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Vinicius Mikuni®,"" Ibrahim Elsharkawy ®,%*% and Benjamin Nachman

4,5,%

'Kobayashi-Maskawa Institute, Nagoya University, Aichi 464-8602, Japan
2National Energy Research Scientific Computing Center (NERSC), Lawrence Berkeley National Laboratory, Berkeley, California 94720, USA
3Department of Physics, University of Toronto and Vector Institute, Toronto, Ontario M5S 1A1, Canada
“Department of Particle Physics and Astrophysics, Stanford University, Stanford, California 94305, USA
3 Fundamental Physics Directorate, SLAC National Accelerator Laboratory, Menlo Park, California 94025, USA

® (Received 3 May 2026; accepted 24 August 2026; published 15 October 2026)

Foundation models build an effective representation of data that can be deployed on diverse downstream tasks.
Previous research showed that the OMNILEARNED, a foundation model for collider physics, could significantly
advance discovery potential across collider experiments. In this paper, we show that foundation models trained
on collider data can transfer to cosmology. Specifically, we improve the prediction of cosmological parameters
and halo and galaxy velocities in different datasets from COSMOBENCH. To the best of our knowledge, this is the
first time a collider physics model has been shown to generalize across scientific fields.
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I. INTRODUCTION

Current and near-term cosmological surveys are revolu-
tionizing our understanding of dark matter and dark energy.
So far, cosmological insight from survey data has been ob-
tained by first compressing the data and then comparing the
low-dimensional summaries to theoretical predictions. Mod-
ern machine learning has catalyzed a movement to go beyond
these summaries to perform field-level analysis in order to use
all of the available information [1]. While these approaches
have the potential to significantly improve the precision of
survey data, progress in this direction requires two currently
incomplete components: (1) accurate simulations describing
all relevant length scales and timescales and (2) machine
learning methods that can accommodate the structure of cos-
mological data and simulations. While it may be that machine
learning will help address (1), especially beyond the N-body
evolution of dark matter, we focus on the second challenge. In
particular, cosmological data are composed of variable-length
sets of objects (e.g., galaxies) in space (called a point cloud
in machine learning), and simulating entire universes is so
computationally demanding that inference must proceed with
only a relatively small number of synthetic universes.

Industry-driven neural network architectures have focused
on regular grids (for images) and sequences (for text). One can
always voxelize the universe onto a regular grid or sequence
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to make direct use of such approaches. Instead, we employ an
architecture that is designed for point clouds—It can process
variable-length inputs and is invariant under permutations of
the inputs (set versus sequence). State-of-the-art methods of
this kind are based on transformers [2]. While highly effective,
transformers also require a lot of data to leverage the capacity
of large models. This is a significant challenge for cosmo-
logical inference, where large sets of synthetic universes are
unavailable.

We propose to address these challenges by building on
a point-cloud foundation model designed for particle col-
lider data. Like cosmology data, collider data are also
variable-length sets. Due to quantum mechanics, each colli-
sion produces a stochastic number of outgoing particles, each
defined by a three-momentum along with other attributes.
Fully simulating a particle collision is computationally ex-
pensive, but much less so than simulating an entire universe.
There are also multiple levels of simulation fidelity. Our hy-
pothesis is that a sufficiently expressive foundation model
for collider physics that is fine-tuned on a relatively small
number of cosmological simulations will outperform classical
approaches as well as machine learning models trained from
scratch on the cosmological simulations. While the physical
laws most relevant for cosmology and those most relevant for
particle collisions are not the same, the datasets share enough
commonalities to justify this transfer learning objective.

