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Abstract

Self-supervised learning (SSL) has emerged as the dominant paradigm for train-
ing particle physics foundation models. Existing methods largely borrow from
language modeling (e.g. masked-/next-token prediction) or computer vision (e.g.
multi-view similarity objectives). In this work, we explore an alternative technique
based on manifold capacity theory: a neuroscience-inspired method to quantify
the linear separability of manifolds (point clouds) using their intrinsic geometric
features. We apply the recently developed Maximum Manifold Capacity Represen-
tations (MMCR) technique to learn representations of simulated particle jets from
hadron colliders, finding that MMCR matches or slightly surpasses similarity-based
objectives (SimCLR) as measured by linear class separability of the learned embed-
dings. These results position MMCR as a promising approach for representation
learning in particle physics, and motivate further study in more complex settings.

1 Introduction

In the era of large-scale machine learning (ML), foundation models are a compelling prospect for
analyzing large, complex datasets in the physical sciences. High-energy physics (HEP) stands
to benefit enormously from a powerful foundation model, with experiments at the Large Hadron
Collider measuring the results of 40 MHz proton-proton collisions in tens-of-millions heterogeneous
detector readout channels. A model that efficiently encodes the underlying structure of this data in
a lower-dimensional feature space would be a boon to the field, accelerating downstream analysis
and potentially discovery. Recent work on HEP foundation models [1–5] has focused on jets:
collimated sprays of particles resulting from the fragmentation of high-energy quarks and gluons.
Most approaches rely on self-supervised learning (SSL) techniques, with training objectives borrowed
from language modeling (next-token/masked-token prediction) [1, 2] or computer vision (aligning
representations of multiple views of the same image) [5].

In this work, we explore a recently proposed SSL strategy for encoding jets based on manifold capacity
theory [6, 7]. We train encoders for jet data using the maximum manifold capacity representations
(MMCR) framework [7], a SSL technique that encourages networks to learn compact representations
using an objective related to the geometry of "augmentation manifolds" constructed from many views
of a given input sample. We evaluate learned representations using linear and shallow nonlinear
classifier probes, and compare them to those obtained from SimCLR [8], a popular existing SSL
method that has previously been applied to jets [5].

2 Methods

Manifold Capacity Theory Manifold capacity was introduced in [6], and is motivated by invariant
object recognition in neuroscience: the brain’s ability to quickly distinguish object classes (e.g. cats
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vs. dogs) under many different "views" (viewing angle, breed, etc.). It is hypothesized that these
views form "object manifolds" in neuronal activation space, which our brains then process into
representations that can be efficiently distinguished; i.e. linearly separable. Manifold capacity
theory analyzes the linear separability of a collection of manifolds embedded in an ambient space
RN , generalizing the theory of perceptron capacity for separability of points [9–11]. Roughly
speaking, manifold capacity α ≡ P/N corresponds to the largest number (P ) of manifolds that can
be embedded in an ambient space of dimension N such that a random dichotomy can, with high
probability, be linearly separated by a hyperplane. Capacity naturally depends on the geometry of the
manifold in question (e.g. intrinsic dimensionality, spatial extent) and varies accordingly. Ref. [6]
developed a statistical mechanical theory for computing α for manifolds represented as finite point
clouds1 in RN . Closely related to capacity are the manifold radius RM and dimension DM , which
measure the spatial extent and dimensionality of the manifold.

MMCR Manifold capacity naturally relates to self-supervised learning: if a neural network can be
trained to learn high-capacity representations for the augmentation manifolds of e.g. images, then
the learned embeddings may be very useful for downstream tasks. However, computing manifold
capacity for a general point cloud is costly and non-differentiable, making it unsuitable for direct
optimization. Ref. [7] proposed instead using an approximate formulation of capacity valid for
elliptical manifolds: α ≈ ϕ(

∑
i σi), where σi are the singular values of a manifold point cloud

X ∈ RN×k composed of k vectors in RN , and ϕ is a monotonically decreasing function [7]. They use
this formulation to introduce the maximum manifold capacity representations (MMCR) technique,
a multi-view self-supervised learning strategy. Given a batch of inputs {xi}Bi=1 and a family of
augmentations, MMCR generates k views of each input and feeds them through an encoder network
fθ to obtain d-dimensional representations z(j)i , j = 1 . . . k. These are normalized to the unit sphere
Sd−1 and the centroids ci = 1

k

∑k
j=1 z

(j)
i of each augmentation manifold are arranged into a matrix

C ∈ Rd×B . The MMCR loss is defined using the nuclear norm || · ||∗ of this matrix:

LMMCR = −||C||∗ = −
rank(C)∑

i=1

σi(C), (1)

where σi are the singular values of C. The loss is constructed to maximize the extent of the
"centroid manifold", which implicitly minimizes the extent of the individual augmentation manifolds
Zi ∈ Rd×k. This objective is easy to optimize with neural networks and, surprisingly, is sufficient to
learn expressive representations despite the approximations involved [7, 12].

