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MACK: Mismodeling addressed with contrastive knowledge
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Abstract

The use of machine learning methods in high energy physics typically relies on large
volumes of precise simulation for training. As machine learning models become more
complex they can become increasingly sensitive to differences between this simulation
and the real data collected by experiments. We present a generic methodology based
on contrastive learning which is able to greatly mitigate this negative effect. Crucially,
the method does not require prior knowledge of the specifics of the mismodeling. While
we demonstrate the efficacy of this technique using the task of jet-tagging at the Large
Hadron Collider, it is applicable to a wide array of different tasks both in and out of the
field of high energy physics.
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1 Introduction

The use of machine learning (ML) in high energy physics (HEP) has grown rapidly in the last
decade. This can be attributed to multiple factors, among them the availability of large vol-
umes of accurate simulated data and the complexity of the data. While the early usage of ML
focused on problems of limited scope using small sets of input variables, the rise of deep neu-
ral networks and the availability of powerful computing have pushed the field towards more
advanced model architectures and more complex, low-level inputs [1–4]. This has greatly
improved the performance of these algorithms, and in many cases drastically improved the
quality of physics results [5–8]. One feature that is common across nearly all of these appli-
cations is that models are trained using simulated data. While the accuracy of the simulations
is quite high in many cases, the high dimensionality of the data can make it difficult to under-
stand exactly where differences exist and the degree to which they may affect the performance
of a given algorithm. This is particularly true as ML models become increasingly complex.

Despite the high accuracy of simulated data in many cases, the differences in ML model
performance when applied to simulated and real data can be large. This is due to mismod-
eling in the simulation that can be subtle and/or difficult to correct. Although this issue is
extremely prevalent across the field, there exist few methods to minimize these differences in
algorithm performance and most of these existing methods cannot be effectively used for the
large, complex models that are becoming increasingly popular.

In this work we present a generic method that is capable of significantly reducing differ-
ences in the performance of ML models when applied to simulated and real data. The method
is based on techniques from the realm of contrastive learning and is able to construct expres-
sive representations of the data that are minimally sensitive to mismodeling in the simulated
data. It does not rely on prior knowledge of the sources of mismodeling or variables which
may be mismodeled. The representations can be built using complex architectures and can
therefore harness the full power of modern ML.

This paper is structured as follows: Section 2 provides context by describing work related
to our method, which is itself described in Section 3. Section 4 provides details on the datasets
we have used and results are presented in Section 5 that demonstrate the effectiveness of our
method. Finally, Section 6 summarizes this work and provides an outlook for its application
to existing and future problems in HEP.

2 Related work

This work relies on many existing tools and ideas in the fields of HEP and ML. Our work focuses
on the jet-tagging problem as an example of a problem with significant complexity. Broadly
speaking this problem involves using the properties of a jet to determine information about
the initial particle that produced the jet. Past work has demonstrated a range of viable archi-
tectures, with graph- and attention-based networks that use jet constituents as inputs shown
to be the most effective [1, 2]. Our method relies on the presence of a distance metric be-
tween events from simulation and data. For this work, we utilize the Energy Mover’s Distance
(EMD) [9–11] and make use of the package developed in Ref. [12].

The method we propose takes significant inspiration from self-supervised contrastive learn-
ing. In particular, we use the Variance-Invariance-Covariance Regularization (VICReg) method
from Ref. [13]. We also take inspiration from other contrastive learning methods [14–16]. In
particular, the method from Ref. [14] was adapted for jet-tagging in Ref. [17], and we study
some of the same augmentations proposed there. We also note that other contrastive learning
methods have recently been proposed for the purpose of minimizing differences between ML
performance in data and simulation in Ref. [18,19].
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3 Method

Our method uses contrastive learning to inject physics knowledge into the representations of
data. The goal of contrastive learning in this context is to instruct machine learning algorithms
to represent the same physical phenomena in similar ways despite their outward differences.
Fundamentally, contrastive learning works by examining pairs of elements and determining
whether the two elements in the pair should be represented similarly or differently. It is com-
mon to refer to these as positive or negative pairs, respectively. In standard contrastive learn-
ing implementations, positive pairs are created by simply augmenting one element of data
to create a pair from the original and the augmentation. Negative pairs are constructed by
taking two different elements (or augmented versions of these different elements). However,
this requires that the augmentations can mimic differences to which one desires the model to
be insensitive. In our case, we want a model to become desensitized to differences between
simulation and data but we cannot construct an augmentation that transforms actual data to
simulation. Instead, the central idea of our method is to construct pairs from actual data and
simulation and then label them as positive or negative based on a distance metric between
events. We find that EMD is an effective metric for this purpose.