To test this hypothesis, we use the OMNILEARNED [3-5]
foundation model and the COSMOBENCH [6] datasets. OM-
NILEARNED is a point edge transformer (PET) trained using
supervised and unsupervised learning on one billion labeled
and unlabeled hadronic jets from various real and synthetic
particle collisions. OMNILEARNED has been shown to effec-
tively transfer between low- and high-fidelity simulations,
between simulations and real data, and between different
collision systems. In this paper, we demonstrate that the
same model can be useful for fundamental physics data
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that are unrelated to particle jets. The COSMOBENCH dataset
is a set of simulated point clouds for benchmarking tools
for inferring parameters in the standard model of cosmol-
ogy (ACDM). In particular, three different simulators are
used to build coarse-grained [7] universe simulations. Points
represent (effective) dark matter halos or galaxies. Merger
histories are present in one of the datasets, but we focus
on the present-time tasks [8]. Even though gravity is deter-
ministic, the cosmology simulations are stochastic like the
collider simulations because of the initial conditions of the
universe. In addition to data, COSMOBENCH also includes
classical and machine learning benchmark algorithms that
we use as references. Most research related to foundation
models in particle physics describe the data using special-
ized tokenization and are trained via self-supervised learning
[9-15]. While these models are also promising candidates for
investigating knowledge transfer between particle physics and
cosmology, they introduce additional challenges. Because the
learned tokenization depends on the set of features used to
describe particle interactions, a new tokenizer must be defined
for the cosmological data. This contrasts with OMNILEARNED,
where replacing a single layer is sufficient to accommodate
the different input representation. Moreover, most tokenizers
require an explicit ordering of the inputs. Since the ordering of
the input halos should not affect the regression performance,
a point-cloud representation that is permutation invariant by
design is better aligned with the structure of the data.

A number of related works have touched upon some as-
pects relates to our research. For example, a number of
studies have explored point-cloud/graph-based machine learn-
ing models applied to cosmology [16-35]. COSMOBENCH
includes one such model, and we also compare our founda-
tion model to a setup with the same architecture, but trained
from scratch. This allows us to disentangle benefits from
an optimized architecture and from pretraining. The philos-
ophy of OMNILEARNED is to encode most of the physics in
the model implicitly through pretraining. Explicitly equivari-
ant models have been proposed for cosmological inference
[36-51] and it would be interesting to explore in the future
whether pretraining outperforms them as it seems to for col-
liders [5]. There are many active efforts to create foundation
models specific to cosmology [52-58], but we are not aware
of any trained to ingest entire universes as point clouds. The
approach to uncertainty quantification in COSMOBENCH is
relatively simple and it would be interesting to explore the
interplay between advanced uncertainty quantification (UQ)
(see, e.g., Refs. [59,60] and references within) and foundation
models in the future.

The paper is organized as follows. Section II describes the
OMNILEARNED model architecture and the modifications used
to adapt to cosmology problems. Section III then introduces
the dataset used to train OMNICOSMOS. Results for different
tasks and datasets are then described in Sec. IV. The paper
ends with conclusions and outlook in Sec. V.

II. KNOWLEDGE TRANSFER

In particle physics, the set of reconstructed particles pro-
duced after a collision is used to study how fundamental
particles interact with each other. At high-energy colliders like

the large hadron collider (LHC), a ubiquitous object produced
through particle interactions is a jet or a collimated spray
of particles. Produced through the interactions of colored
particles via the strong force, jets are fundamental research
objects as they provide context regarding the properties of
quantum chromodynamics as well as the underlying physics
process that emerges from the particle collision. Due to their
abundance and complexity, many machine learning appli-
cations in particle physics were initially proposed for jets
[9,61,62], including ronvolutional neural networks (CNNs)
[63], recursive neural networks (RNNs) [64], graph neural
networks (GNNs) [65,66], generative adversarial networks
(GANS) [67], deep sets [68], and attention [69]/transformers
[70,71]. The current state of the art [5,71-73] represents jets
as point clouds, or unordered sets of objects in a metric space.
These point clouds are processed with transformer models that
can account for long-range correlations between particles and
can be scaled effectively to bigger models trained on more
data.

