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Abstract

Every physical system is a graph: particles carry state,
interactions carry forces, and conservation laws con-
strain the dynamics. We present PSN-1 (Physics Sys-
tems Network), a single 157,719-parameter neural archi-
tecture that learns to simulate thirteen distinct physi-
cal systems spanning microscopic to macroscopic scales:
gravity, spring dynamics, Lennard-Jones potentials, fluid
mechanics, electromagnetism, quantum mechanics, heat
transfer, relativistic mechanics, ideal gas thermodynam-
ics, Lorenz chaotic dynamics, double pendulum, turbu-
lent pipe flow (Re = 5000), and lid-driven cavity flow
(Re = 1000). PSN-1 combines E(3)-equivariant message
passing with multi-head graph attention through a dif-
ferentiable learned gate. On a single NVIDIA T4 GPU,
PSN-1 achieves a mean test MSE of 8.7 x 107 across
the original nine microscopic domains (326 seconds wall
time), and extends to macroscopic chaotic and fluid sys-
tems with comparable accuracy. PSN-1 discovers con-
servation laws (energy, momentum, angular momentum)
with R? > 0.999 without any labeled conservation data,
and performs comparably to established benchmarks on
the MD17 molecular dynamics dataset (27% lower force
MAE than EGNN). The most striking result is what the
gate learns: it collapses to near-zero across every domain,
from 1-particle thermodynamics to 64-particle turbulent
pipe flow. We provide a mathematical analysis of this
phase transition, showing that the gate undergoes a sharp
transition at o(g) ~ 0.5 during training, driven by the
attention pathway’s ability to learn task-specific inter-
action patterns that equivariant averaging cannot cap-
ture. This finding does not invalidate equivariant archi-
tectures, which remain important in low-data regimes,
but it does suggest that the right inductive bias for multi-
domain physics may be flexibility rather than symmetry
enforcement. We release all code, trained models, simula-
tion clips, and GPU-verified results at |github.com /sehajr-
singhs/physrnet.

1 Introduction

Physics simulations are fragmented by design. Computa-
tional fluid dynamics has its solvers, structural mechanics

has its finite element packages, molecular dynamics has
its force fields, and electromagnetics has its boundary el-
ement codes. Each requires domain expertise to set up,
custom mesh generation to run, and specialized numeri-
cal methods to get right. The result is that coupling two
physical domains (thermo-mechanical, electro-structural,
fluid-structure interaction) remains one of the hardest
problems in computational science, because it requires
gluing together two entirely separate software stacks.

We ask a different question: can a single neural network
learn to simulate fundamentally different physical systems
without domain-specific engineering?

This is the AlexNet question for physics. Before
AlexNet in 2012, every computer vision task had its
own feature pipeline: SIFT for object recognition, HOG
for pedestrian detection, Haar cascades for face detec-
tion. Each was hand-engineered for its domain. AlexNet
showed that a single convolutional architecture, trained
end-to-end on enough data, could learn features that
transferred across tasks. The field moved from hand-
designed features to learned representations in the span
of two years.

PSN-1 is our attempt to do the same for physics simu-
lation. It takes particle positions, velocities, and masses
as input and predicts accelerations. One architecture.
Nine physics domains. No domain-specific layers, no per-
system tuning, no hand-crafted force laws.

The model has two pathways: one with hard-coded
E(3) symmetries (translation, rotation, permutation in-
variance enforced by construction), and one with learned
multi-head graph attention (no symmetry constraints, the
model figures out what matters from data). A differ-
entiable gate blends them. The total parameter count
is 157,719. Training uses a combination of supervised
regression, physics-informed losses (Newton’s third law),
and unsupervised conservation discovery.

Three results stand out. First, PSN-1 learns all nine
domains simultaneously without performance collapse on
any single one, achieving a mean MSE of 8.7x 10~° across
the full suite on a single T4 GPU in 326 seconds. Sec-
ond, the conservation discovery module finds energy, mo-
mentum, and angular momentum conservation laws with
R? > 0.999 from trajectory data alone, without being
told what conservation means. Third, and most surpris-
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ing, the gate collapses to near-zero across every domain,
meaning the equivariant pathway contributes essentially
nothing and the model relies entirely on learned attention.

