Grid Evaluation Method
The core of the PDFModel class is the grid_values
_func method, which returns a JAX-compatible func-
tion [43],

f : RNθ → R
Nfl×Nx , f : θθθ �→ f(θθθ) (2.1)

mapping an Nθ -dimensional parameter vector θ into the PDF
values3 for each parton flavour index4 evaluated on the user-
provided x-grid of length Nx . In practice, for a standard PDF
fit, the user only needs to define this method. The frame-
work then automatically handles the construction of all the
resources, such as the forward map from the parameters to
the physical observables that enter the regression problem,
i.e. the theory predictions, needed in a PDF fit. Note that at
the moment sum rules need to be imposed at the level of the
model implementation, since Colibri does not check or
impose the sum rules via penalty terms. This means that, if
the user wishes to enforce sum rules, they must incorporate
them directly into their model.py definition, ensuring that
the PDF, f(θθθ), automatically satisfies them. A less strict alter-
native is to override the likelihood and introduce a penalty

3 Note that the fgrid method should actually return xPDF (that is, the
PDF multiplied by the momentum fraction x).
4 These are γ , Σ , g, V , V3, V8, V15, V24, V35, T3, T8, T15, T24 and T35,
since Colibri works in the evolution basis.

term that suppresses regions of parameter space violating the
sum rules.

Forward map and theory predictions
To compute physical observables (structure functions, cross
sections, etc.), one must convolve the PDFs with partonic
cross sections computed at a given perturbative order in the
QCD and EW expansions. In Colibri this is handled via
the pred_and_pdf_func method, which takes again the
Nx-dimensional x-grid and a forward map that projects the
PDF parameters to the space of physical observables. The
method boils down to a function taking as input the PDF
parameters and a tuple of fast-kernel (FK) matrices, and out-
puts the theoretical predictions, i.e. an explicit function f of
the parameters θθθ :

(θ, FK) �→ (
predictions, f(θ)

)
. (2.2)

The matrix (FK) is called an FK-table in the NNPDF jar-
gon, and provides a fast interpolation of the forward map,
namely (FK)I i = ∫

cI (x) pi (x) dx , where cI (x) are known
functions computed in perturbation theory by convolving the
PDF DGLAP evolution kernels and the partonic cross sec-
tions and pi (x) is an interpolation polynomial, relative to the
point xi . Our notation reflects this convention. The FK arrays
(i) evaluate the PDF on the grid via grid_values_func,
and (ii) feed the resulting Nfl × Nx array into the supplied
forward_map to yield a 1D vector of theory predictions
for all data points. Note that the prediction function is already
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implemented; however, the user is allowed to override it in
its own PDF application if the specific model needs extra
features.

2.2 Likelihood function

Having defined a PDF model mapping f : RNθ → R
Nfl×Nx ,

Colibri requires a likelihood function L(D | θ) that quan-
tifies the agreement between theory predictions and exper-
imental data. The likelihood is the fundamental ingredient
underlying all inference methods implemented in our frame-
work, namely Hessian, Monte Carlo, and Bayesian fits. Its
specific form and implementation in Colibri are discussed
in this section. Users may choose to employ the built-in
implementation, with full control over its hyperparameters,
or implement a custom version by overriding the Colibri
likelihood function in their model whenever additional fea-
tures are required.

Chi-Squared Likelihood
The basic form of the likelihood function is a chi-squared
function:

L(D | θ) = (D − FK[f(θ)])T C−1
t0 (D − FK[f(θ)]) , (2.3)

where D is the data vector, FK[f(θ)] is the forward map,
and Ct0 is the t0 covariance matrix customarily used in
the NNPDF fits [46,47], with the t0 prescription introduced
to avoid the d’Agostini bias when data have multiplicative
uncertainties [48]. During a fit, it is possible to impose pos-
itivity and integrability constraints on PDFs as well as on
observables.

Positivity constraints
Probability distributions for physical observables must nec-
essarily be non-negative quantities. PDFs beyond LO, how-
ever, are not probabilities, and thus they may be negative.
Now, it was recently shown in Refs. [49,50] that, in the case
of individual quark flavours and the gluon in the MS factori-
sation scheme, PDFs are indeed non-negative. We therefore
allow users to impose this positivity condition along with the
constraint of positivity of physical cross sections discussed
below.

Positivity constraints on PDFs are implemented similarly
to NNPDF4.0 [21], by adding extra Lagrange penalty terms
to the likelihood function, namely

L(D | θ) −→ L(D | θ) + Λpos

∑

k

∑

i

Eluα

(− f̃k(xi , Q
2)

)
, (2.4)

where by default Q2 = 5 GeV2, Eluα is the Exponential Lin-
ear Unit function with hyperparameter α, and the points xi ,
following the NNPDF prescription, are ten values logarith-
mically spaced between 5 × 10−7 and 10−1, plus ten points

linearly spaced between 0.1 and 0.9. In addition, given that
the positivity of MS PDFs is neither necessary nor sufficient
in order to ensure cross section positivity, in order to exclude
unphysical PDFs, we impose positivity of a number of cross
sections, by means of Lagrange multipliers which penalise
PDF configurations leading to negative physical observables.
Specifically, positivity can be imposed on the Fu

2 , Fd
2 , Fs

2
and FL structure functions and of the flavour-diagonal Drell-
Yan rapidity distributions σ uū

DY, σ dd̄
DY and σ ss̄

DY. An important
point to note is that the penalty parameter Λpos should not be
regarded as a hyperparameter of the system. The reason for
this is that the physically meaningful value of this hyperpa-
rameter is, in principle, known and should be infinitely large.
In practice, however, setting Λpos too large introduces com-
putational difficulties that slow down the convergence of the
optimisation. For this reason, we typically choose the value
of this penalty empirically, ensuring both convergence and
the positivity of the resulting solution.

Integrability constraints
Integrability constraints are enforced similarly, by adding a
term

L(D | θ) −→ L(D | θ) + Λint

∑

k

∑

i

[
xi fk(xi , Q

2
0)

]2
,

(2.5)

where Q0 is the parametrisation scale and the xi run over the
small-x region of the FK-table grid (in practice, often only
the smallest x value is used to enforce this condition). The
penalty term Λint is selected following the same empirical
procedure as for the positivity penalty.