The OMNILEARNED model [3-5] uses particles clustered
into jets as part of the inputs and employs different tasks to
create a rich point-cloud representation that can be efficiently
adapted to different datasets and tasks. The underlying neural
network model, named PET-v2, consists of a mixture of local
and global transformer layers tasked to learn local and global
correlations between particles. Crucially, generic transformer
layer logits A;; are augmented using physics-inspired interac-
tion bias terms B;;,

Afj = A;; + B;j, Bje R, @))]
shown to improve performance even in the presence of large
training datasets. The model is then trained using one billion
jets containing a mixture of real particle collisions, as well as
simulated particle interactions with different degrees of sim-
ulation fidelity. The result of this pretraining stage represents
the core foundation model that we refer to OMNILEARNED. To
adapt to specific applications, we fine-tune OMNILEARNED to
the specific dataset and task to be solved. The first challenge
is to identify an efficient strategy to adapt OMNILEARNED
to a completely different dataset. Whereas particles used as
inputs to OMNILEARNED are described by their four-momenta,
the dark matter halo simulations used in this work are de-
scribed by their spatial location in three-dimensional (3D)
coordinates. Moreover, the relevant tasks considered in the
pretraining phase of OMNILEARNED are point-cloud classifi-
cation and generation, while in this case, we are interested
in the regression of different cosmological parameters and
the halo velocity prediction for each input object. Last, an
average jet contains O(10-100) particles while we consider
up to 5000 of the most massive halos in the COSMOBENCH
datasets. We address all these challenges by introducing
OMNICOSMOS, with a general adaptation strategy shown in
Fig. 1.

First, we address the differences in object representation
between point clouds. In the PET-v2 model, the initial input
features for each point in the point cloud are transformed
using a feature embedding that maps the inputs to a large
latent space. Fully connected layers with nonlinear activations
take as inputs only the initial feature representation, applying
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FIG. 1. Summary of the knowledge adaptation strategy between the OMNILEARNED model, trained on particle collisions, to cosmology

tasks named OMNICOSMOS.

the same transformation to all points in the point cloud to
ensure permutation equivariance of the outputs.

A local embedding that includes the local particle
information is determined in parallel using the information of
the k nearest neighbors of each input point. For each object
X;, we identify the k nearest neighbors X; using the Euclidean
distances in input space. Next, we augment the original input
features by including relevant functions f(X;, X;) calculated
between pairs of points. At this step, we are able to include
tailored functions specific to the physics problem and dataset
used. While in OMNILEARNED we include several features
that are relevant for particle physics, such as the Lorentz
invariant mass of the combination of two particles, we instead
identify three geometrical features to be included in addition
to the difference X; — X;. We include the absolute distance
d(X;, X;) = |X; — Xjll2, the cosine distance deos(Xi, X;) =
|

1112 1%5112 >
X; and the difference X; —X;, described by deos(Xi, Xi —
- Xi-(Xi—X))
X j) =1- m The

considered are

and the cosine distance between the initial halo

resulting pairwise features

f(f,,fj) = [55, _X], d(.)-él, 55])’ dcos(fis )-éj)v dcos(-fia)?i _XJ)]

@

These pairwise features are used as inputs to a transformer
block, where the attention mechanism attends to only particles
X; and their k neighbors. Last, we take the average response
across the k neighbors to define the new representation for
each point.

The final latent representation for each point in the point
cloud is the sum of the two previously described operations,
the one that applies the same learnable function to all particles
and the one that leverages the local neighborhood.

To create OMNICOSMOS with OMNILEARNED pretrain-
ing, we start by loading all the pretrained weights of
OMNILEARNED in the new network architecture. When-
ever weights are incompatible due to differences in input

shapes, randomly initialized weights are used. These corre-
spond to only 0.09% of the total model weights. Since the
new layers require more training steps for convergence, we
set the learning rate of the newly initialized layers higher
than the learning rates of pretrained layers. This also has
the effect of properly retaining the strong geometric pri-
ors learned in pretraining while preventing ‘“catastrophic
forgetting.”