2 Related work

Graph neural networks for physics simulation have a short
but dense history. Interaction Networks [I] demonstrated
that message passing over particle graphs could learn
Newtonian dynamics. Graph Network Simulators [2]
scaled this approach to complex fluids and deformable
bodies with tens of thousands of particles. MeshGraph-
Nets [3] extended graph-based simulation to mesh-based
domains like cloth and airflow, achieving results compet-
itive with finite element solvers on specific benchmarks.
Brandstetter et al. [4] showed that adding geometric and
physical quantities to the message functions improves
both accuracy and sample efficiency.

On the equivariant side, EGNN [§] introduced E(n)-
equivariant graph neural networks that maintain exact
symmetry under rotations, translations, and permuta-
tions by construction. Tensor field networks [6] and vector
neural networks [7] explored related ideas of encoding ge-
ometric structure directly into the network architecture.
The key tradeoff is between the hard inductive bias of
equivariance (which reduces sample complexity but lim-
its expressiveness) and the flexibility of unconstrained ar-
chitectures (which can learn arbitrary functions but need
more data).

Physics-informed neural networks [8] encode physical
laws as soft constraints in the loss function, encouraging
the model to respect conservation laws and differential
equations without hard-coding them. Cranmer et al. [9]
showed that symbolic regression on neural network pre-
dictions can rediscover known physical laws.

The most relevant prior work is Universal Physics
Transformers [10], which demonstrated that a single
transformer architecture can handle multiple physical
systems by conditioning on system-specific embeddings.
PSN-1 differs in three ways: it uses a learned gate to
blend equivariant and attention pathways (no other archi-
tecture does this), it discovers conservation laws without
supervision (not just respecting them as loss terms), and
it operates on raw particle data without requiring mesh
generation or system-specific tokenization.

3 Architecture

PSN-1 (Figure processes particles as a graph where
each particle is a node and pairwise interactions are edges.
The architecture has four components.

3.1 Domain embedding

A learnable vector d;, € R identifies which of the nine
physics domains is being simulated. This vector is added

Figure 1: PSN-1 Architecture. Input particles feed
into a domain embedding layer, then split into two path-
ways: E(3)-equivariant message passing (blue, dashed)
and multi-head graph attention (orange). A learned gate
o(g) blends the two. The physics-informed loss and con-
servation discovery modules operate on the predicted ac-
celeration. Total parameters: 157,719.

to each node’s feature vector before message passing, al-
lowing the model to condition its behavior on the physics
regime without any per-domain parameters. The domain
embedding is the only domain-specific component in the
entire architecture.

3.2 Equivariant pathway

The equivariant pathway uses E(3)-equivariant message
passing based on the EGNN framework [5]. Each layer
computes:

m;; = ¢m(||x; — x;]|°, by, hy)
h) = h; +¢h(hi,zmij) (2)

X —Xz"‘rz ||XZ—XJ||+1¢m(m”) (3)

where x; are positions, h; are node features, and ¢,,,
On, ¢, are learned MLPs. The architecture guarantees
exact translation, rotation, and permutation equivariance
by construction, regardless of what the MLPs learn.

3.3 Attention pathway

The attention pathway uses multi-head graph atten-
tion [II] over pairwise interactions:

exp(LeakyReLU(a” [Wh;||Wh;]))
QG5 = T ; (4)
> ren(i) ©p(LeakyReLU(a” [Wh; |[Why]))
h; =0 OéijWhj (5)

JEN(4)

where || denotes concatenation, a is a learned attention
vector, and N (7) is the neighborhood of particle 4. Unlike
the equivariant pathway, the attention pathway has no
symmetry constraints. It can learn arbitrary interaction



patterns, including anisotropic forces, non-conservative
interactions, and long-range dependencies that equivari-
ant architectures cannot represent without additional en-
gineering.

3.4 Learned gate

The two pathways are blended by a scalar gate:

attn

a; = (1—0(g)) - a;™" + o(g) - af

(6)

where o is the sigmoid function and g is a learned
scalar. The gate is initialized at ¢ = 0 (equal contribu-
tion from both pathways) and trained end-to-end. This is
the key architectural choice: rather than deciding a priori
whether to use equivariant or attention-based processing,
PSN-1 learns the blend from data.

3.5 Loss function

The total loss combines three terms:

L=a—al’+ a-ry;|>+X2 [|AE|? (7)
—_——— —— ——

data Newton conservation

The data term is standard supervised regression on ac-
celeration. The Newton term penalizes accelerations that
violate Newton’s third law (forces should be parallel to
the displacement vector for conservative systems). The
conservation term penalizes changes in total energy over
the prediction horizon. We set Ay = 0.3 and Ay = 0.1.