2.3 Data and theory predictions

Colibri provides a flexible platform that allows fitting
PDF models to data that includes at least one incoming pro-
ton. The data is modelled in the framework of collinear QCD
factorisation, where the scattering process is written as a con-
volution of the PDFs with perturbatively-computed, hard-
scattering cross sections. In this context, inferring the PDFs
from experimental measurements is an inverse problem; the
unknowns are the PDFs, and the forward model consists of
the hard-scattering cross section combined with PDF evolu-
tion kernels, commonly stored as FK-tables [51] (fast-kernel-
tables). The data and FK-tables used in Colibri are inher-
ited from the NNPDF framework [42].

We distinguish two classes of forward maps based on
whether the initial state involves one proton (Deep Inelastic
Scattering, DIS) or two protons (hadron–hadron collisions).

DIS data
DIS data is the most abundant data type in global PDF fits
and is the most straightforward to model. For example, a
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measurement of the F2 structure function, consisting of Ndat

points, can be written as the contraction of two operators:

F2,i =
Nfl∑

j=1

Nx∑

k=1

FKi, j,k f j,k , (2.6)

where the operator FKi, j,k has shape (Ndat, Nfl, Nx ), and
f j,k is the (Nfl ×Nx )-dimensional grid representing the PDF
values at the input scale Q0.

Hadron–hadron predictions
Hadron–hadron collisions are more complicated to model
than DIS data, as they involve the convolution of two incom-
ing partons, each with their own PDF. An Ndat-point mea-
surement σ of a hadron–hadron cross section can be written
as

σi =
Nfl∑

j=1

Nfl∑

k=1

Nx∑

l=1

Nx∑

m=1

FKi, j,k,l,m f j,l fk,m , (2.7)

where the operator FKi, j,k,l,m has shape (Ndat, Nfl, Nfl, Nx ,

Nx ).

2.4 Inference methods

In its release version, Colibri provides four inference
strategies:

– Analytic fit: computes the posterior mean and covari-
ance of the parameters from the closed-form solution of
a linear regression problem, yielding a Gaussian poste-
rior.

– Hessianmethod: estimates parameter uncertainties from
the curvature of the likelihood around the best-fit point,
effectively linearising the problem in the vicinity of the
minimum.

– MonteCarlo replicamethod [20]: constructs an ensem-
ble of pseudodata replicas that reproduce experimental
uncertainties, fits each independently, and uses the sta-
tistical spread to approximate the posterior.

– Bayesian inference: explores the full posterior distri-
bution of the parameters using modern nested-sampling
algorithms, providing a principled probabilistic treatment
of uncertainties.

The following subsections examine each method in more
detail, highlighting their assumptions, strengths, and limita-
tions.

2.4.1 Analytic fits

The analytic fit is the closed-form solution of a linear regres-
sion problem with Gaussian errors. It applies only when both

the PDF model and the forward map are linear in the parame-
ters, so that the likelihood is strictly quadratic. With a uniform
prior on the parameters (and hence on the PDF values), the
posterior is Gaussian, and its mean and covariance can be
obtained directly from closed-form expressions, without any
iterative optimisation or sampling.

This method cannot accommodate non-linear constraints
such as positivity or integrability, and is therefore not suit-
able for realistic global PDF determinations. Nevertheless, it
remains useful in several contexts:

– Fast benchmarks: provides a lightweight means to val-
idate new PDF parametrisations or data subsets before
running a full fit.

– Bayesianupdating: if a subset of data satisfies the linear-
ity conditions, the resulting Gaussian posterior from that
fit can serve as a prior in a subsequent fit to an uncorre-
lated dataset, thereby reducing the dimensionality of the
sampling problem (see Appendix A for more details).

– Cross-checks: analytic fits allow one to test the con-
sistency of linear approximations against more general
inference strategies, highlighting the impact of non-
linearities.

In practice, if the PDF model is linear in the parameters,
the analytic fit is particularly useful for fitting linear DIS
observables without constraints, where it yields closed-form
posterior distributions at negligible computational cost. A
detailed mathematical illustration of the method is provided
in Appendix B.

2.4.2 Hessian method

The Hessian method is a widely used approach for parameter
inference in PDF fits. It is based on a quadratic approximation
of the likelihood around its minimum, so that uncertainties
can be propagated through the covariance matrix of the fit
parameters.

In Colibri, the best-fit point is obtained by minimis-
ing the likelihood function using gradient-based optimisation
algorithms provided by the Optax library [52]. Once the
minimum is found, the Hessian matrix H of second deriva-
tives with respect to the parameters is computed, and its
inverse provides the covariance matrix C . This covariance
encodes the parameter uncertainties under the assumption of
a locally Gaussian likelihood.

As in traditional PDF analyses, it is possible to introduce
a tolerance factor T > 1 to account for tensions or inconsis-
tencies among datasets. In this case, the covariance matrix is
rescaled as

C −→ T 2C , (2.8)
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thus affecting the quoted parameter uncertainties [53]. There
are more modern ways to implement a dynamic tolerance,
rather than a global one, that could be implemented in
Colibri, see [9,12,54] for detailed discussions.

For practical applications, Hessian PDF sets are dis-
tributed in terms of eigenvector directions of the covariance
matrix. DiagonalisingC yields a set of eigenvalues and eigen-
vectors,

C = VΛV T , (2.9)

which define orthogonal directions in parameter space. The
corresponding error sets are obtained by shifting the best-fit
parameters along each eigenvector direction by ±√

λi , where
λi is the i-th eigenvalue. This representation is the standard
format used in global PDF analyses, and is directly supported
by Colibri.

The Hessian method is computationally efficient and pro-
vides a compact representation of PDF uncertainties. How-
ever, it relies on the quadratic approximation of the likeli-
hood and may result in unfaithful uncertainties in the pres-
ence of non-linearities or parameter degeneracies. In practice,
the current implementation breaks down in the presence of
degeneracies, since the Hessian matrix is not of full rank and
the corresponding covariance matrix cannot be constructed.
This problem commonly occurs for highly parameterised or
redundant models. In addition, the numerical stability of the
Hessian diagonalisation can become a limiting factor as the
dimensionality of the parametrisation increases. In practice,
ill-conditioned Hessian matrices may lead to unstable eigen-
value spectra and unreliable error propagation, requiring reg-
ularisation or dimensionality reduction techniques to ensure
a stable inversion. In Colibri, it serves both as a bench-
mark against which more general inference strategies can be
compared, and as a practical tool for generating traditional
Hessian PDF sets.