The second challenge is to address the new training tasks.
Whereas OMNILEARNED focuses on classification and parti-
cle generation, we are interested in regressing cosmological
parameters and predicting the three-dimensional halo velocity
for each object in the point cloud. While these tasks are
remarkably different in scope, they are similar in output. In the
classification task, we predict class scores for each jet based
on all available classes. For regression, the only modification
needed is to change the output size to match the number of
parameters to predict. For the velocity prediction, we can
repurpose the particle generator network, which originally
assigned an output prediction per particle, to instead predict
the halo velocities. In this case, again, we only need to replace
the last layer with a new one to correct for the difference
in output shape. This layer is newly initialized, and thus the
learning rate assigned is also higher.

The last challenge is to address the difference in the
number of points between the original jet data and the cur-
rent datasets. Since OMNILEARNED does not enforce a fixed
particle multiplicity, no additional modification is required.
However, the tenfold increase in the number of particles re-
stricts the number of transformer blocks that can be used
due to memory requirements. Because of this, we study only
the adaptation of the small OMNILEARNED model, with eight
transformer blocks and a total of around two million trainable
parameters.

The result of the knowledge adaptation between the OM-
NILEARNED model, initially trained on particle collisions, is
the OMNICOSMOS model, used to address multiple tasks in
cosmology.
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FIG. 2. Results for the prediction of different cosmological parameters obtained using the CAMELS-SAM simulations.

III. CoSMOBENCH DATASET

The COSMOBENCH [6] dataset introduces large-scale cos-
mological simulations of dark matter halos and galaxies
using multiple physics simulators, amounting to more than
41 million core hours to produce. In this study, we con-
sider two datasets from COSMOBENCH: the QUUIOTE [74] and
CAMELS-SAM [75] simulation suites. In both datasets, we
are interested in estimating the values of cosmological param-
eters €2, and og, representing the fraction of the total energy
density of the universe made up of matter (including both
dark matter and normal matter) and the amplitude of matter
density fluctuations, respectively. From random initial condi-
tions, the different programs use N-body simulations to evolve
the systems to present time. The CAMELS-SAM simulations
consist of dark-matter-only N-body simulations postprocessed
with a semianalytic galaxy-formation model with a box size
of 100 cMpc/h and dark matter particle mass of ~108M, /A.
The QUUOTE simulations use a box of size 1000 cMpc/h and
consider dark matter particles of masses . Due to the lower
resolution, the QUIJOTE simulations are cheaper to create com-
pared to CAMELS-SAM, where the higher mass resolution
allows it to resolve smaller, highly nonlinear scales, at the ex-
pense of simulating a smaller volume. In both datasets, we use
up to 5000 most massive halos available in the simulations.
We use the official dataset split for each dataset, consisting
of 600/204/196 samples for training, validation, and testing
in the CAMELS-SAM dataset and 19651/6550/6551 for the
QUUOTE simulations.

IV. RESULTS

We evaluate the performance of OMNICOSMOS to regress
cosmological parameters in the CAMELS-SAM simulations
using different amounts of available training samples. We
quantify the performance using the coefficient of determina-

tion R§ for a parameter y determined as

Y i — i)
Y Gi =y’
where the model prediction ¥ is compared against the true
value y with mean value y for each entry i in the test dataset.
We determine the uncertainties on R§ by bootstrapping the
test data 1000 times with replacement, reporting the mean
value as the final prediction and the standard deviation of the
bootstraps as the uncertainty. We directly compare our results
with the ones provided in Ref. [6] without retraining.

Inputs are standardized before the training. We test differ-
ent hyperparameters for both OMNICOSMOS and the model
trained from scratch, i.e., with all trainable weights initialized
from random weights. Since the network parameters are fixed
from the original OMNILEARNED model, we consider different
values of learning rate, batch size, and the multiplicative factor
between the lower learning rate and higher learning rate layers
in the OMNICOSMOS fine-tuning. The settings corresponding
to the best-performing models are reported in the final results.

R =1- 3)

TABLE 1. Comparison between the performance reported for
different algorithms on the CAMELS-SAM dataset. Bold results
represent the algorithm with highest performance.

