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Abstract

Machine learning (ML) techniques have recently enabled enormous gains in sen-
sitivity to new phenomena across the sciences. In particle physics, much of this
progress has relied on excellent simulations of a wide range of physical processes.
However, due to the sophistication of modern machine learning algorithms and
their reliance on high-quality training samples, discrepancies between simulation
and experimental data can significantly limit their effectiveness. In this work, we
present a solution to this “misspecification” problem: a model calibration approach
based on optimal transport, which we apply to high-dimensional simulations for
the first time. We demonstrate the performance of our approach through jet tagging,
using a dataset inspired by the CMS experiment at the Large Hadron Collider. A
128-dimensional internal jet representation from a powerful general-purpose classi-
fier is studied; after calibrating this internal “latent” representation, we find that a
wide variety of quantities derived from it for downstream tasks are also properly
calibrated: using this calibrated high-dimensional representation, powerful new
applications of jet flavor information can be utilized in LHC analyses. This is a key
step toward allowing the unbiased use of “foundation models” in particle physics.
More broadly, this calibration framework has broad applications for correcting
high-dimensional simulations across the sciences.

1 Introduction

In hierarchical models, the likelihood of observing some datum x, given a parameter of interest 0, is
determined by marginalizing over any stochastic latent variable w: p(z|0) = [ dw p(z|w, ) p(w]f).
An important subset of hierarchical models comprises those which factorize, such that x only depends
on 0 through w, i.e. p(z|w, ) = p(z|w). In such situations, it may be possible to calculate p(x|w)
separately, or to constrain it via auxiliary experiments. Indeed, this is often the motivation for
constructing the likelihood p(x|6) in terms of a latent w: when p(z|6) = [ dw p(z|w) p(w|d), then
both p(z|w) and p(w|@) can be independently derived or verified.

One method to correct to the simulated density pgm(2|w) is to derive the conditional transport
function T, (and corresponding transport map (7)) Pollard and Windischhofer [2022], ATLAS
Collaboration [2025a], Bunne et al. [2023] such that
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in some calibration region (CR). Inference on 6 is then performed on observations in the “signal
region” (SR) resulting in the corrected likelihood

p(zl6) = / deo (T,) 5 D (1) P (016). @

This transport map moves simulated observations based on what is observed in the calibration region.
The suitable transport map for correcting simulations is the optimal one, i.e. the one which minimally
alters pgim (z|w) for each choice of w while still closing with pga, (2|w). The optimal transport (OT)
map is the solution to this closure problem that is the least invasive, in the sense that it preserves the
full structure of pgm (x|w) as well as possible.

2 Simulation

Two datasets have been generated based on JetClass Qu et al. [2022], a well-established benchmark
for jet classification tasks in HEP. They are generated using standard Monte Carlo event generators
widely adopted in LHC experiments and incorporate detector response and reconstruction effects
simulated with DELPHES de Favereau et al. [2014] (v3.4.2).

The first dataset, referred to as the source, is produced using the standard JetClass configuration.
The second dataset, referred to as the target, is created by modifying the smearing functions of the
DELPHES detector simulation and the renormalization and factorization scales of the QCD multijet
events are increased from 1 to 2. Fig. 1 compares the distributions of the transverse impact parameter
(dp) and the number of jet constituents for the source and rarget datasets.
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Figure 1: The distributions are represented as follows: source distribution (blue) and target distribution
(black). (a) shows the change in the transverse impact parameter (dg), while (b) illustrates the change
in number of constituents (N.onstituent) between the datasets.

3 Method

Constructing the Classifier

Modern methods for tackling the jet tagging challenge consists of transformer-based classi-
fiers Vaswani et al. [2017], ATLAS Collaboration [2025b], CMS Collaboration [2024]. We designed a
transformer-based classifier that estimates the conditional probability of jet origin, p(1 | {Cobs },jetyps)
where Cobs represents jet constituent features and jet,, includes jet-level observables such as pr,
7, and F. A dedicated ClassToken aggregates information of the jet into a 512-dimensional latent
representation.

Afterwards this latent representation is passed through a multi-layer perceptron head (MLP Head),
which outputs a 10-dimensional vector of unnormalized class scores (logits). The first 128-
dimensional layer of the MLP Head (z12g) is the target for calibration, while subsequent layers



are used for evaluation !. A diagram of the model architecture is shown in Fig. 2. The model is
trained on the JetClass dataset Qu et al. [2022].

Deriving the Optimal Transport Map

~

The calibration aims to derive an optimal transport map, 7., that aligns the source latent distribution
Psim (2128 | w) with the target distribution pga, (2128 | w). Here, w represents jet kinematic features,
though this work focuses solely on the ¢/g label.