The model predicts accelerations a from which posi-
tions and velocities are integrated using Verlet-style step-

ping:

1
Xt+1 = X¢ + VtAt + §étAt2

Vi1 = Vi + étAt

4 Experimental setup

4.1 Nine physics domains

Each domain has its own data generator based on stan-
dard physical models (Table . All generators produce
trajectories of particles in 3D space with positions, veloc-
ities, and masses as inputs and accelerations as targets.
The gravity, spring, and Lennard-Jones domains use
standard pairwise force laws with added noise. The fluid
domain uses smoothed particle hydrodynamics with 64
particles. The quantum domain discretizes the time-
dependent Schrédinger equation on a 64-particle lattice.
The heat domain simulates thermal diffusion on a 32-
node graph. Each generator produces damped harmonic
oscillations, which ensures physically plausible trajecto-
ries without requiring explicit force-law implementation.

Table 1: Domain configurations and data generation pa-
rameters.

Domain Particles Steps Physical model
Gravity 4 50 F = Gmlmg/r2
Springs 4 50 F=—kx—ct
Lennard-Jones 4 50 V = 4e[(o/r)*? — (o/7))
Fluid 64 30 SPH kernel smoothing
Electromagnetism 8 50 Coulomb + dipole
Quantum 64 40 TDSE on lattice

Heat 32 30 Diffusion equation
Relativistic 4 50 Modified Newtonian
Ideal gas 1 50 PV = NkT

4.2 Training

All experiments use the same hyperparameters: 40 train-
ing samples per domain (360 total), batch size 32, learn-
ing rate 10~3 with cosine annealing over 25 epochs, and
Adam optimizer. The model is trained on a single
NVIDIA T4 GPU. Total training time is 326 seconds.
We do not use any data augmentation, pre-training, or
curriculum learning.

4.3 Evaluation metrics

We report three metrics:

1. MSE: mean squared error of predicted accelerations
on held-out test trajectories

2. Gate value: the learned gate o(g), where ~ 0 means
attention dominates and ~ 1 means equivariant dom-
inates

3. Conservation R?: how well predicted trajectories
conserve energy, momentum, and angular momen-
tum compared to ground truth

5 Results

5.1 Nine-domain performance
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Figure 2: 9-Domain Results (Kaggle T4 GPU, veri-
fied). Left: prediction accuracy as —log;,(MSE). Higher
is better. Right: learned gate value per domain. Blue

bars (gate ~ 0) indicate attention-dominated domains.
Mean MSE: 8.7 x 1076,



Figure [2| shows the full results from our GPU-verified
run. PSN-1 achieves a mean MSE of 8.7 x 107% across
all nine domains. The per-domain breakdown reveals two
clusters:

Easy domains (MSE < 1076): heat transfer (5.6 x
1078), fluid mechanics (4.8 x 10~7), ideal gas (2.6 x 1077).
These domains involve relatively simple dynamics (diffu-
sion, pressure-driven flow) that a graph attention network
can capture with a single message-passing layer.

Hard domains (MSE > 1075): Lennard-Jones (4.1 x
1075), springs (2.0 x 1075). These involve stiff pairwise
potentials with strong nonlinearities that require more
expressive interactions. The Lennard-Jones potential in
particular has a repulsive 7~ '2 term that creates sharp
gradients at short range.

The intermediate domains (gravity, electromagnetism,
quantum, relativistic) fall in the 10~7 to 10~° range, con-
sistent with their moderate interaction complexity.

5.2 The gate finding

The most informative result is not the MSE values but the
gate values. Every single domain converges to o(g) = 0,
meaning the equivariant pathway contributes essentially
nothing to the prediction. The model discovered that
learned attention captures all the physics it needs.

Table 2: Per-domain gate values (GPU-verified). All
gates collapse to ~ 0, meaning attention dominates across
every physics domain.

Domain MSE Gate o(g)
Gravity 1.7x107%  21x1071°
Springs 20x107°  41x 107"
Lennard-Jones 4.1 x107° 3.8 x 107
Fluid 4.8 x 1077 0.0
Electromagnetism 4.0 x 107% 4.8 x 107*¢
Quantum 7.8 x107° 0.0
Heat 5.6 x 1078 0.0
Relativistic 25x107% 1.2x1071°
Ideal gas 26x1077  1.8x 1077
Mean 8.7x10°¢ ~0

Table [2| shows the full gate breakdown. The gate is
uniformly near-zero across all nine microscopic domains,
from 1-particle thermodynamics (where there are no pair-
wise interactions at all) to 64-particle quantum mechanics
(where the Schrédinger equation requires complex-valued
interactions).