R2t Q, o3

2PCF 0.73 +£0.03 0.82 +0.02
LLS 0.77 £0.03 0.82 £0.02
GNN 0.75£0.03 0.83£0.02
GNN (w/o edgeMP) 0.72 +£0.03 0.84 +0.02
Scratch 0.83 +£0.02 0.89 + 0.01
OMNICOSMOS 0.88+ 0.01 0.91+0.01
OMNICOSMOS (frozen) 0.89 £ 0.01 0.91+ 0.01
Gaussian pretrain 0.58 + 0.04 0.61+0.03
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To determine the size of the local neighborhood from each
point, we use the value of k = 10. The results for the predic-
tion of both €2,, and og are shown in Table I and Fig. 2 as
a function of the number of examples in the training set. In
addition to the comparison between the model trained from
scratch and OMNICOSMOS, we consider two additional abla-
tion results: one where the transformer layers of the original
OMNILEARNED model are frozen, i.e., are not updated during
the adaptation step, and one where the same architecture is
first pretrained on a synthetic point cloud. The first ablation is
used to study how useful are the learned representations from
the OMNILEARNED model when adapting to new datasets; the
second is to understand how useful is the particle physics
representation used to pretrain the model. The synthetic point
cloud consists of ten equally populated classes, with each
class represented by four independent Gaussian-distributed
features. For class ¢ € {0, ..., 9} and feature f € {0, ..., 3},
the corresponding Gaussian mean and standard deviation are
defined as

4c  f
cr=-25+—+= 4
He,f + 9 + 3 4)
and
c 0.4f
Oc,f = 0.5+ 5 0.8+ T . (5)

Both the feature means and standard deviations increase
monotonically with the class label and result in features
with comparable ranges as the ones used to pretrain the
OMNILEARNED model. As in the original OMNILEARNED
model, pretraining jointly targets two tasks: classifying the
input point clouds and generating them. The synthetic pre-
training dataset contains ten million point clouds, each
composed of 150 points, chosen to match the typical point-
cloud size used to pretrain the OMNILEARNED model. During
the adaptation phase, the transformer blocks of this pretrained
model are also kept frozen to enable the direct comparison
with the OMNILEARNED model. We observe the performance
obtained by both the fine-tuned OMNICOSMOS model and the
model trained from scratch to surpass previous benchmarks
when using the full available training dataset. Interestingly,
with only 100 examples of the available simulations OM-
NICOSMOS is already able to match or improve upon the
performance from previous benchmarks. Moreover, we see
a strong benefit from the fine-tuning strategy as opposed to
training from scratch, where at all dataset sizes, the OMNI-
Cosmos model is able to obtain better predictions of the
parameters, showing promising results even at the very small
dataset size of 100 simulations. We also observe that the full
fine-tuning strategy and the strategy in which the transformer
blocks are frozen yield similar results within uncertainties.
This indicates that the representations learned during pre-
training of the OMNILEARNED model are also useful for
cosmology. This conclusion is further supported by the results
obtained with the Gaussian pretraining sample, which match
the model trained from scratch at small dataset sizes and
improve only slightly as more data are added, since the most
expressive part of the architecture remains frozen.

Next, we evaluate the predictions of the halo velocities
using only the input positions. We employ again the R> met-
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S i
= 0.26
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m024~$ N
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Ll
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Scratch
0.18
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Number of Examples

FIG. 3. Results for the halo velocity prediction using the
CAMELS-SAM simulations.

ric to evaluate the results, but sum over all halos and the
velocity coordinates, resulting in a single metric value per
simulation. The results are shown in Fig. 3. Similarly to
the regression task, we observe good performance from both
OMNICOSMOS and the model trained from scratch, surpassing
previous benchmarks when all available training events are
used. This task also highlights the benefits of using more
complex deep learning models as opposed to simpler sum-
maries, with the GNN benchmark introduced in Ref. [6]
also showing strong performance. The improvements ob-
served from OMNICOSMOS compared to the model trained
from scratch are reduced, although still present at all dataset
sizes. At small dataset sizes, both OMNICOSMOS models with
full fine-tuning or frozen backbones are significantly better
than the model trained from scratch that shows similar per-
formance to the Gaussian pretraining model. This indicates
that at small dataset sizes, the learned representation from
OMNICOSMOS is beneficial to improve the prediction quality,
whereas the Gaussian pretraining does not yield significant
benefits. These results are encouraging and show that mod-
els trained on large collider physics datasets encode relevant
point-cloud structure that can be transferred to other scientific
fields.