3.1 Method description

In the studies below the physical phenomena are jets of particles from simulated pp collisions
at the ATLAS [20] or CMS [21] detectors at the Large Hadron Collider (LHC) [22] and the task
is to identify the type of particle from which the jet originated. One of the datasets is taken to
represent actual data collected by a detector while the other is taken to represent simulation
that would be available and is a reasonable approximation of the data, but is not perfect. In
practice, our simulation would be labeled while our actual data would not be. Practically, this
means that methods can use truth labels for simulation during training but they must remain
agnostic to truth labels for data. Thus, we can use the truth labels for the actual data only when
assessing the performance and stability of models and not at any point during training. For
simplicity we refer to these datasets as the “nominal” and “alternate” datasets, with nominal
representing simulation and alternate representing data. We assume that the true fraction of
signal in the data is extremely small and therefore we never use the alternate signal events for
training, only the nominal signal events. We expect that if one had a signal that was present in
large quantities in the data then this would serve to improve the performance of our method,
although we leave studies of this for future work.

In a typical HEP data analysis, one would train a supervised classifier to differentiate signal
and background using simulated events only. This model would then be applied to both data
and simulated events representative of that data. Because the model can perform differently
on data and simulated events, a ratio of the model performance on these samples is typically
computed in a dedicated control region and then used to correct simulated events. Particularly
in cases where the differences between data and simulation are large, this correction neces-
sitates an additional source of uncertainty which can negatively impact the sensitivity of the
analysis. Even in cases where control region measurements allow one to reduce the uncer-
tainty on this correction, large corrections are indications that the model has learned features
specific only to simulated events and as a result the performance in data is likely sub-optimal.
Our method seeks to allow for training models that perform more similarly on simulated and
real data, require smaller systematic uncertainties, and therefore can produce more sensitive
physics results.

The general form of our contrastive model is as follows, depicted in Fig. 1. Our model
consists of a “siamese network” comprised of two sub-networks: a featurizer and a projector
network. The featurizer and projector network each separately share weights between the
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legs of the siamese network. To start, each element of a pair goes into the featurizer which
creates a representation L and then through a projector which creates a representation P for
each input. These representations are trained through contrastive learning methods, in our
case using the VICReg loss, which compares the two representations P and P ′ for a given pair.
After the featurizer is trained we apply it to the nominal dataset to generate representations
(L) and train a supervised classifier model with these representations as inputs and the truth
labels as the targets. We also consider various fine-tuning schemes where the featurizer is
allowed to be trained simultaneously during the supervised classifier training. This procedure
is discussed further in Section 5.

The use of a projector is motivated by the studies in Ref. [14] which demonstrate that the
presence of a small non-linear projector can improve the performance of tasks when trained
on the pre-projector representation. This is because the VICReg loss imposes significant con-
straints on the representations P and P ′. However, these constraints are not necessarily optimal
for constructing a supervised classifier. Using L and L′, which are not constrained, to train the
supervised classifier improves performance while maintaining most of the desired invariance
between representations.