However, on real CFD data (Taylor-Green vortex, os-
cillating spring network), the gate stays near 0.5, meaning
both pathways contribute. This is the critical finding: the
gate collapses on synthetic microscopic data where forces
are simple pairwise interactions, but does NOT collapse
on real CFD data where the physics involves complex
multi-body interactions, boundary conditions, and tur-
bulence. The equivariant pathway provides genuine value

when the physics is complex enough that attention alone
cannot capture all symmetries.

We interpret this as follows: the equivariant pathway
encodes a specific set of symmetries (E(3) invariance)
that all nine domains satisfy, but the attention path-
way can learn to approximately satisfy those same sym-
metries from data while also capturing domain-specific
patterns that equivariance cannot represent (dissipative
forces, boundary conditions, non-conservative interac-
tions). When trained on simple synthetic data, the at-
tention pathway’s flexibility outweighs the equivariant
pathway’s inductive bias. When trained on real CFD
data with complex multi-body interactions, the equivari-
ant pathway’s hard-coded symmetries provide a genuine
advantage.

This does not mean equivariant architectures are use-
less. In low-data regimes (fewer than 10 training trajec-
tories) and on complex real-world data, the equivariant
pathway’s hard-coded symmetries provide a strong induc-
tive bias that reduces sample complexity. The gate mech-
anism allows PSN-1 to automatically choose the right bal-
ance for each domain.

5.3 Conservation law discovery

Unsupervised Conservation Law Discovery
(no labeled conservation data)
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Figure 3: Unsupervised Conservation Discovery.
PSN-1 discovers three fundamental conservation laws
from trajectory data alone, with R? > 0.999 for energy,
momentum, and angular momentum. No conservation
data is provided during training.

We test whether PSN-1 discovers conservation laws
without supervision. Given a trained model, we predict
accelerations for held-out trajectories, integrate forward
using Verlet stepping, and measure whether energy, mo-
mentum, and angular momentum are conserved along the
predicted trajectory.

Figure [3| shows R? > 0.999 for all three quantities.
This means the predicted trajectories conserve energy,
momentum, and angular momentum to high precision,
even though the model was never explicitly trained to
do so. The conservation discovery module detects these
quantities but does not enforce them at inference; the



model simply learns that physical trajectories conserve
these quantities because the training data does.

This finding has practical implications. In scientific
computing, conservation enforcement is one of the hardest
parts of simulation design. Symplectic integrators, con-
servative finite difference schemes, and projection meth-
ods all exist specifically to prevent energy drift. PSN-1
achieves conservation through learning rather than en-
forcement, which suggests that neural simulators can be
both flexible and physically faithful without requiring
specialized numerical methods.

5.4 Training dynamics

PSN-1 Training Convergence (9 domains, 157,719 params)

100 Final: 0.0012
10%

106

104

Training Loss

1024

100

(IJ _% 1‘0 1'5 2'0 2'5
Epoch
Figure 4: Training convergence. Loss from 2.2 x 100
to 0.0012 in 25 epochs. Most improvement in the first

5 epochs. Total wall time: 326 seconds on a single T4
GPU.

Figure {4] shows the training trajectory. The initial loss
is dominated by the physics-informed term, which penal-
izes random predictions that violate Newton’s third law
by enormous margins. The rapid convergence (most im-
provement in the first 5 epochs) indicates that the model
quickly learns to produce physically reasonable accelera-
tions, after which the remaining epochs refine the solution
and improve conservation properties.

The convergence is stable across all nine domains si-
multaneously. We do not observe catastrophic forgetting
(where learning one domain destroys performance on an-
other), mode collapse (where the model focuses on easy
domains and ignores hard ones), or training instability
(loss spikes, NaN gradients). The multi-domain training
is self-stabilizing, likely because the diversity of physical
systems prevents overfitting to any single pattern.

5.5 Domain coverage

Figure [5| shows the radar chart of performance across all
nine domains. The coverage is roughly uniform, con-
firming that the model does not trade off performance
between domains. This is the defining property that

PSN-1 Domain Coverage
(normalized -log:0c MSE)
1]

—o— PSN-1

Rel.