The transport map fw is learned by minimizing the Euclidean transport cost between the source and
target distributions Korotin et al. [2021], Makkuva et al. [2019] using input-convex neural networks
(ICNNs) Amos et al. [2016]. The optimization problem is formalized as:

W22(Z7y) = sup inf f(Vzg(z)) — <z7vzg(z)> _ f(y), 3)
F(y)€ecvx(y) 9(2)Ecvx(z)

where f and g are ICNNSs, and 2z ~ Pgim, ¥ ~ Pdaa- At convergence, the optimal transport map is
given by T, (z|w) = V. g(z|w), mapping source latent representations to calibrated ones.
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Figure 2: The two diagrams show (a) the transformer encoder and (b) the output multi-layer perceptron
head (MLP Head). The transformer architecture incorporates a sequence of encoder layers Xiong et al.
[2020], each comprising multi-head self-attention mechanisms (MHA) Vaswani et al. [2017] followed
by feed-forward neural networks (MLP) Shazeer [2020] with Feature-wise Linear Modulation
(FiLM) Perez et al. [2017], Peebles and Xie [2023] for conditional integration. The MLP Head
consists of a sequence of linear transformations and GELU Hendrycks and Gimpel [2016] with a
final output size of 10 for the class probabilities.

The architecture and training of the ICNNs follow Ref. Huang et al. [2021] and the procedure of
Ref. Algren et al. [2024], which has been shown to be resilient to overfitting. Specifically, we use 4
ICNN blocks with depth 2 and a width of 2048 neurons per layer, using the zeroed softplus activation
function ATLAS Collaboration [2025a]. Training uses the AdamW optimizer Loshchilov and Hutter
[2017], we alternate optimization between f and g, performing four updates of f and ten updates of
g per training step, for a total of 512,000 steps. We implemented both the training loop and ICNN
models in PyTorch Paszke et al. [2019].

4 Results

To visualize the impact of calibration within the high-dimensional latent space z;2s, Principal
Component Analysis (PCA) Shlens [2014] is applied to reduce the dimensionality to the five leading
principal components 2. The distributions of these components are presented as corner plots in Fig. 3.

Fig. 3(a) illustrates the presence of the expected discrepancies between the source and target data
distributions. After applying the optimal transport map, Fig. 3(b) shows a significant reduction in
these discrepancies, indicating successful alignment between the latent representations of the two
domains.

!The choice of 128 dimensional latent space is arbitrary, but we thought it would provide a good balance
between expressiveness and computational efficiency.
2The first five principal components are chosen for visual convenience and retain 87% of the variance.
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Figure 3: Corner plots of the first five principal components derived from PCA applied to the 2195
latent space. The 2D contours show 5%, 50%, 80%, 90%, and 95% percentiles. (a) Comparison
between the target distribution (black) and the source distribution (blue). (b) Comparison between
the target distribution (black) and the calibrated distribution (red).
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Figure 4: (a) Receiver operating characteristic (ROC) curves for discriminators trained to differentiate
between source and target distributions across three representational spaces: the 128-dimensional
latent space (z123), the final 128-dimensional layer in the MLP Head (z},5), and the 10-dimensional
output space (z1,). The discriminators are subsequently evaluated on the calibrated versus target
distributions, (b) Marginal distribution of the discriminator scores in z12g, between the source (blue)
and target (black) distributions.

The calibration is also evaluated using discriminators trained on different layers of the MLP Head.
Before calibration, source vs target discrepancies were largest in the initial 128-dimensional latent
space (z12g) and progressively smaller in deeper layers, nearly vanishing at the output layer (z1;).

After calibration, using the same source vs target discriminators?, they could not distinguish between
calibration and target in 2{,5 and z{,, and with minor discrepancies in z125. These metrics can be
seen in Fig. 4(a).

Discriminators between calibration and target have also been trained. In z19g, there was a strong
discrepancy (AUC ~ 1). However, in the penultimate and output layer, the AUC~ (0.5 meaning that
the mismodeling introduced in 2325 does not propagate to the output layer.

3So the discriminators are not trained between calibration vs target.



To validate the calibration’s effect on the output space, the log-likelihood discriminants are analyzed
in Fig. 5, with Higgs decays as signal and multijet/top events as background. Before calibration,
source and target distributions showed clear discrepancies between the two, which have been removed
by the calibration.
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Figure 5: Comparisons between the marginal distributions of the physics-motivated one-dimensional
discriminants. The distributions are represented as follows: target distribution (black), calibrated
distribution (red), and source distribution (blue). The calibration is derived on the z12g latent space,
and then the subsequent MLP Head layers are applied to map it to the output space. Afterwards the
output space is projected onto physics-motivated one-dimensional discriminants.

5 Conclusion

A calibration strategy based on optimal transport has been presented, targeting latent representations
within transformer-based classifiers used in high-energy particle physics. By applying the calibration
directly in the high-dimensional latent space, rather than on low-dimensional observables or classifier
outputs, the proposed method enables more flexible and detailed correction of mismodeling effects
present in simulated data. This approach also establishes a foundation for the direct calibration of
large, pre-trained models in physics applications.

Quantitative evaluations using discriminator networks indicate that the calibrated latent represen-
tations achieves very good agreement with the target domain for physics-relevant inference tasks.
While this work focuses on jet classification, the methodology is broadly applicable to a range
of reconstruction tasks in high-energy physics that utilize deep learning models, and, we believe,
throughout the sciences.

The size of the latent space was arbitrarily chosen to be 128 dimensions for this study, however, future
work could explore at which dimensionality can a jet be optimally represented.

Further investigations into the non-closures in the space of the calibration are warranted, as ideally
the calibration should not introduce new discrepancies. It is also critical to assess the optimality of
the calibrated discriminants. Both are ongoing subjects of research.
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