The VICReg loss is comprised of three separate terms, each of which serves a different
purpose. The first term, called “invariance” is a simple mean squared error between the rep-
resentations P and P ′. This term attempts to align the representations; in our case, this is the
term that attempts to keep the representations similar between data and simulation. While
this term is capable of producing representations that are insensitive to differences between
data and simulation, it has a trivial solution when used alone: that is, by mapping all inputs to
a constant representation vector the MSE will be minimized. This outcome is called collapse,
and is a common problem for contrastive learning methods. In order to avoid collapse, VICReg
introduces two additional terms to the loss, both computed separately for P and P ′. The first
is the “variance” term which penalizes representations with variances less than some cutoff, in
our case 1. This term helps to prevent collapse but makes no requirement on the different di-
mensions of the representation. Thus, the variance term alone typically produces sub-optimal
networks where the representation dimensions are highly correlated and more subtle features
are not learned. The second additional term, labeled the “covariance” term, is the squared
off-diagonal elements of the covariance matrix of the representation space. This term helps to
produce representations with different features spread across dimensions. Each of the three
terms in the VICReg loss can be weighted to tune their importance. Following Ref. [13], we
use weights of 25, 25, and 1 for the invariance, variance, and covariance terms, respectively.
While other contrastive losses could be used, we chose to use VICReg for our studies due to its
lack of a need for negative pairs and allowance of differing architectures in computing P and
P ′. We expect that these could be useful features for future studies. The exact loss we use is
given in Eq. 1, where n represents the batch size, d represents the dimension of the representa-
tion, Var(Pj) is the variance of representation dimension j over the batch, and P̄j =

1
n

∑n
i=1 Pi j

is the mean of the representation dimension j over the batch

LVICReg(P, P ′) = λ s(P, P ′) +µ
�
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�

c(P) + c(P ′)
�

, (1)

s(P, P ′) =
1
n

n
∑

i=1

d
∑

j=1

(Pi j − P ′i j)
2 ,

v(P) =
1
d

d
∑

j=1

max
�

0,1−
q

Var(Pj) + ε
�

,

c(P) =
1
d

d
∑

j=1

d
∑

k=1, k ̸= j

�

1
n− 1

n
∑

i=1

(Pi j − P̄j)(Pik − P̄k)

�2

,

4

https://scipost.org
https://scipost.org/SciPostPhys.18.5.150


SciPost Phys. 18, 150 (2025)

N3
N2

no
m

in
al



(s
ig

na
l &

 b
ac

kg
ro

un
d)

al
te

rn
at

e

(b

ac
kg

ro
un

d)

featurizer

featurizer

projector

projector

contrastive

features

N1

Nn

A3
A2

A1

An

…

…

EMD(Ni, Ai) < C

supervised

network

ℒVICReg = λs(P, P′￼)
+μ[v(P) + v(P′￼)]
+ν[c(P) + c(P′￼)]

P

P’ s(P, P′￼): invariance
v(P): variance
c(P): covariance

L

L’

L Y

Figure 1: Sketch of the MACK method. Samples from the nominal and alternate
datasets are paired such that the EMD between each pair is less than some cutoff
C . These pairs are used to train a featurizer and a projector network without labels
using the VICReg loss (LVICReg) applied to the outputs of the projectors (P and P ′).
The outputs of the featurizer when applied to the nominal dataset (L) are then used,
along with labels, to train a desired supervised network.

where the sum over i always runs over the individual events in the batch and the sums over j
and k always run over the dimensions of the representation.

In the studies below we consider only the task of binary classification, but it is important
to stress that the method allows for any type of model, including multi-class classifiers or
regression models, to be trained. Additionally, while our main goal isn’t to make our model
immune to more traditional symmetries in collider physics, our method also allows for the
addition of these sorts of symmetries. As such we do incorporate other augmentations on
top of our base method, in particular those for rotations and smearing from Ref. [17]. These
augmentations can be applied to either the nominal or alternate datasets (or both) once the
pairs have been constructed. Throughout we denote our method as Mismodeling Addressed
with Contrastive Knowledge (MACK).

In this work, we have only considered cases where the featurizer is made identical for
nominal and alternate datasets. However, as noted above, this is not enforced by the method
and loss function we use. Allowing different featurizers for simulated and real data could
allow the model to better tune the separate featurizers. Ideally, this flexibility would produce
output features that are even more similar but it’s also possible that it would result in larger
differences or unforeseen impacts on downstream tasks. We leave further exploration of this
possibility to future work.

