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Abstract

Modern scientific computing generates massive simulation data
across physics domains, yet researchers lack general-purpose tools
for efficient analysis. While vision transformers like CLIP and DINO
have revolutionized natural image analysis, no equivalent exists
for physics simulation data. This project trains a custom Vision
Transformer on “The Well” dataset, a 15 TB collection of diverse
physics simulations. Using only 7 million images (compared to
>100 million for CLIP/DINOv2), we trained our physics foundation
model in 22 hours on a single Cerebras CS-3 server. Despite reduced
training scale, our model demonstrates competitive classification
performance while exceeding at physics-specific tasks: temporal
forecasting (R? = 0.33 vs. DINOvs2’s 0.23) and physics clustering
(silhouette score = 0.232 vs. DINOv2’s 0.195). Model weights are
available at https://huggingface.co/JessicaE/physics-vit-standard.
This work demonstrates that efficient, domain-focused foundation
models can achieve better performance in specialized scientific
domains.
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1 Problem and Proposed Solution

Modern scientific computing generates massive physics simulation
data, but researchers lack general-purpose analysis tools. Exist-
ing ML methods require domain-specific solutions, limiting cross-
disciplinary insights [2].
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Figure 1: Simulation Classes Selected from the Well Dataset.

While vision transformers like CLIP [4] and DINOv2 [3] trans-
formed natural image analysis, no foundation model exists for
physics simulations. This project addresses these limitations by
training a Vision Transformer on "The Well" dataset [2], using
~7 million physics simulation images trained over 22 hours on a
Cerebras CS-3 server. We evaluate performance against CLIP and
DINOV?2 across downstream tasks, testing whether domain-specific
training creates effective foundation models for scientific comput-

ing.

1.1 Methods

We processed "The Well" dataset, selecting 2D spatiotemporal sim-
ulations yielding ~7 million PNG images from 11 physics domains
(Fig 1). Images underwent expand-to-square transformation with
gray padding, 224x224 resizing, and trajectory-aware splitting to
prevent data leakage. We also adopted physics-specific color aug-
mentation (70% scientific colormaps, 30% grayscale) to force spatial
pattern learning.

Our ViT-Huge model (1280 dimensions, 32 layers, 16 heads)
trained for 78,372 steps using Adam with cosine decay. We com-
pared against DINOv2 Giant and CLIP Large across: Classification
(logistic regression, accuracy), Temporal Forecasting (ridge re-
gression predicting t+1 from t, R/MSE), and Embedding Quality
(silhouette scoring on visualizations).

2 Results

Table 1 presents the comparative performance of PhySiViT against
established foundation models across three physics evaluation tasks.
While DINOv2 and CLIP achieved marginally higher classification
accuracy (0.99 vs. 0.98), PhySiViT outperformed both models on
physics-domain tasks.
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Table 1: Performance comparison on evaluation tasks.

Model Accuracy (1) | R? (1) | MSE (}) | Silhouette (1)
PhySiViT 0.98 0.33 0.57 0.23
DINO V2 Giant 0.99 0.23 0.62 0.20
CLIP-ViT Large 0.99 0.22 0.63 0.19

Most notably, PhySiViT achieved 43% better temporal forecast-
ing performance (R? = 0.33 vs. DINOv2’s 0.23) and better physics
clustering quality (silhouette score = 0.23). Qualitative analysis
revealed that while DINOv2 and CLIP embeddings showed sim-
ilar patterns from natural image training, PhySiViT embeddings
exhibited distinct physics-informed structure that better separated
physical domains as shown in Figure 2.
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Figure 2: Embedding quality visualization comparing
PhySiViT, DINOv2 Giant, and CLIP-ViT Large.

Our physics-specialized Vision Transformer was trained on 7
million images in 22.83 hours using a single Cerebras [1] CS-3
node, achieving 70X speedup over CPU and 12.5x over GPU sys-
tems. These results demonstrate that despite dramatically reduced
training scale compared to general-purpose models (>100 million
images), domain-specific foundation models can achieve superior
performance.

3 Conclusion & Future Work

PhySiViT demonstrates that domain-specific foundation models
can achieve better performance on specialized scientific tasks while
maintaining competitive general classification capabilities. This
work establishes the viability of efficient, domain-focused founda-
tion models for accelerating scientific discovery.
Several promising directions emerge from this work:
e Hyperparameter tuning: Optimize model architecture and
training parameters specifically for physics domains.
e Improving data transformations: Develop physics-aware
augmentation strategies beyond colormap randomization.
e Comparing with other downstream tasks: Evaluate per-
formance on additional scientific computing applications
(PDE solving, anomaly detection).
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¢ Finetuning DINOv2 and CLIP: Investigate whether physics-
specific finetuning can bridge the performance gap.

¢ Expanding to DINOv3: Compare against newer foundation
model architectures as they become available.

This research opens pathways for developing specialized founda-
tion models across scientific domains, potentially transforming how
machine learning supports computational science and engineering
applications.
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