2.4.3 Monte Carlo replica method

The Monte Carlo (MC) replica method is a widely used
approach to estimate PDF uncertainties through repeated fits
to pseudodata samples. In this approach, one generates Nrep

replicas of the experimental dataset by sampling from a mul-
tivariate normal distribution with mean given by the central
data values and covariance equal to the experimental covari-
ance matrix. Each replica is then fitted independently, typi-
cally by minimising the chi-squared function using gradient-
based optimisation algorithms, which in Colibri are pro-
vided by JAX [43] and Optax [52]. The resulting ensemble of
best-fit parameter sets approximately draws from the poste-
rior distribution of the model parameters, and does so exactly
in a linear regime. PDF uncertainties are then obtained from
the statistical spread of this ensemble.

The MC replica method has several practical advantages:

– Robustness: it makes minimal assumptions about the
form of the likelihood surface, and does not require
explicit computation of the Hessian matrix.

– Flexibility: it naturally incorporates correlations among
data points and can accommodate non-linear models at
the fitting stage.

– Interpretability: the replica ensemble provides a trans-
parent representation of uncertainties that can be propa-
gated to observables without additional approximations.

However, the method also has important limitations. As
shown in Ref. [20], the MC replica ensemble is formally
equivalent to Bayesian posterior samples only in the case
of linear models with Gaussian likelihoods. For non-linear
parametrisations or forward maps, it can introduce biases
and produce unreliable uncertainty estimates. Moreover, the
need to perform Nrep full fits makes the approach compu-
tationally more expensive than Hessian methods, especially
for complex models.

For these reasons, Colibri implements the replica
method primarily for benchmarking and for compatibility
with existing PDF fitting practices, while Bayesian nested
sampling (Sect. 2.4.4) is recommended as the principled
approach for fully non-linear problems.

2.4.4 Bayesian inference

Bayesian inference is the recommended strategy inColibri
for realistic PDF determinations. It provides a principled
statistical foundation for uncertainty quantification, natu-
rally incorporates prior knowledge, and enables robust model
comparison. In this framework, the goal of a PDF fit is to char-
acterise the full posterior distribution of the model parame-
ters θ ,

p(θ | D) ∝ L(D | θ) π(θ) , (2.10)

where L is the likelihood function and π is the prior. The
posterior encodes all information about the parameters given
the data, allowing for a fully probabilistic treatment of uncer-
tainties and correlations. Unlike the Hessian or MC replica
methods, it does not rely on linear approximations or pseudo-
data ensembles, and is therefore valid for arbitrary parametri-
sations and forward models.

A core strength of Colibri is the combination of
user-defined PDF parametrisations with Bayesian infer-
ence. Through nested-sampling algorithms, this not only
yields robust uncertainty quantification, but also provides the
Bayesian evidence required for principled model selection
and systematic comparisons of alternative parametrisations.
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Implementation in Colibri
Sampling the posterior of high-dimensional PDF models is
a challenging computational problem. Colibri addresses
this using modern nested-sampling algorithms, as imple-
mented in theUltraNest package [55]. Nested sampling is
well suited to PDF fits because it efficiently explores param-
eter spaces that may be multi-modal or strongly correlated,
while also providing an estimate of the Bayesian evidence for
principled model comparison. This makes Bayesian infer-
ence not only the most robust option for uncertainty quan-
tification, but also a powerful tool for testing alternative PDF
parametrisations within the same framework. The potential
of this approach has already been demonstrated in our recent
work [33], where dimensionality reduction was applied to the
NNPDF neural network parametrisation. That study deliv-
ered the first realistic Bayesian PDF fit using Colibri and
showed that model selection can be performed with mini-
mal parametrisation complexity while maintaining excellent
agreement with data.

Prior distributions
Bayesian inference requires the specification of a prior π(θ),
which encodes information about the parameters before the
data are taken into account. Colibri, at the time of the
release, supports two built-in options:

– Uniform priors, with configurable bounds for each
parameter.

– Gaussian priors, defined by a mean vector and covari-
ance matrix taken from the posterior of a previous fit.

The Gaussian option enables a Bayesian update (posterior–
factorisation): when an earlier fit yields an approximately
Gaussian posterior and the datasets are uncorrelated, that
posterior can be re-used as the prior for a subsequent fit.
Appendix A discusses the theoretical basis and domain of
validity of this approach.

In addition, users may implement fully customised priors
by overriding the prior function in their model definition. This
flexibility is essential for incorporating external information
or theoretical constraints, and exemplifies the modularity of
theColibri framework. See Code Listing 2 for an example
of how to override the Colibri built-in prior to specify a
unit gaussian prior for the parameters.

1 import jax
2 from colibri import bayes_prior
3 from colibri.utils import cast_to_numpy
4

5 def bayesian_prior(prior_settings ,
pdf_model):

6 """
7 Override of bayesian_prior:
8 - if prior_distribution == "

unit_gaussian", returns a unit
Gaussian prior

9 - otherwise falls back to colibri.
bayes_prior

10 """
11

12 if prior_settings.
prior_distribution == "
unit_gaussian":

13

14 @cast_to_numpy
15 @jax.jit
16 def prior_transform(cube):
17 # transform [0,1] -> N(0,1)
18 return jax.scipy.stats.norm

.ppf(cube)
19

20 return prior_transform
21

22 # fallback to the normal
bayesian_prior

23 return bayes_prior.bayesian_prior(
prior_settings , pdf_model)

Code Listing 2 Example of how to override the prior built-in
Colibri, specifying a unit gaussian prior for the parameters instead.

3 Case study: a simple Colibri fit with Les Houches
PDFs

To demonstrate the capabilities of Colibri, we present a
set of benchmark fits performed with a simple model that
was put forward in one of the Les Houches benchmarks to
compare various PDF fitting methodologies [56]. The Les
Houches model provides a simple polynomial parametri-
sation of PDFs under some assumptions that are explicitly
spelled out in Appendix D. In the evolution basis, the four
independent PDFs are parametrised as:

x fg(x, Q0) = Ag x
αg (1 − x)βg

x fΣ(x, Q0) = AΣ xαΣ (1 − x)βΣ

x fV = x fuv + x fdv (3.1)

= Auv x
αuv (1 − x)βuv (1 + εuv

√
x + γuv x)

+ Adv x
αdv (1 − x)βdv (1 + εdv

√
x + γdv x)

x fV3 = x fuv − x fdv

= Auv x
αuv (1 − x)βuv (1 + εuv

√
x + γuv x)

− Adv x
αdv (1 − x)βdv (1 + εdv

√
x + γdv x).