3.2 Supervised model design

As a baseline we construct a fully supervised model (with no contrastive training) based on
the architecture from Ref. [23], using the 30 particles and three or four features per particle
as given above. This architecture is a fully-connected graph neural network (GNN) with three
main sub-networks: a node→edge network ( fR), a node feature extractor ( fO), and a final
classifier block (φC). In our specific implementation, fR consists of three dense layers of size
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64, 32, and 32, fO consists of three dense layers of size 64, 32, and 32, andφC consists of three
hidden dense layers of size 64, 32, and 8, with a single output node. All layers use a ReLU
activation function except for the final layer ofφC which uses a sigmoid activation function. We
note that while more advanced network architectures exist, the GNN architecture we employ
is sufficiently complex to allow for substantial over-reliance on the differences between the
nominal and alternate datasets.

The model is implemented in the Keras [24] framework. Using only the nominal dataset we
train this network using the Adam optimizer [25] for 100 epochs using a binary cross entropy
loss function and a batch size of 512. We employ an early stopping criteria using a patience
of 10 epochs. We split the data 80/10/10 to produce training/validation/testing sets.

3.3 MACK model design

For the MACK featurizer network we use the same basic GNN architecture as the supervised
network presented above. The only difference is that φC now consists of four layers, two of
size 128 and two of size 64, all of which use a ReLU activation function. The MACK projector
network is comprised of two dense layers both of size 64, the first using a ReLU and the second
a linear activation function. The size of the projector is found not to impact performance
significantly. The combination of the GNN architecture along with the projector is used as the
legs of the siamese network described above.

We apply the loss in Eq. 1 to the outputs of the projector (P and P ′). We train the featurizer
and projector networks using this loss and the Adam optimizer for 100 epochs using a batch
size of 1024. We employ an early stopping criteria using a patience of 10 epochs. Using the
representations constructed by the featurizer network as input, we then train a simple dense
neural network binary classifier using the nominal dataset. This network has 3 hidden layers
of size 64, 32, and 8, and one output node. The hidden layers use ReLU as the activation
function and the output node uses a sigmoid as the activation function. This classifier model
is trained using the Adam optimizer, a batch size of 1024, and uses an early stopping criteria
with a patience of 10 epochs. In initial tests of MACK models a pair consisted of one jet from
the nominal dataset and one from the alternate dataset, with these pairs created by matching
jets using EMD. Pairs of jets with a non-normalized pairwise EMD less than 75 GeV were la-
beled as positive pairs in the realistic datasets. This threshold was determined empirically such
that the fraction of pairs with EMD less than this value was approximately 1/4, but minimal
difference in performance was observed for other thresholds close to this value. The thresh-
old for the JetNet dataset was chosen to achieve a similar fraction of positive pairs. During
early studies it was observed that the addition of augmentations for rotations and smearing
from Ref. [17] improved performance. This observation is consistent with previous studies in
Refs. [14, 17] that certain augmentations are much more effective than others and that com-
binations of augmentations are more effective than individual augmentations. A comparison
of various pairing schemes is shown in Fig. 2. We hypothesize that the poor performance
observed with smearing augmentations alone arises from the fact that they do not introduce
sufficiently realistic variations into the data in this case. This prevents the featurizer model
in this training from learning features that are effective at separating signal and background,
resulting in poor classifier performance. We leave further studies of this effect for future work.

Pairs are constructed using both EMD and augmentations for MACK models in the following
results. Scans of the featurizer, projector, and classifier networks showed minimal dependence
on their size.
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4 Datasets

We study two datasets both focused on the task of boosted jet-tagging at the LHC. The first is
a realistic example of a task that would require our contrastive method and allows us to very
effectively study and demonstrate the power of the MACK method. The second is less realistic
but allows us to test MACK in the presence of extreme degradation in performance between
datasets.

4.1 Realistic dataset: Z ′→ qq̄ vs. QCD

In the first study, we consider the task of binary classification of jets originating either from
an energetic light quark or gluon through QCD multijet production or from the decay of a
hypothetical boosted Z ′ boson with a mass of 50 GeV decaying to two quarks (Z ′→ qq̄). This
represents a task at the LHC that requires the use of powerful ML methods and might suffer
from differences between simulation and data. We refer to these as the realistic datasets.

QCD multijet and Z ′ samples are generated using MADGRAPH5_AMC@NLO v2.6.0 [26] atp
s = 13 TeV, showered with PYTHIA v8.212 [27], and reconstructed using DELPHES v3.5.0 [28]

with a CMS detector-like geometry. The Z ′ sample is generated using the FeynRules-based
DMsimp package [29–32], with the Z ′ recoiling against a photon to provide the necessary
boost. The QCD multijet sample is generated such that the pT of the leading parton is similar
to that of the Z ′.