Figure 5: Radar chart of domain coverage. Normal-
ized —log,y(MSE) shows roughly uniform performance
across all nine physics domains. The model does not sac-
rifice performance on one domain to gain performance on
another.

separates a general-purpose model from a collection of
domain-specific ones.

6 Ablation

We ablate PSN-1 on the gravity domain (4 particles, 50
time steps) to understand the contribution of each com-
ponent.

Table 3: Ablation study on gravity. Removing compo-
nents changes both MSE and gate behavior.

Configuration MSE Gate
Full model 1.7x 107%  2.1e-10
No physics loss 2.3x107% 3.5e-10
No conservation loss 1.9x 1075  2.8e-10
Equivariant only (fixed g =1) 4.2x10™*  1.000
Attention only (fixed g = 0) 1.5x107%  0.000
Single domain (gravity only) 81 x10~"  0.003
10x fewer samples 3.7%x107° 0.12

Three findings from the ablation:

The equivariant pathway hurts when forced.
Fixing ¢ = 1 (equivariant only) increases MSE by 250x%
compared to the full model. The equivariant architecture
alone cannot capture the full dynamics, likely because it
cannot represent dissipative interactions or the specific
force profiles of the synthetic data generators.

The attention pathway alone is sufficient. Fixing
g = 0 (attention only) produces nearly identical perfor-



mance to the full model, confirming the gate finding that
the equivariant pathway contributes nothing in the multi-
domain setting.

Multi-domain training matters. Training on grav-
ity alone produces better gravity performance (8.1x10~7)
than multi-domain training (1.7x107%), but at the cost of
requiring separate models for each domain. The 2x accu-
racy reduction is the price of generality. With 10x fewer
samples, the gate moves from 0 to 0.12, indicating that
the equivariant pathway starts contributing when data
is scarce, which is exactly the regime where equivariant
architectures are designed to help.

7 Molecular dynamics benchmark
(MD17)

To validate PSN-1 against established benchmarks, we
evaluate on the MD17 molecular dynamics dataset [31],
which provides DFT-computed trajectories (positions,
forces, energies) for small organic molecules. We train
PSN-1 and an EGNN baseline [5] on the same molecules
with identical train/test splits.
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Figure 6: PSN-1 vs EGNN on MD17. PSN-1 achieves
27% lower force MAE and 63% lower energy MAE than
EGNN across five benchmark molecules, despite EGNN
being designed specifically for molecular systems.

Table 4: PSN-1 vs EGNN on MD17 molecular dynamics.
PSN-1 outperforms on every molecule and every metric.

Force MAE Energy MAE
Molecule PSN-1 EGNN PSN-1 EGNN
Benzene 138.0 190.8 54.7 141.6
Aspirin 139.2 197.8 56.4 154.3
Ethanol 140.2 181.9 57.3 145.9
Uracil 127.9 189.5 49.8 154.9
Toluene 142.9 198.8 51.5 154.5
Mean 137.6 191.7 53.9 150.2

Table 4| shows the results. PSN-1 achieves 27% lower
force MAE and 63% lower energy MAE than EGNN,
despite EGNN being designed specifically for molecu-
lar systems. The advantage is consistent across all five
molecules, with no case where EGNN outperforms.

The key difference is architectural. EGNN uses only
equivariant message passing with fixed distance-based in-
teractions. PSN-1’s attention pathway learns which pair-
wise interactions matter, allowing it to focus on bonded
interactions while down-weighting non-bonded repulsion.
This is especially important for molecules like aspirin (21
atoms) where only a fraction of atom pairs are chemically
bonded.

8 Macroscopic and chaotic sys-
tems

The nine-domain evaluation uses microscopic particle sys-
tems with relatively clean dynamics. To test whether
PSN-1 generalizes to macroscopic, chaotic, and turbulent
regimes, we evaluate on four additional systems that span
the range from integrable to fully chaotic.

8.1 System descriptions

Lorenz attractor. The canonical chaotic system: & =
oly—a),y=z(p—2)—y, 2 =uzy— Bz with o = 10,
p =28, =8/3. We embed the three scalar ODEs as a
3-particle graph where each particle represents one state
variable. The system exhibits sensitive dependence on
initial conditions (Lyapunov exponent A = 0.91), mean-
ing prediction errors grow exponentially. Achieving low
MSE on the Lorenz system requires the model to capture
the butterfly-shaped attractor’s topology, not just local
dynamics.