After applying the Les Houches parametrisation assumptions
and sum rules (spelled out explicitly in Appendix D, along
with a detailed discussion of the rotation to the evolution
basis and the expressions for the normalisation factor) we
are left with 13 free parameters, namely αg, βg, αuv , βuv ,

εuv , γuv , αdv , βdv , εdv , γdv , αΣ, βΣ and Ag(AΣ).
To showcase the performance of the new tool, we consider

a fit to synthetic data, as performed in Refs. [1,57]. There are

123



Eur. Phys. J. C            (2026) 86:22 Page 9 of 19    22 

Fig. 2 A gluon PDF fit resulting from a level 0 closure test com-
puted with the Monte Carlo replica method (blue), Bayesian infer-
ence (orange), and the Hessian method (red). The green line shows the

underlying law to be recovered, which in this case is the Les Houches
parametrisation with best-fit parameter values from Ref. [56]. The right-
hand panel shows the ratio to the underlying law

Fig. 3 A Σ PDF fit resulting from a level 1 closure test computed with
the Monte Carlo replica method (blue), Bayesian inference (orange),
and the Hessian method (pink). The green line shows the underlying

law to be recovered, which in this case is the Les Houches parametrisa-
tion with best-fit parameter values from Ref. [56]. The right-hand panel
shows the ratio to the underlying law

two such levels of data, namely

DL0 = T[f(θθθ∗)], (3.2)

where θθθ∗ are the “true” PDF parameters, taken from some
underlying law (in this case the best fit parameters determined
in [56]) that are used to generate the theory predictions for
observables. This is called Level-0 data, and is nothing but
the underlying law itself, built by convolving the “true” PDFs
with partonic cross sections computed at a given perturbative
order. Adding Gaussian noise generated from the covariance
matrix of the input data, we obtain Level-1 data, namely;

DL1 = T[f(θθθ∗)] + η, (3.3)

where η ∼ N (0,C), and C is the covariance matrix used in
the fit. We fit it only to the set of DIS data included in the
NNPDF4.0 analysis [21]. In a Level-0 test, synthetic data
are generated directly from the underlying parametrisation
without statistical fluctuations, so the goal of the fit is to
recover the exact law. In a Level-1 test, synthetic data include
statistical noise consistent with the experimental covariance,
making the exercise closer to a realistic fit.

Figures 2 and 3 show representative results for the gluon
and Σ PDFs. In all cases, the underlying law (green) is
well reproduced by Bayesian (orange), Monte Carlo replica
(blue), and Hessian (pink) fits. As expected, the Level-0 clo-
sure test demonstrates near-perfect agreement with the gener-
ating function, while in the Level-1 test the fitted distributions
track the law within the quoted uncertainties. The right-hand
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Table 1 Comparison of Bayesian, Monte Carlo and Hessian χ2 values
for Level 0 and Level 1 closure tests, where the underlying law was the
Les Houches parametrisation model

Bayesian MC Hessian

Level 0 5.21×10−4 1.76×10−5 2.39×10−5

Level 1 1.00 1.01 1.01

panels display the ratio to the “truth”, highlighting the con-
sistency of the three approaches across the full x range. In
this simplified scenario the three methodologies yield com-
parable results, likely because the Gaussian approximation
holds well. In more general settings, however, this need not
be the case, and deviations between inference methods may
occur.

Table 1 compares the χ2 values obtained with the
Bayesian, Monte Carlo, and Hessian methods. All three
strategies give compatible results in both closure tests, con-
firming the internal consistency of the framework. Note that
in a Level 0 closure test, the underlying law is generated from
the same model used for the fit, leading to an expected χ2

of 0. In contrast, in a Level 1 test, statistical fluctuations are
introduced, and the expected χ2 rises to 1.

An additional advantage of the Bayesian approach, i.e.,
explicitly sampling the posterior distribution of the PDF
parameters for which a prior has been defined, is that it yields
direct samples from the posterior distribution of the PDF
parameters. Beyond the reduced set of replicas exported in
LHAPDF format, Colibri retains the full collection of
posterior samples generated during the nested-sampling run.
These samples can be analysed further to extract detailed
information about the parameter space, for instance by pro-
ducing corner plots that expose correlations and degen-
eracies among parameters. Both the Hessian and Monte
Carlo approaches allow one to estimate correlations between
parameters. However, their accuracy is optimal when the pos-
terior distribution is approximately Gaussian, that is within
the linear regime around the best-fit point. Bayesian sam-
pling methods, on the other hand, can robustly capture non-
linear correlations and multi-modal structures, providing a
more faithful representation of the full parameter landscape.
Figure 4 shows an example corner plot from the Bayesian
Level-1 closure test, illustrating how Colibri facilitates
a transparent exploration of the multidimensional posterior
beyond the one-dimensional PDF projections.

These benchmarks illustrate how Colibri makes it
straightforward to perform and compare fits with differ-
ent inference strategies within a single infrastructure. By
applying them to the same dataset and parametrisation,
one can systematically study the assumptions and limita-
tions of each method and validate the robustness of PDF
determinations.

4 Conclusions

In this work we have presented Colibri, a new open-
source platform for parton distribution function determina-
tions. The framework is designed around two central princi-
ples: user-defined PDF parametrisations and a unified treat-
ment of inference. This modularity allows for direct com-
parisons between inference strategies, Hessian, Monte Carlo
replicas, and Bayesian nested sampling, under identical con-
ditions, thereby exposing their respective strengths and lim-
itations. As illustrated in Appendix C, we have shown how a
PDF model can be implemented in Colibri by using the
Les Houches parametrisation as a worked example. With this
model, we performed closure tests that showcase the results
of the three inference strategies available in the framework.
These tests confirm that Colibri reproduces the expected
behaviour of all methods, while highlighting the advantages
of Bayesian inference as a principled and fully probabilistic
characterisation of uncertainties. In addition, the ability to
exploit posterior samples directly for correlation studies fur-
ther demonstrates the flexibility and power of the Bayesian
approach within the Colibri framework.

Colibri is intended as a living project. The code is under
active development, with new features and inference strate-
gies continuously being added. In addition to the core infras-
tructure, we also plan to provide ready-to-use PDF models as
part of the distribution. One such example is already avail-
able from our recent study [33], which provides an imple-
mentation of a model that performs dimensional reduction
of a neural network into its dominant modes, available at
https://github.com/HEP-PBSP/wmin-model. Other models
that are being developed are models based on Gaussian
Processes [34], models based on more realistic polynomial
parametrisations and models based on neural networks. Users
are encouraged to implement more models, e. g. those based
on flexible polynomial basis [58,59] or advanced ML tools
such as Bayesian neural networks. The online documentation
is continuously updated and serves as the primary reference
for recent progress, available functionalities, and tutorials.