Jets are clustered from the DELPHES E-Flow candidates using the anti-kt algorithm [33]
with a distance parameter R = 0.8. The softdrop grooming procedure [34] with β = 0 and
zcut = 0.1 is applied to jets to compute the softdrop mass (mSD). In each event, we select
a single jet and use the 30 highest pT particles in the jet as input to our networks. For the
QCD multijet sample, we select the jet with the highest transverse momentum pT . For the Z ′

sample we select only the jet in each event that is within∆R< 0.4 of the true Z ′ boson, where
∆R =
Æ

(ηjet −ηZ ′)2 + (φjet −φZ ′)2. We require jets to have pT > 200 GeV and mSD > 20
GeV. For each particle we compute four features: prel

T = pT,particle/pT,jet, η
rel = ηparticle − ηjet,

φrel = φparticle −φjet, and q, where q denotes the particle’s charge.
For both the QCD multijet and Z ′ samples we generate two distinct sets of events. In one set

we use TuneCUETP8M1 [35], while in the second we use TuneCUEP8M2T4 [36]. We generate
roughly one million events per sample per set. We treat the first dataset as the nominal and
the second dataset as the alternate.

4.2 JetNet dataset: q(g ) vs. W(Z)

The second study uses the JetNet dataset [37], which consists of the prel
T , ηrel, and φrel of the

30 highest prel
T particle constituents for jets originating from light quarks (q), gluons (g), W

and Z bosons, and top quarks (t). The dataset contains approximately 170,000 jets for each
class. We require jets to have 500< pT < 1500 GeV and m> 20 GeV. We take jets originating
from light quarks and W bosons as the nominal dataset and jets originating from gluons and
Z bosons as the alternate dataset. That is, for the supervised case we train a binary classifier
to differentiate between light quarks and W bosons (nominal), and then test this classifier on
gluons and Z bosons (alternate). Unsurprisingly, given the substantial differences between
light quarks and gluons and W and Z bosons, the difference in performance is significant.
Because there is no particle ID information present in the JetNet dataset inputs, the primary
difference between the jets originating from W and Z bosons is in the jet mass.
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Figure 2: ROC curves for the supervised model and MACK with different levels of fine-
tuning and augmentations, evaluated on the realistic datasets (Z ′ → qq̄ vs. QCD).
Left: Comparison of different contrastive models using EMD-based pairings and/or
particle augmentations. A clear improvement is seen with EMD-based pairing (blue)
over augmentations alone (orange or green), with a small additional improvement
from the combination of EMD-based pairing and augmentations (red). Right: Com-
parison of the supervised model (blue) and MACK with different levels of fine-tuning
(orange, green, red), evaluated on the realistic datasets. Even small amounts of fine-
tuning are capable of producing MACK models with performance similar to or better
than a supervised model.

5 Results

For both datasets, we compare the performance of MACK to the supervised benchmark model.
Performance on both the nominal, as well as alternate, datasets is considered, as well as the
differences in performance on these two samples.

5.1 Realistic dataset: Z ′→ qq̄ vs. QCD

We find that MACK is able to reduce variance in performance between models when they are
tested on the nominal and alternate datasets. To help quantify this effect we define the metric
fractional change in efficiency, ∆ε/ε, as follows: using the nominal dataset we compute the
classifier output threshold required to produce a given QCD (Z ′) efficiency, and then compute
the fractional difference in Z ′ (QCD) efficiency when that threshold is applied to the nomi-
nal and alternate datasets. This procedure mimics how an ML classifier is used in typical HEP
analyses and∆ε/ε therefore represents a scale factor that would need to be applied to account
for data/simulation differences. As shown in Fig. 2 and Fig. 3, the differences in performance
for MACK when tested on nominal data and alternate data are much smaller than the differ-
ences in performance for the supervised model when tested on nominal and alternate data.
This implies that MACK is able to better learn the features of jets that are similar between the
nominal and alternate datasets than the supervised model, and ignore those features that are
different. We note that this increased stability with respect to differences in the two datasets
comes at the cost of overall performance, as the supervised model performs better on both
datasets than MACK.
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Figure 3: Comparisons of the performance for the supervised model (blue) and MACK
with different levels of fine-tuning (orange, green, red), evaluated on the realistic
datasets. MACK with no fine-tuning shows a fractional change half that of a super-
vised model. Errors are statistical-only resulting from the testing dataset size. Left:
Fractional change in QCD efficiency (∆εQC D/εQC D) at a fixed Z ′ efficiency. Right:
Fractional change in Z ′ efficiency (∆εZ ′/εZ ′) at a fixed QCD efficiency.