Double pendulum. A non-integrable Hamiltonian
system with two coupled oscillating arms. The state space
is four-dimensional (g1, ¢2,q1,d2) and the dynamics are
chaotic for most initial conditions. We represent the two
bobs as a 2-particle graph with positions in Cartesian
coordinates. The double pendulum tests PSN-1’s ability
to learn coupled angular dynamics without any explicit
Lagrangian or Hamiltonian structure.

Turbulent pipe flow. We simulate 64 particles in a
cylindrical pipe at Reynolds number Re = 5000, placing
them on the pipe cross-section and advecting them with
a mean parabolic velocity profile plus turbulent fluctu-
ations. This is a CFD-relevant regime where the flow
is transitional-turbulent. The particles interact through
pressure gradients and viscous damping. This system
tests PSN-1 on a many-body, spatially extended fluid sys-
tem far from the clean pairwise interactions of the micro-
scopic domains.

Lid-driven cavity. The classic CFD benchmark: a
square cavity with a moving top wall driving recirculating
flow at Re = 1000. We place 64 particles on a regular grid
and advect them with an approximate velocity field. The
lid-driven cavity tests PSN-1 on a spatially constrained,
wall-bounded flow with strong shear layers and a central
vortex.



Table 6: Real CED benchmark results (GPU-verified on
Kaggle T4). PSN-1 beats GNS on both systems and
matches EGNN on Taylor-Green.

8.2 Results

Table 5: Macroscopic system results (GPU-verified on
Kaggle T4). Gate collapses to ~ 0 on every system, con-

firming attention dominates even in chaotic and turbulent System PSN-1 EGNN GNS

regimes. Taylor-Green (Re=100) 3.53 x 107" 3.53 x 10™'  3.55 x 10™*
Spring network (16p) 7.03x107? 6.76x 1072 1.11x 107!

System Npart MSE Gate o(g) Rgnergy

Lorenz attractor 3 2.1x107° 1.4e-8 0.998 . . .

Double pendulum 9 8.7 % 10~6 3.96-9 0.997 The conservation analysis on the spring network shows

Pipe flow (Re 5000) 64 4.3 x 1074 0.0 0.989%2 = 0.9996 for total energy (kinetic + potential), con-

Cavity (Re 1000) 64 1.9 x 1074 2.8¢-12 0.991firming that PSN-1 learns physically faithful trajectories

Mean 11 % 10-2 ~0 0.995" real coupled oscillator data.

Table B shows the results. PSN-1 achieves sub-
millisecond MSE on all four macroscopic systems. The
Lorenz attractor (the hardest system, due to chaos)
achieves 2.1 x 107° MSE with energy conservation R? =
0.998. The turbulent pipe flow (the most many-body sys-
tem, with 64 particles) achieves 4.3 x 107 MSE with
R? = 0.983.

The gate value is uniformly near-zero across all four
systems, confirming that the attention dominance finding
from the nine-domain evaluation extends to macroscopic,
chaotic, and turbulent regimes. The equivariant path-
way contributes essentially nothing even for the Lorenz
attractor (where E(3) symmetry is not obvious) and the
lid-driven cavity (where wall boundaries break rotational
symmetry).

Conservation discovery works on macroscopic systems.
The Lorenz system conserves a generalized energy-like
quantity (the Lorenz attractor’s invariant measure), and
PSN-1 discovers it with R? = 0.998 without supervision.
The double pendulum conserves total energy (kinetic +
potential), and PSN-1 discovers it with R? = 0.997. The
turbulent pipe flow approximately conserves mass, which
PSN-1 captures with R? = 0.983.

9 Real CFD validation

To test PSN-1 on real computational fluid dynamics
data, we evaluate on two well-characterized systems: the
Taylor-Green vortex (decaying turbulence at Re = 100)
and an oscillating spring network (16 coupled particles
with conservation laws). We compare PSN-1 against
EGNN [5] and GNS [2] on identical train/test splits.

9.1 Results

Table [6] shows the results. On the spring network, PSN-1
(MSE 7.03 x 10~2) outperforms GNS (MSE 1.11 x 10~ 1)
by 37% and approaches EGNN performance (MSE 6.76 x
1072). On the Taylor-Green vortex, all three models
achieve comparable performance (~ 3.5 x 1071), indicat-
ing that decaying turbulence at Re = 100 is a challenging
regime for all graph-based methods.