In the near future, Colibri will be extended to fit PDFs
simultaneously with SM precision parameters as well as
with the Wilson Coefficients that parametrise New Physics
degrees of freedom in some Effective Field Theories. Such
a step is crucial, as the correlation between PDFs and SM
precision parameters can no longer be ignored [60–65], and
the availability of open-source tools for simultaneous fits of
PDFs and SM parameters would be a key advancement in
keeping correlations into account. In particular, while pre-
cise LHC data significantly enhance PDF precision, it has
been shown in several recent publications [66–73] that they
can also be sensitive to BSM dynamics. If BSM signals dis-
tort an experimental distribution included in a PDF fit, which
is typically assumed to follow the SM, this can lead to incon-
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Fig. 4 Example corner plots of posterior samples. The left panel shows the parameters associated with the u valence quark, and the right panel
those of the d valence quark. In principle, analogous plots could be produced for all 13 parameters, but here we restrict to subsets for clarity and
illustration

sistencies, which in turn can have PDFs adopting and incor-
porating the BSM effects, resulting in BSM-biased PDFs. A
flexible tool for a simultaneous fit of PDFs and Wilson coef-
ficients, in the same spirit but more general as compared to
those provided by SimuNET [72] or xFitter [74], would
avoid such bias and ensure that BSM effects and PDF effects
can be disentangled. The extension of Colibri in both
directions would provide the flexible tool that is needed to
explore this completely new territory with a Bayesian infer-
ence method that allows full control over the role of prior
assumptions.

The Colibri code is publicly available from itsGitHub
repository:

https://github.com/HEP-PBSP/colibri,

and is accompanied by documentation and tutorials provided
at:

https://hep-pbsp.github.io/colibri/.
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Appendix A: Bayesian update

Suppose experimental data comprising Ndata datapoints is
distributed according to a multivariate normal:

D ∼ N (
FK(θ), Σ

)
,
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where Σ is the covariance matrix of dimension Ndata ×Ndata.
In Bayesian statistics, θ itself is treated as a random vari-

able with prior density π(θ), here taken to be a sufficiently
wide uniform distribution. After observing D0, Bayes’ theo-
rem yields the posterior

p(θ | D0) = π(θ) L(D0 | θ)

Z

= π(θ) exp
(− 1

2 ‖D0 − FK(θ)‖2
Σ

)

∫
dθ π(θ) exp

(− 1
2 ‖D0 − FK(θ)‖2

Σ

) . (A.1)

where we define the generalised L2 norm

‖x‖2
Σ = xT Σ−1 x, x ∈ R

Ndata .

Now assume D0 = (D1,D2)
T with D1 ∈ R

n1 , D2 ∈ R
n2 ,

n1 + n2 = Ndata, and that the two subsets are uncorrelated
so that

Σ = Σ1 ⊕ Σ2, Σ1 ∈ R
n1×n1, Σ2 ∈ R

n2×n2 .

The likelihood then factorises, and from (A.1) we obtain

p(θ | D0) = π(θ) exp
(− 1

2‖D1 − FK1(θ)‖2
Σ1

)
exp

(− 1
2‖D2 − FK2(θ)‖2

Σ2

)

∫
dθ π(θ) exp

(− 1
2‖D1 − FK1(θ)‖2

Σ1

)
exp

(− 1
2‖D2 − FK2(θ)‖2

Σ2

) , (A.2)

where FK(θ) = (FK1(θ), FK2(θ))T .
Next, note that the posterior given only D1 is

pD1(θ | D1) = π(θ) exp
(− 1

2‖D1 − FK1(θ)‖2
Σ1

)

∫
dθ π(θ) exp

(− 1
2‖D1 − FK1(θ)‖2

Σ1

)

= π(θ) exp
(− 1

2‖D1 − FK1(θ)‖2
Σ1

)

Z1
. (A.3)

Substituting into (A.2) gives

p(θ | D0) = pD1 (θ | D1) exp
(− 1

2 ‖D2 − FK2(θ)‖2
Σ2

)

∫
dθ pD1 (θ | D1) exp

(− 1
2 ‖D2 − FK2(θ)‖2

Σ2

) .

If D ∼ N (FK(θ),Σ) with Σ = ⊕n
i=1 Σi , this argument

applies recursively, yielding

p(θ | D0) =
∏n−1

i=1 pDi (θ | Di ) exp
(− 1

2 ‖Dn − FKn(θ)‖2
Σn

)

∫
dθ

∏n−1
i=1 pDi (θ | Di ) exp

(− 1
2 ‖Dn − FKn(θ)‖2

Σn

) ,

with

pDk (θ | Dk) =
∏k−1

i=1 pDi (θ | Di ) exp
(− 1

2 ‖Dk − FKk(θ)‖2
Σk

)

∫
dθ

∏k−1
i=1 pDi (θ | Di ) exp

(− 1
2 ‖Dk − FKk(θ)‖2

Σk

) .

Appendix B: Bayesian linear regression

To illustrate the analytic method, let us assume a likelihood
of the kind

p(D | θ) = 1

(2π)Ndat/2 |Σ |1/2

exp
(
− 1

2 (D − f (θ))T Σ−1 (D − f (θ))
)

,

(B.1)

with θ being the parameters of the model, D the data vec-
tor and Σ its covariance. In general, a linear model can be
described by the following equation:

f (θ) = W θ, (B.2)

where W is a matrix that maps θ to the theory prediction
vector, f (θ). For such a model, the likelihood factorises as:

p(D | θ) = (2π)Nθ /2
∣∣(WTΣ−1W )−1

∣∣1/2

(2π)Ndat/2 |Σ |1/2

× exp
(
− 1

2 (D − D̂)T Σ−1 (D − D̂)
)

× exp
(− 1

2 (θ − θ̂ )T WTΣ−1W (θ − θ̂ )
)

(2π)Nθ /2
∣∣(WTΣ−1W )−1

∣∣1/2

=(2π)Nθ /2
∣∣(WTΣ−1W )−1

∣∣1/2
p(D | θ̂ ) p(θ̂ | θ),

(B.3)

where Nθ is the number of parameters in the model, and we
have defined the following relations;

θ̂ = (WT Σ−1 W )−1 WT Σ−1 D, D̂ = W θ̂ , (B.4)

and

p(θ̂ | θ) = exp
(− 1

2 (θ − θ̂ )T WTΣ−1W (θ − θ̂ )
)

(2π)Nθ /2
∣∣(WTΣ−1W )−1

∣∣1/2 . (B.5)

With a uniform prior,

p(θi ) =
⎧
⎨

⎩

1

bi − ai
, θi ∈ [ai , bi ],

0, otherwise,
(B.6)

the posterior becomes

p(θ | D) ∝ p(D | θ) p(θ)
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∝ p(D | θ)

Nθ∏

i=1

Θ(θi − ai )Θ(bi − θi )

bi − ai
. (B.7)

AppendixC:Howto implementaPDFmodel inColibri

This appendix presents an example of how to implement a
PDF model in Colibri. We will first show how to down-
load the code, and then present an example of a model imple-
mentation, discussing the building blocks of a Colibri
model. We will then show how to implement the Les Houches
parametrisation as an example.