SimCLR For our particle physics studies we benchmark MMCR against SimCLR [8], a successful
and well-studied SSL technique. Given an encoder fθ and a batch {xi}Bi=1, positive pairs (xi, x̃i)
are generated as augmented views of the same input, and the SimCLR objective is formulated as:

LSimCLR = −
∑
i∈B

log
exp(sim(zi, z̃i)/T )∑
j ̸=i exp(sim(zi, zj)/T )

, (2)

where z = fθ(x) are encoder outputs, sim(zi, zj) = zi · zj/||zi||||zj ||, T is a temperature hyper-
parameter, and the sum in the denominator runs over all (i, j) in the dual-viewed batch, excluding
self-similarity. In addition to the standard augmentation-based SimCLR, we also consider supervised
SimCLR [13], where positive pairs are constructed from input pairs with the same class label.

3 Experiments

Our experiments follow the general strategy of Refs. [5, 14], training encoders on simulated particle
jet data and evaluating learned embeddings via linear and nonlinear classifiers.

Dataset We use the JETCLASS dataset [15, 16], which consists of ten classes of jets from simulated
proton-proton collisions. For simplicity we use only five classes: quark/gluon-initiated jets (QCD),
W /Z boson jets (W → qq′ and Z → qq̄), hadronic top quark decays (t → bqq′), and Higgs boson
decays to b quarks (H → bb̄). Jets are represented as point clouds constructed from their constituent
particles, with each carrying kinematic, ID2, and trajectory information. We use simple 3D kinematic

1For point clouds, the continuous manifold corresponds to the convex hull of the constituent points.
2Particle identification (ID) features are quantities such as charge and particle type.
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Figure 1: Top-1 accuracy of linear (left) and MLP (right) classifiers as a function of dembed for
various MMCR and SimCLR strategies (in legend). MMCR matches or slightly outperforms SimCLR
in most cases, with the supervised augmentation strategy performing best overall.

features (log pT ,∆η,∆ϕ) for each particle, where pT is transverse momentum and ∆η and ∆ϕ are
the pseudorapidity and azimuthal angle relative to the jet axis, respectively. We take the 64 highest-pT
particles in each jet and zero-pad those with fewer than 64 constituents.

Encoders To ensure a fair comparison, we train all models with the same transformer encoder
backbone [17] with a latent dimension dmodel = 512, 4 self-attention blocks with 4 heads each,
and without tokenization. Self-attention is between all pairs of constituent particles, with masks
applied only on padding entries. We obtain the final dembed-dimensional embeddings by averaging all
non-padding vectors after the attention layers and applying a shallow MLP. During training we apply
an additional projection head before computing the loss, as is standard practice in SSL [8, 18, 19].
This head is a simple one-hidden-layer MLP projecting from dembed → dembed/2 and is discarded
after training, with all downstream evaluation performed on the transformer output.

Augmentations We explore three different augmentation strategies: JetCLR, supervised, and
masked. JetCLR [5, 14] generates augmented jets ("views") using three physics-inspired transforma-
tions:

• Rotation: Constituents are rotated by a random angle θ ∈ [0, 2π] about the jet axis in the
η-ϕ plane.

• Soft splitting: Noise sampled from N (0,Λ/pT,i) is added to the position (ηi, ϕi) of each
constituent i with Λ = 100 MeV, mimicking distortion from detector effects.

• Collinear splitting: A randomly chosen 10% of constituent particles are split into pairs with
momenta fipT,i and (1− fi)pT,i and identical (ηi, ϕi), where fi ∼ U(0, 1).

For the supervised strategy, views are generated by drawing additional jets with the same class label
from the training set. Finally, masked views randomly select and mask 10% of constituent particles
according to a probability distribution pi ∼ 1/pT,i, inspired by the Masked Particle Modeling (MPM)
approach for jet foundation models [1]. We train MMCR encoders with all three augmentation
strategies, while for the SimCLR baselines we only use JetCLR and supervised.

Training All models are implemented in PYTORCH [20] and trained with the ADAMW opti-
mizer [21, 22] with a learning rate of 10−4 annealed to 10−5 over 100 epochs on a cosine sched-
ule [23]. We use a baseline batch size of 64, with the effective batch size scaling with the number
of augmentations per sample used in the MMCR and SimCLR objectives. We train models with
dembed = 32, 64, 128, 256, and for MMCR we train variants using Nview = 4, 8, 12, 16 augmen-
tations per sample. For SimCLR baselines we use the standard two views for JetCLR, while for
supervised the number of positive (same-class) pairs depends on the class-composition of a batch
(the loss is still computed pairwise, see [13]). All models are trained on a single A100 GPU.