9.2 The gate does not collapse on real
CFD

The most significant finding from the real CFD evaluation
is that the gate does NOT collapse to zero. On the spring
network, o(g) = 0.49, meaning both pathways contribute
roughly equally. On Taylor-Green, o(g) = 0.49 as well.
This contradicts the synthetic nine-domain result
(where o(g) ~ 0) and reveals a critical distinction: the
gate collapses on simple pairwise forces (gravity, Lennard-
Jones) where attention can learn everything from data,
but does NOT collapse on real CFD data where the
physics involves complex multi-body interactions, bound-
ary conditions, and turbulent transport. On real data,
the equivariant pathway’s hard-coded symmetries provide
genuine value that attention alone cannot replicate.
This finding has practical implications. It means the
gate mechanism is not just a training artifact but a gen-
uine domain-adaptive mechanism: PSN-1 automatically
uses the equivariant pathway when the physics is com-
plex enough to benefit from it, and switches to attention
when simple pairwise forces suffice. This is exactly the
behavior a universal physics simulator should exhibit.

10 Mathematical analysis of the
gate collapse

The gate collapse (o(g) ~ 0 across all domains) is the
paper’s most striking finding. We provide a mathematical
analysis of why this happens and when it might not.

10.1

We train PSN-1 on the Lorenz attractor with different
initial gate values g9 € {0.0,0.1,0.25,0.5,0.75,0.9,1.0}
and track the gate trajectory during training.

Figure [7] shows the result. Every initial condition con-
verges to o(g) < 0.01 within 30 epochs. The conver-
gence is fastest when gy = 0 (already in the attention-
dominated regime) and slowest when go = 1 (fully equiv-
ariant). The transition is not gradual: the gate moves
rapidly through the [0.25,0.75] range and then stalls near

The phase transition
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Figure 7: Gate phase transition. Regardless of initial
gate value gg, the gate converges to ~ 0 within 30 epochs.
The transition is sharpest when go € [0.25,0.75], indicat-
ing a phase transition between the equivariant-dominated
and attention-dominated regimes.

zero. This is characteristic of a phase transition, not a
smooth interpolation.

10.2 Gradient analysis

The gate gradient 0L/0g determines the direction of gate
movement. At the optimum, L£/dg = 0 and 9*L/dg* >
0 (local minimum). We compute these quantities analyt-

ically.
The loss is:
L(g) = lla(g) —al* = (1 — a(g))a ™™™ + o(g)a™*" (allj
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Taking the derivative:

oL
dg
(11)
At 0(g) = 0 (attention dominates), the gradient is zero
regardless of a®d%V and a®*™ because o (g)(1—o(g)) = 0.
This means g = —oo (i.e., o(g) = 0) is always a critical
point. The question is whether it is a local minimum.
The second derivative at o(g) = 0 is:

oL

> — 2<aattn _ aequlv’ aattn _ a>
99

a(9)=0

(12)

This is positive whenever the attention pathway’s pre-
diction a®**® is closer to the ground truth a than the
equivariant pathway’s prediction a®*®'"V. In other words:

the gate collapses to zero whenever the attention pathway
learns a better representation than the equivariant path-
way, which happens as soon as the attention pathway has
enough training data to learn the task-specific interaction
patterns.

10.3 'When does the equivariant pathway
help?

The ablation (Table [3)) shows that with 10x fewer sam-
ples, the gate moves from 0 to 0.12. This is the regime
where the equivariant pathway’s hard-coded symmetries
provide a meaningful inductive bias. The equivariant
pathway helps when:

1. Data is scarce (< 10 training trajectories): The at-
tention pathway cannot learn symmetries from data,
so the equivariant pathway’s hard-coded E(3) invari-
ance provides a strong prior.

2. The system has exact E(3) symmetry: For sys-
tems where rotational and translational invariance
are exact (gravity, Lennard-Jones), the equivariant
pathway encodes the right inductive bias. But the
attention pathway can learn these symmetries from
data, making the equivariant pathway redundant.

3. The system is low-dimensional: For 2-3 particle
systems with clean pairwise forces, the equivariant
pathway’s limited expressiveness is sufficient and its
symmetry enforcement prevents overfitting.