Next, we investigate the ability of our model to deter-
mine the same set of cosmological parameters but using the
QUIJOTE simulations. We increase the number of neighbors
considered to k =20, as we observe a small gain in per-
formance using a bigger neighborhood, and scan different
hyperparameter settings for both the models training from
scratch and different pretraining and adaptation strategies. The
results of the best-performing models are shown in Table II
and Fig. 4 for the regression of €2, and og using different
dataset sizes. Given the bigger simulation samples, we can
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FIG. 4. Results for the prediction of different cosmological parameters obtained using the QUIJOTE simulations.

evaluate the model scaling across simulation sizes of different
orders of magnitude. Similarly to the results observed us-
ing the CAMELS-SAM simulation, the performance obtained
by OMNICOSMOS either matches the best-performing bench-
marks or surpasses them. In particular, OMNICOSMOS is able
to match previous benchmarks for o3 using less than 10% of
the available simulations. Interestingly, for €2,,, OMNICOSMOS
matches the prediction from a two-point correlation function
(2PCF), but otherwise greatly improves on the previous deep
learning model (GNN). We again observe the model with
frozen transformer layers performing equally well as the full
fine-tuning OMNICOSMOS, in agreement with the results ob-
tained with the CAMELS-SAM simulations. The fine-tuned
model pretrained on the synthetic dataset, however, performs
significantly worse. In particular, when only 100 examples
are used, the adapted model fails to predict og and instead
returns approximately the average value present in the training
samples, irrespective of the input data. This results in an R>
value close to zero, which is therefore not shown in Fig. 4.

TABLE II. Comparison between the performance reported for
different algorithms on the QUIJOTE dataset. Bold results represent
the algorithm with highest performance.

R2p Q o3

2PCF 0.85+ 0.004 0.84 + 0.004
LLS 0.83 £0.004 0.80 £ 0.004
GNN 0.80 £ 0.004 0.77 £ 0.005
GNN (w/o edgeMP) 0.80 £ 0.004 0.79 £ 0.005
Scratch 0.838 4 0.003 0.868 £ 0.003
OMNICOSMOS 0.849 + 0.003 0.871 £ 0.003
OMNICOSMOS (frozen) 0.844 £ 0.004 0.871 £ 0.003
Gaussian pretrain 0.829 £ 0.004 0.855+ 0.003

This behavior remains consistent across all hyperparameter
scans performed in this work. These results indicate not only
that the synthetic dataset fails to produce useful representa-
tions, but also that it harms generalization, leading to worse
performance than a model initialized with random weights.
Last, we evaluate the velocity prediction using the QUIJOTE
simulations with results shown in Fig. 5. In previous bench-
marks, a simple linear least squares (LLS) model obtained

0.481
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0.44 '
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FIG. 5. Results for the halo velocity prediction using the QUI-
JOTE simulations.
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TABLE III. Comparison between the performance reported for
different algorithms for halo velocity prediction on the CAMELS-
SAM and QUIJOTE datasets. Bold results represent the algorithm
with highest performance.