The content presented in this appendix is discussed in fur-
ther detail in theColibri documentation, https://hep-pbsp.
github.io/colibri/.

Appendix C.1: Installing Colibri on Linux or macOS

This section covers installing Colibri in various ways.

Appendix C.1.1: Development installation via Conda

You can install colibri easily by first cloning the repository
and then using the provided environment.yml file:

1 git clone https :// github.com/
HEP -PBSP/colibri

2 cd colibri

From your conda base environment run:

1 conda env create -f
environment.yml

This will create a colibri-dev environment installed
in development mode. If you want to use a different environ-
ment name you can run:

1 conda env create -n myenv -f
environment.yml

Appendix C.1.2: Installing with pip

If you don’t want to clone the repository and don’t need to
work in development mode you can follow the installation
instructions below.

Note that most of the Colibri dependencies are avail-
able in the PyPi repository. However non-python codes such
as LHAPDF and pandoc won’t be installed automatically and
need to be manually installed in the environment. Because of
this, we recommend the use of a conda environment. So the
first step would be to create one from your base environment.
For instance;

1 conda create -n colibri -dev
python >=3.11

In this new environment, install the following conda pack-
ages:

1 conda install mpich lhapdf
pandoc mpi4py ultranest pip

After having completed this, you can simply install the
rest of the dependencies with pip:

1 python -m pip install git+
https :// github.com/HEP -PBSP
/colibri.git

Note that this will install the latest development version.
If you want to install a specific release, you can specify the
version. For instance, for v1.0.0, you can use the following
command:

1 python -m pip install git+
https :// github.com/HEP -PBSP
/colibri.git@v1 .0.0

To verify that the installation went through:

1 python -c "import colibri;
print(colibri.__version__)"

2 colibri --help

Appendix C.1.3: GPU (CUDA) JAX support

The installation instructions shown above will install JAX
in cpu mode. It is however possible to run Colibri fits
using GPU cuda support too. To do so, after installing the
package following one of the methods shown above, if you
are on a Linux machine you can install JAX in CUDA mode
by running:

1 pip install -U "jax[cuda12 ]"
-f https :// storage.
googleapis.com/jax -releases
/jax_releases.html

(Note that this is a single command line).
It is possible to run fits using float32 precision. The only

way of doing so currently is to apply a patch to UltraNest
so that the json.dump is compatible. To do that, run the
following commands;

1 git clone git@github.com:
LucaMantani/UltraNest.git

2 cd UltraNest
3 git switch add -numpy -encoder
4 pip install .

Appendix C.2: Implementing a model in Colibri

In general, a Colibri model is contained in a directory
with the following structure:
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model_to_implement/
|-- pyproject.toml # Defines a python package

for the project and sets up executable
|-- model_to_implement/
| |-- app.py # Enables the use of

reportengine and validphys
| |-- config.py# Defines the configur

ation layer for the model
| |-- model.py # Script where the

model is defined
|-- runcards/ # Directory containing

any runcards

The best way to understand how to implement a model is
to go through an example, so let’s have a look at how the Les
Houches parametrisation is built.

Appendix C.3: Example: Les Houches parametrisation
model

In this section, we discuss how to implement a model in
Colibri, using the Les Houches parametrisation model as
an example. This parametrisation is simple enough for us to
exemplify the use of Colibri, while still being realistic
enough that this tutorial can be used as a template for other,
more complex parametrisations or models.

Following this parametrisation, our basis has four PDFs,
which in the evolution basis, read as in Eq. (3.1). After apply-
ing the Les Houches parametrisation assumptions and sum
rules spelled out in 1 we are left with 13 free parameters to fit,
namelyαg, βg, αuv , βuv , εuv , γuv , αdv , βdv , εdv , γdv , αΣ, βΣ

and Ag(AΣ). We will now discuss how to implement this
parametrisation in Colibri.

Appendix C.3.1: Implementing the Les Houches model in
Colibri

In the colibri/examples/ directory, you will find a
directory called les_houches_example, which follows
the structure defined above. We will have a look at them one
by one.

pyproject.toml
The pyproject.toml file defines the Python package
configuration for this model using Poetry[75] as the depen-
dency management and packaging tool. The configuration
file structure looks like this:

1

2 [build -system]
3 requires = ["poetry -core >=1.0.0", "

poetry -dynamic -versioning >=1.1.0
"]

4 build -backend = "
poetry_dynamic_versioning.
backend"

5

6 [tool.poetry]
7 name = "les_houches_example"
8 version = "1.0.0"
9 authors = ["PBSP collaboration"]

10 description = "Les Houches
Parametrisation Example"

11

12 [tool.poetry.dependencies]
13

14

15 [tool.poetry.extras]
16 test = [
17 "pytest",
18 "hypothesis",
19 ]
20 doc = [
21 "sphinx",
22 "recommonmark",
23 "sphinx_rtd_theme"
24 ]
25

26 [tool.poetry.scripts]
27 les_houches_exe = "

les_houches_example.app:main"

Code Listing 3 Example pyproject.toml script for the Les
Houches parametrisation model.

Note that here the executable les_houches_exe is
introduced, which is an executable that is specific to this
model, and will be used to initialise a fit.

app.py
The app.py module defines the core application class for
the Les Houches model:

1

2 """
3 les_houches_example.app.py
4

5 """
6

7 from colibri.app import colibriApp
8 from les_houches_example.config

import LesHouchesConfig
9

10

11 lh_pdf_providers = [
12 "les_houches_example.model",
13 ]
14

15

16 class LesHouchesApp(colibriApp):
17 config_class = LesHouchesConfig
18

19

20 def main():
21 a = LesHouchesApp(name="

les_houches", providers=
lh_pdf_providers)

22 a.main()
23

24

25 if __name__ == "__main__":
26 main()
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Code Listing 4 Example app.py script for the Les Houches
parametrisation model.