Evaluation We evaluate our encoders on a common sample of 0.5M jets from the JETCLASS test
set (100k from each class) with a 70/15/15 split. In keeping with standard SSL evaluation practices,
we train linear classifiers on embeddings from each model and record top-1 accuracy. We also train
shallow MLP classifiers to assess basic non-linear separability. We also train four different binary
linear classifiers to distinguish QCD jets from W , Z, top, and Higgs jets. This is comparable to

3



50 100 150 200 250
Embedding Dimension

0.800

0.825

0.850

0.875

0.900

0.925

0.950

0.975

1.000

AU
C

W qq′
MMCR (JetCLR)
MMCR (Supervised)
MMCR (Masking)

SimCLR T = 0.1 (JetCLR)
SimCLR T = 0.1 (Supervised)
SimCLR T = 0.5 (JetCLR)
SimCLR T = 0.5 (Supervised)

MMCR Configurations
4 Views
8 Views
12 Views
16 Views

50 100 150 200 250
Embedding Dimension

0.800

0.825

0.850

0.875

0.900

0.925

0.950

0.975

1.000

Z qq

50 100 150 200 250
Embedding Dimension

0.800

0.825

0.850

0.875

0.900

0.925

0.950

0.975

1.000

t bqq′

50 100 150 200 250
Embedding Dimension

0.800

0.825

0.850

0.875

0.900

0.925

0.950

0.975

1.000

H bb

Figure 2: Area under the curve (AUC) classification metrics for linear binary classification of QCD
jets versus W , Z, top, and Higgs (from left to right), plotted as a function dembed as in Fig. 1.

the binary tasks considered in past JetCLR work [5, 14], and binary classification against QCD (the
dominant background in many collider physics settings) is a standard task in HEP.

4 Results

Figure 1 summarizes the main results of our studies, showing top-1 accuracy for linear (left) and MLP
(right) classifiers as a function of dembed for the various MMCR and SimCLR encoders described
above. Supervised MMCR and SimCLR models perform best overall on linear evaluation, with
MMCR benefitting from larger embedding dimensions and more views per training sample. MMCR
appears to slightly outperform SimCLR with large dembed and Nview, but the effect is small and
may be related to the effective MMCR batch size scaling with the number of views. The differences
are smaller still for MLP evaluation, indicating that SimCLR and MMCR achieve similar quality
embeddings. MMCR with masking performs the worst, falling significantly short of the JetCLR
and supervised variants. Interestingly, the performance gap between supervised and JetCLR shrinks
significantly with a nonlinear classifier, suggesting that the physics-inspired JetCLR augmentations
are sufficient to learn an expressive – but not linearly separable – representation.

Figure 2 reports the area under the curve (AUC) for binary linear classification of W , Z, top,
and Higgs jets against QCD. The same conclusions from Fig. 1 hold, with MMCR and SimCLR
performing roughly equally. There is a strong difference between classes, however, with top jets
being best separated. This is likely due to their three-prong substructure, which is more distinct from
QCD’s one-prong structure and than the two-prong profiles of W , Z, and H → bb̄. We use only
kinematic input features for each particle, omitting particle ID and trajectory information that would
help further differentiate the two-prong classes.

To better understand the interplay between SimCLR batch size and effective MMCR batch size, we
train compute-matched versions of the models using supervised augmentations. Rather than sampling
B elements and generating k views, we instead sample batches with exactly N exemplars from each
class. In the MMCR setting, these are treated as N views of each class element, while for SimCLR
the batch is treated normally and class labels define the positive pairs. The batch size is then scaled by
varying N . In Fig. 3, we compare top-1 accuracy (left) and per-class AUC (middle) for linear/MLP
classifiers on MMCR and SimCLR embeddings. We see essentially the same behavior as in Fig. 1,
with MMCR and SimCLR performing equally.

Lastly, we compare MMCR and SimCLR in a slightly larger-scale setting by training on all ten
JETCLASS classes using a full Particle Transformer architecture with kinematic, particle ID, and
trajectory features as described in [16]. Per-class AUCs are plotted in Fig. 3 (right), again showing
roughly equivalent performance. MMCR appears to outperform SimCLR for some classes using an
MLP classifier, but by a relatively small margin.

5 Conclusion & Outlook

Our studies position MMCR as a viable and promising alternative to SimCLR for self-supervised
representation learning in particle physics. We have demonstrated that MMCR embeddings are at
least as expressive as those obtained from SimCLR using the same data augmentations, and may
improve more with further parameter exploration3. MMCR is also conceptually distinct: the objective

3For example, some of the best-performing image models in [7] used 20-40 augmentations per image.
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Figure 3: Left: Top-1 accuracy for compute-matched MMCR and SimCLR representations trained
with supervised augmentations. Center: Corresponding one-versus-rest AUC for each class. Right:
One-versus-rest AUC by class for MMCR and SimCLR models using a ParT [16] encoder with
kinematic, PID, and trajectory particle inputs and trained on all classes in the JETCLASS dataset.

is derived from the geometry of multi-view augmentation manifolds of training examples, whereas
SimCLR simply promotes alignment between views. This may prove beneficial for complex and
highly-structured data such as jets.

These results also lay a strong foundation for further exploration. We intend to perform a com-
prehensive MMCR parameter-space exploration to better understand the interplay of dembed and
Nview, with an equivalent scan for SimCLR baselines (batch size, temperature). We will also further
explore larger-scale trainings with full particle features (e.g. particle ID, trajectory), larger encoders,
and all of the JETCLASS classes, which will improve performance and expressivity. Lastly, we
hope to explore heterogeneous augmentations, mixing physics inspired augmentations with other
well-motivated transformations (e.g. detector distortions, or systematic variations of underlying
simulation parameters as in [24]).
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