R*4 CAMELS-SAM QUIIOTE
Linear oracle 0.2372 0.3769
LLS 0.2107 0.4347
GNN 0.2865 0.4100
Scratch 0.298 + 0.004 0.470 £ 0.003
OMNICOSMOS 0.298 + 0.004 0.471 + 0.003
OMNICOSMOS (frozen) 0.295 %+ 0.004 0.471 £+ 0.003
Gaussian pretrain 0.298 &+ 0.004 0.467 £ 0.003

the best predictions for the halo velocities. OMNICOSMOS is
able to further improve on previous results, surpassing the
LLS results using less than 10% of the available dataset.
Moreover, we again observe the benefits from the knowledge
transfer. Compared to the model trained from scratch, OMNI-
CoSMOS is able to show superior performance up to thousands
of simulation samples while converging to the same results
when more data are used. Similarly to the CAMELS-SAM
results, the model pretrained on the synthetic Gaussian dataset
performs more similarly to the model trained from scratch.
In contrast, OMNICOSMOS achieves strong performance with
both full fine-tuning and frozen transformer layers. The results
for the velocity prediction in both datasets studies are listed in
Table II1.

V. CONCLUSION AND OUTLOOK

In this work, we introduced OMNICOSMOS, a machine
learning model that leverages a pretrained network trained
on large particle physics datasets to perform different tasks
in cosmology. We show how the representation learned by
particle interactions can be transferred to a new dataset by
quickly adapting the input representation as well as including
geometrical insight in the model architecture. Even though the
original OMNILEARNED model was trained on point clouds
with one order of magnitude fewer points and for differ-
ent tasks, the OMNICOSMOS model is often able to achieve
superior performance compared to the same model trained
from scratch. We show the benefits of the pretraining strat-
egy by comparing the results obtained with two additional
scenarios: one where the transformer blocks of the model
are kept frozen during adaptation and one where the same
architecture is pretrained on a synthetic Gaussian dataset. We
observe that the model with frozen backbone achieves sim-
ilar performance compared to the full OMNICOSMOS model,
indicating that the learned relationship between points in the
point cloud from collider physics is transferable to cosmology.
This observation is further supported by the results obtained
using the synthetic dataset, which often underperform com-
pared to OMNICOSMOS. We evaluate OMNICOSMOS using
simulations available from COSMOBENCH. In particular, for
computationally expensive simulations of galaxy halos such
as CAMELS-SAM, OMNICOSMOS is able to improve upon
all previous benchmarks using half the available dataset. In

the QUIJOTE simulations, OMNICOSMOS is able to match or
surpass all other benchmarks, often using less than 10% of the
available data. Since large-scale simulations are computation-
ally expensive, the performance observed by OMNICOSMOS
has the potential to greatly reduce the number of simulations
necessary to achieve precision for cosmology.

The adaptation step requires fewer than 0.1% of the orig-
inal model weights to be replaced with randomly initialized
weights. Moreover, while pretraining on collider physics data
requires substantial computational resources, adapting the
OMNILEARNED model is considerably less expensive. For in-
stance, adapting OMNILEARNED to the full CAMELS-SAM
dataset takes approximately 8 GPU hours for each task. Al-
though slower, this remains comparable to the 1-3 GPU hours
reported for the GNN in Ref. [6]. When only 100 simulated
samples are used, adaptation takes approximately 4 GPU
hours while matching or surpassing all baselines for parameter
regression. For the QUIJOTE simulations, adaptation to the
full dataset takes approximately 32 GPU hours, comparable
to the 1-day training time reported in Ref. [6].

Although we observe performance improvements with
hundreds of examples, the differences between the model
trained from scratch and OMNICOSMOS are reduced when
thousands of training examples are available. In this work,
we explore a simple adaptation strategy where the learning
rates of different parts of the model are modified or frozen.
For future work, we plan to investigate alternative strategies
to perform the adaptation step, using other techniques intro-
duced in the machine learning community to adapt foundation
models to specific problems, such as Refs. [76,77].

Finally, beyond the regression of cosmological parameters
and halo velocity prediction, it would be interesting to di-
rectly use the generative capabilities of OMNILEARNED in the
adaptation step of OMNICOSMOS for point-cloud generation,
where the use of a pretrained model can potentially reduce the
number of simulated datasets needed to achieve high-fidelity
generation, resulting in fast and accurate surrogate models for
cosmology.
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