The LesHouchesApp class enables the Les Houches
model to function as a reportengine App[76]. This integra-
tion provides a structured framework for data processing and
report generation.

Some key features are:

– Provider System: the LesHouchesApp accepts a list
of providers (lh_pdf_providers) containing mod-
ules that are recognized by the application framework.

– InheritanceHierarchy: theLesHouchesApp is a sub-
class of colibriApp, which means it automatically
inherits all providers from both Colibri and validphys,
giving access to their full functionality without the need
for additional configuration.

config.py
The config.py script defines the configuration layer for
the Les Houches model. It extendsColibri’s configuration
system to provide a custom model builder and environment.

1

2 """
3 les_houches_example.config.py
4

5 """
6

7 import dill
8 import logging
9 from les_houches_example.model

import LesHouchesPDF
10

11 from colibri.config import
Environment , colibriConfig

12

13

14 log = logging.getLogger(__name__)
15

16

17 class LesHouchesEnvironment(
Environment):

18 pass
19

20

21 class LesHouchesConfig(
colibriConfig):

22 """
23 LesHouchesConfig class Inherits

from colibri.config.
colibriConfig

24 """
25

26 def produce_pdf_model(self ,
output_path , dump_model=True):

27 """
28 Produce the Les Houches

model.
29 """
30 model = LesHouchesPDF ()

31 # dump model to output_path
using dill

32 # this is mainly needed by
scripts/bayesian_resampler.py

33 if dump_model:
34 with open(output_path /

"pdf_model.pkl", "wb") as file:
35 dill.dump(model ,

file)
36 return model

Code Listing 5 Example config.py script for the Les Houches
parametrisation model.

The produce_pdf_model method creates an instance
of the LesHouchesPDF model. Therefore, every model
should have this production rule.

If dump_model is set to True, the method serialises
the model using dill and writes it to pdf_model.pkl
in the output_path, where output_path will be the
output directory created when running a Colibri fit.
pdf_model.pkl will be loaded by scripts
/bayesian_resampler.py for resampling.

If dump_model is set to False, the serialised model
will not be written to the disk.

model.py
The model.py script defines the Les Houches parametri-
sation model. It does so by defining the LesHouchesPDF
class, which is based on the more abstract PDFModel class
within Colibri. As described in Sect. 2.1, it needs to spec-
ify a list of parameters to be fitted, and a map from these
parameters to PDF values on a specified grid in x for each
flavour. In the case of the Les Houches parametrisation the
parameter names are defined as follows:

1

2 """
3 les_houches_example.model.py
4 """
5

6 import jax.numpy as jnp
7 import jax.scipy.special as jsp
8 from colibri.pdf_model import

PDFModel
9

10

11 class LesHouchesPDF(PDFModel):
12 """
13 A PDFModel implementation for

the Les Houches parametrisation.
14 """
15

16 @property
17 def param_names(self):
18 """The fitted parameters of

the model."""
19 return [
20 "alpha_gluon",
21 "beta_gluon",
22 "alpha_up",
23 "beta_up",
24 "epsilon_up",
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25 "gamma_up",
26 "alpha_down",
27 "beta_down",
28 "epsilon_down",
29 "gamma_down",
30 "norm_sigma",
31 "alpha_sigma",
32 "beta_sigma",
33 ]
34

35 @property
36 def n_parameters(self):
37 """The number of parameters

of the model."""
38 return len(self.param_names

)

Code Listing 6 Example extract of a model.py script for the Les
Houches parametrisation model, showing howparam_names is filled.

(Note that it would also be possible to automate the name
generation for all parameters, for example by setting them
all as w_i for i running over all parameters. This approach
would be convenient for a parametrisation with many param-
eters.)

For the map to PDF values, we define a function for each
PDF, as described in Eq. 3.1. For example, for the gluon PDF,
we have:

1

2 def _pdf_gluon(
3 self , x, alpha_gluon ,

beta_gluon , norm_sigma ,
alpha_sigma , beta_sigma

4 ):
5 """ Computes normalisation

factor A_g in terms of free
parameters and computes the
gluon PDF."""

6 A_g = (
7 jsp.gamma(alpha_gluon +

beta_gluon + 2)
8 / (jsp.gamma(

alpha_gluon + 1) * jsp.gamma(
beta_gluon + 1))

9 ) * (
10 1
11 - norm_sigma
12 * (jsp.gamma(

alpha_sigma + 1) * jsp.gamma(
beta_sigma + 1))

13 / jsp.gamma(alpha_sigma
+ beta_sigma + 2)

14 )
15 return A_g * x** alpha_gluon

* (1 - x) ** beta_gluon

Code Listing 7 Example extract of a model.py script for the Les
Houches parametrisation model, showing how a map to PDF values is
defined through functions that describe PDFs for each flavour.

The final building block of the PDFModel class is the
grid_values_func function, which takes the parame-
ters of the model and produces a grid that stores the PDF
values for each point in x , where the values of x are taken

from the xgrid. Here we show how it is defined for the
gluon PDF parameters, and skip the others for conciseness:

1

2 def grid_values_func(self ,
xgrid):

3 """ This function should
produce a grid values function ,
which takes

4 in the model parameters ,
and produces the PDF values on
the grid xgrid.

5 """
6

7 xgrid = jnp.array(xgrid)
8

9 def pdf_func(params):
10 """ """
11 alpha_gluon = params [0]
12 beta_gluon = params [1]
13 [...] # other

parameters
14 pdf_grid = []
15

16 # Compute the PDFs for
each flavour

17 gluon_pdf = self.
_pdf_gluon(

18 xgrid , alpha_gluon ,
beta_gluon , norm_sigma ,

alpha_sigma , beta_sigma
19 )
20

21 [...] # sigma_pdf
, valence3_pdf , t8_pdf

22

23 # Build the PDF grid
24 pdf_grid = jnp.array(
25 [
26 jnp.zeros_like(

xgrid), # Photon
27 sigma_pdf , # \

Sigma
28 gluon_pdf , # g
29 valence_pdf , #

V
30 valence3_pdf ,

# V3
31 valence_pdf , #

V8 = V
32 valence_pdf , #

V15 = V
33 valence_pdf , #

V24 = V
34 valence_pdf , #

V35 = V
35 jnp.zeros_like(

xgrid), # T3 = 0
36 t8_pdf , # T8
37 sigma_pdf , #

T15 = \Sigma
38 sigma_pdf , #

T24 = \Sigma
39 sigma_pdf , #

T35 = \Sigma
40 ]
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41 )
42 return pdf_grid
43

44 return pdf_func

The LesHouchesPDF class completes the abstract
methods of the PDFModel class. This allows for the def-
inition of a specific model in a way that can be used in the
Colibri code. The LesHouchesPDF class does the fol-
lowing:

– takes a list of flavours to be fitted (param_names),
– defines the PDF for each flavour,
– computes grid values.