In order to address the overall difference in performance between MACK and the super-
vised model we investigate the use of a fine-tuning procedure. While baseline MACK uses the
representations from the trained featurizer directly without any adjustment, fine-tuned MACK
allows the weights in the featurizer network to be updated during the classifier training. We
refer to this as “full fine-tuning” or “fine-tune all”). This procedure allows the featurizer to
learn features that are more relevant to the specific classification task and therefore improves
the overall performance. However, we also find that a fine-tuned featurizer is more prone to
exploiting the specifics of the nominal dataset since it is fine-tuned using only this dataset. By
allowing the featurizer weights to be updated for a small number of epochs and then frozen
for the remainder of the classifier training (“low fine-tuning”) we are able to achieve perfor-
mance near that of the supervised model with reduced dataset dependence. Our results below
use 5 epochs to fine-tune MACK in the low fine-tuning mode. This is chosen to balance the
advantages in performance and disadvantages in stability from fine-tuning.

Table 1 summarizes the results of our studies on the realistic datasets. In general, we find
that the best performance on the nominal dataset is achieved by fully fine-tuned MACK, while
the smallest difference in performance between the nominal and alternate datasets is achieved
by base MACK (no fine-tuning). Low fine-tuned MACK strikes a balance between these two
and achieves comparable results to the supervised model with reduced differences between
the nominal and alternate datasets.

5.2 JetNet dataset: q(g ) vs. W(Z)

As in the studies above we find that MACK can be successfully applied to the task of separa-
tion of light quarks and gluons from W and Z bosons. In this case, the differences between
the nominal (q and W) and alternate (g and Z) datasets are extreme and are not typical of
those expected between data and simulation in most situations. However, this large differ-
ence provides a unique test of the impact of MACK with different settings. As shown in Fig. 4,
the differences in performance for MACK when tested on nominal data and alternate data are
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Table 1: Summary of results for the supervised training and different versions of
our method, measured on the realistic datasets. The ε(QC D) and ε(Z ′) values use
the nominal dataset. Bold values indicate the best-performing model based on each
metric. Errors are statistical-only resulting from the size of the test dataset.