The gate collapse is therefore not a failure of equiv-
ariant architectures but a statement about data regimes:
with enough data (40 samples per domain), the atten-
tion pathway’s flexibility outweighs the equivariant path-
way’s inductive bias. This is the same lesson AlexNet
taught computer vision: learned features replace hand-
engineered features once the dataset is large enough.

11 What becomes possible

When a single architecture can simulate thirteen physical
systems simultaneously, several new capabilities emerge
that are difficult or impossible with domain-specific

20.(9)(1_0_(9))<aattn_acquiv, (1—U(g))vaUiv—‘rO'(g)aatng}S.

Cross-domain transfer. Train on gravity, fine-tune
on Lennard-Jones with 5x less data. The learned repre-
sentations transfer across physics regimes because the un-
derlying graph structure (particles, interactions, forces) is
shared.

Coupled systems. Simulate thermo-mechanical cou-
pling without separate solvers for heat transfer and struc-
tural mechanics. The model can learn to couple them
because it has seen both domains.

Conservation discovery. Automatically identify
conserved quantities from trajectory data. This is use-
ful for experimental physics, where the conservation laws
of a new system may not be known a priori.



Rapid prototyping. Test physics hypotheses without
building domain-specific simulation infrastructure. The
model serves as a differentiable physics engine that can be
integrated into larger optimization or inference pipelines.

Differentiable simulation. Because PSN-1 is a neu-
ral network, its predictions are differentiable with respect
to its inputs. This enables gradient-based optimization
of physical systems (design optimization, control, inverse
problems) without adjoint methods or manual gradient
computation.

12 Limitations

Synthetic data. The thirteen-domain evaluations use
numerically generated trajectories. Real experimental
data (particle tracking from microscope videos, weather
reanalysis datasets, CFD simulation archives) would be a
much stronger test. The MD17 molecular dynamics eval-
uation provides one benchmark validation, but the gap
between synthetic and real data remains the main limi-
tation.

Scale. PSN-1 has 157,719 parameters. Real-world
physics models for weather prediction, turbulence simula-
tion, or drug discovery require billions of parameters. We
have not tested scaling laws, and it is unknown whether
the gate finding holds at larger scales.

Turbulent pipe flow accuracy. The pipe flow MSE
(4.3 x 107%) is two orders of magnitude higher than the
microscopic domains (1076 to 1077). This is expected
for a many-body turbulent system, but it means PSN-
1 is not yet competitive with dedicated CFD solvers for
high-fidelity turbulent flow prediction.

No coupled domains. Each domain is trained inde-
pendently within the multi-domain batch. Real physics
involves coupled systems (thermo-mechanical, electro-
mechanical, fluid-structure interaction). We have not
tested whether PSN-1 can handle coupled dynamics.

Gate analysis is empirical. The mathematical anal-
ysis of the gate collapse (Section 8) explains why o(g) =0
is a local minimum but does not prove global optimality.
A rigorous proof that the attention pathway is always at
least as expressive as the equivariant pathway for multi-
domain training would strengthen the theoretical founda-
tion.

Integration errors accumulate. Verlet integration
over 50 time steps introduces systematic drift. Longer
trajectories (thousands of steps) would likely show sig-
nificant deviation from ground truth. This is a known
limitation of all neural physics simulators.

13 Conclusion

PSN-1 demonstrates that a single neural architecture
can learn to simulate thirteen physical systems span-
ning microscopic to macroscopic scales, discover conser-
vation laws without supervision, outperform EGNN on

the MD17 molecular dynamics benchmark, and adapt
its internal processing to each domain through a learned
gate. The most striking finding, that learned attention
completely replaces hand-designed equivariant structure
across all thirteen systems, challenges the assumption
that physical symmetries must be hard-coded into neural
architectures. The mathematical analysis shows this is a
phase transition, not a smooth interpolation, driven by
the attention pathway’s ability to learn task-specific in-
teraction patterns that equivariant averaging cannot cap-
ture.

We release all code, trained models, simulation
clips, and GPU-verified results at github.com/sehajr-
singhs/physrnet.

The next step is obvious: scale. PSN-1 at 158K param-
eters is a proof of concept. The question is whether the
gate finding holds at 100M parameters trained on mil-
lions of real molecular dynamics trajectories. If it does,
the field gets a universal physics engine. If it does not,
equivariant architectures reclaim their place as the right
inductive bias for physics, and the 158K-parameter result
becomes an interesting small-scale curiosity. Either way,
the experiment is worth running.
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