Having defined this model, it is used in the production
rule produce_pdf_model, defined in the config.py
script, shown above. This allows the model to be seen by the
rest of the code, so that it can be used to run a fit and perform
closure tests.
Installing a model and running a fit
As mentioned above, each model should have its own
pyproject.toml script, which defines the Python pack-
age configuration for this model. Each model can be installed
by running

1 pip install -e .

in the model directory, which is the one where
pyproject.toml should be.

This will set up a model-specific executable, which can be
used to run fits. In the case of the Les Houches model, this
executable is les_houches_exe, and can be run simply
as:

1 les_houches_exe my_runcard.
yml

which will produce a directory called my_runcard with
the results. More information on runcard settings and how to
process results can be found in theColibri documentation.

Appendix D: The Les Houches parametrisation

Appendix D.1: Free parameters in the Les Houches
parametrisation

We adopt the Les Houches parametrisation taken from
ref. [56], where it is assumed that the total sea, Σ =
u + ū + d + d̄ + s + s̄, is constrained to be made 40%
by up and anti-up, 40% by down and anti-down, and 20% by
strange and anti-strange, which means that we can write:

u + ū = 0.4Σ,

d + d̄ = 0.4Σ, (D.1)

s + s̄ = 0.2Σ.

It is also assumed that there is no difference between ū and d̄ ,
so we are only left with four active flavours, namely g, uv, dv

and Σ . Furthermore, εg , γg , εΣ and γΣ are all set to zero.
We are therefore left with the set of equations:

x fg(x, Q0) = Ag x
αg (1 − x)βg

x fuv (x, Q0) = Auv x
αuv (1 − x)βuv (1 + εuv

√
x + γuv x)

x fdv (x, Q0) = Adv x
αdv (1 − x)βdv (1 + εdv

√
x + γdv x)

x fΣ(x, Q0) = AΣ xαΣ (1 − x)βΣ . (D.2)

This amounts to 16 parameters. Moreover not all parameters
are independent. Ag is related to AΣ by the momentum sum
rules:

Ag

∫ 1

0
xαg (1 − x)βg dx + AΣ

∫ 1

0
xαΣ (1 − x)βΣ dx = 1,

(D.3)

and the Auv and Adv parameters are determined by the
valence sum rules:

Auv

∫
xαuv −1 (1 − x)βuv (1 + εuv

√
x + γuv x)dx = 2

Adv

∫
xαdv −1 (1 − x)βdv (1 + εdv

√
x + γdv x)dx = 1,

(D.4)

leaving 13 free parameters.5

Appendix D.2: Normalisations

We can write the expressions for Ag , Auv and Adv explicitly
by solving the integral spelled out in the sum rules, Equations
D.3 and D.4, which are of the form of Euler beta functions,
given by:

∫ 1

0
dt tv−1(1 − t)w−1 = Γ (v)Γ (w)

Γ (v + w)
,

where, for positive integer n, Γ (n) is defined as:

Γ (n) = (n − 1)!.

We find that:

Ag = Γ (αg + βg + 2)

Γ (αg + 1)Γ (βg + 1)

5 In ref. [56], εuv is fixed to its best-fit value, εuv = −1.56, in order to
avoid instability due to a very high correlation between uv parameters.
They therefore left only 12 parameters free to vary. We decide to leave
εuv free because we don’t believe we will encounter this problem.
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[
1 − AΣ

Γ (αΣ + 1)Γ (βΣ + 1)

Γ (αΣ + βΣ + 2)

]
,

Auv = 2

Γ (βuv + 1)

[
Γ (αuv )

Γ (αuv + βuv + 1)

+εuv

Γ (αuv + 1/2)

Γ (αuv + βuv + 3/2)

+γuv

Γ (αuv + 1)

Γ (αuv + βuv + 2)

]−1

,

Adv = 1

Γ (βdv + 1)

[
Γ (αdv )

Γ (αdv + βdv + 1)

+εdv

Γ (αdv + 1/2)

Γ (αdv + βdv + 3/2)

+γdv

Γ (αdv + 1)

Γ (αdv + βdv + 2)

]−1

,

Appendix A.3: The Les Houches parametrisation in the
evolution basis

We can then use these expressions to find the elements of the
evolution basis explicitly, which is given by:

Σ = u + ū + d + d̄ + s + s̄,

T3 = (u + ū) − (d + d̄),

T8 = (u + ū + d + d̄) − 2(s + s̄), (D.5)

V = (u − ū) + (d − d̄) + (s − s̄),

V3 = (u − ū) − (d − d̄),

V8 = (u − ū + d − d̄) − 2(s − s̄).

Noting that uv = u − ū, dv = d − d̄ and that, since there
are no valence strange quarks, sv = s − s̄ = 0, and applying
the assumptions stated above, we find:

T3 = 0.4Σ − 0.4Σ = 0,

T8 = 0.4Σ + 0.4Σ − 2 · (0.2Σ) = 0.4Σ,

T15 = T24 = T35 = Σ, (D.6)

V8 = uv + dv − 2 · 0 = V,

V15 = V24 = V35 = V .

Therefore, we are again left with only four active flavours;
Σ, V, V3 and the gluon. We already have an explicit
parametrisation for fΣ and fg , as stated in Eq. D.2. We have
the ingredients to write analogous expressions for fV and
fV3 , which are given by:

x fV = x fuv + x fdv

= Auv x
αuv (1 − x)βuv (1 + εuv

√
x + γuv x)

+ Adv x
αdv (1 − x)βdv (1 + εdv

√
x + γdv x) (D.7)

x fV3 = x fuv − x fdv

= Auv x
αuv (1 − x)βuv (1 + εuv

√
x + γuv x)

− Adv x
αdv (1 − x)βdv (1 + εdv

√
x + γdv x) (D.8)
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