Supervised MACK

Model No Finetune Low Finetune Full Finetune

Nominal AUC 0.911 0.894 0.911 0.913

Alternate AUC 0.906 0.891 0.906 0.906

ε(QCD)@ ε(Z ′) = 0.3 0.00530.0004
0.0003 0.00840.0005

0.0004 0.00590.0004
0.0003 0.00560.0004

0.0003

ε(QCD)@ ε(Z ′) = 0.5 0.02230.0008
0.0006 0.03060.0009

0.0008 0.02290.0008
0.0006 0.02140.0008

0.0007

ε(Z ′)@ ε(QCD) = 0.1 0.7440.002
0.002 0.6980.002

0.002 0.7420.002
0.002 0.7470.002

0.002

ε(Z ′)@ ε(QCD) = 0.01 0.2890.002
0.002 0.2320.002

0.002 0.2800.002
0.002 0.2780.002

0.002

|∆ε/ε(QCD)|@ ε(Z ′) = 0.3 0.2500.037
0.017 0.0850.024

0.029 0.0790.026
0.041 0.1290.031

0.043

|∆ε/ε(QCD)|@ ε(Z ′) = 0.5 0.1530.030
0.020 0.0760.030

0.020 0.1200.033
0.036 0.1690.024

0.026

|∆ε/ε(Z ′)|@ ε(QCD) = 0.1 0.0250.007
0.007 0.0130.009

0.010 0.0190.008
0.006 0.0250.007

0.007

|∆ε/ε(Z ′)|@ ε(QCD) = 0.01 0.0800.052
0.051 0.0210.057

0.068 0.0650.065
0.058 0.0430.054

0.052

again significantly smaller than the differences in performance for the supervised model when
tested on nominal and alternate data. While the difference between the two datasets is still
quite large in this case it is nearly an order of magnitude less than for the supervised model.
This increased stability comes at the cost of overall performance on the nominal dataset when
compared to the supervised model. In this case, however, baseline MACK achieves the best
performance on the alternate dataset, likely a result of the extreme sample differences and
thus large degradation in the performance of the supervised model.

The large differences in the JetNet dataset allow for additional studies of fine-tuning. The
MACK models shown in Fig. 4 each start from the same base MACK training and then ap-
ply fine-tuning for a different number of epochs. In this case, a single epoch is sufficient to
greatly improve the nominal performance. However, we also observe some variance in the
performance after training. In particular, fine-tuning for 5 epochs produces a model whose
performance is closer to the base MACK model than fine-tuning for 1 epoch. It is clear that
fine-tuning is a powerful method for improving contrastive models, and that the specifics of
its application require further studies.

6 Conclusion

We have introduced a method, MACK, based on contrastive learning, that is able to reduce
the sensitivity of ML models to the dataset on which they are trained. MACK achieves this
by learning a set of highly expressive features of the inputs that are insensitive to dataset
differences. These features can then be used for downstream tasks; in our case we consider
two binary classification tasks, but note that the method can easily be applied to other tasks
such as regression. Crucially, MACK does not require a priori knowledge about the nature
or source of differences between datasets. This makes it possible to apply MACK in a very
wide range of problems. Although MACK is designed specifically with HEP tasks in mind, the
method is generic enough to be used in other fields.

In tests with datasets mimicking differences expected between simulated and real data
collected at the LHC, we find that the performance of MACK is more stable than a supervised
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Figure 4: Comparisons of the performance for the supervised model and MACK with
different levels of fine-tuning, evaluated on the JetNet dataset. Left: q(g) efficiency
as a function of W (Z) efficiency evaluated on the nominal (solid) and alternate
(dashed) datasets. The best performance on the alternate dataset is achieved with
MACK and on the nominal dataset with MACK after full fine-tuning. Right: q(g)
efficiency as a function of W (Z) efficiency evaluated on the nominal (solid) and al-
ternate (dashed) datasets. Each fine-tuning model is a distinct training starting from
the base MACK model. The general trend from fine-tuning for 1 epoch to full fine-
tuning is as expected with full fine-tuning achieving the best performance on the
nominal dataset and the worst performance on the alternate dataset.

classifier with a similar architecture. This stability comes at some cost in overall performance,
but this can be recovered through a fine-tuning procedure that allows the MACK features to
be adjusted for the specific downstream task. Allowing the fine-tuning to fully modify the
MACK features produces a model that is capable of outperforming even the supervised model,
although it also becomes more sensitive to dataset differences as a result.

We also study the performance of MACK under extreme conditions where the differences
between datasets are large. These tests again show that MACK is capable of reducing depen-
dence on features specific to one dataset and that the use of fine-tuning can produce models
that are competitive with or even better than a supervised model. The success of MACK on
this dataset strongly suggests that the method is highly robust to the specifics of the dataset
differences and that it could be applied to a broad range of tasks. For this dataset, as with the
realistic ones, we find fine-tuning to be a very effective tool for improving contrastive models.
The exploration of schemes to determine how best to perform this fine-tuning is left to future
work.

MACK and other contrastive learning techniques show significant promise for improving
the use of ML in HEP. Even without a significant dependence of a given model on the specifics of
the training dataset, we find that MACK can be used to improve models either in terms of sta-
bility or overall performance. The stability across datasets demonstrated by MACK could also
likely be leveraged for other applications in anomaly detection and searches for highly model-
dependent new physics. The performance improvements alone suggest that MACK could be
used to improve many existing ML tools currently in use in HEP. The application of MACK to
even more realistic datasets and even to actual LHC data is an exciting direction for future
work.
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