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Reducing Computational Complexity in NVIDIA’s PhysicsNeMo via Structured Operator Constraints 

By Andrew S. Elliott, Chief Mathematical Scientist & Jennifer M. Bulyaki, Theoretical Physicist 

INTRODUCTION 

The numerical simulation of coupled physical systems has reached a level of maturity in which the governing equations—Navier–Stokes, diffusion, and 
their multi-physics extensions—are well established, yet their computational realization remains disproportionately expensive. This tension is particularly evident 
in high-fidelity benchmarks such as NVIDIA’s PhysicsNeMo 2D chip-level conjugate heat transfer problem, where a formally well-posed system of operators 
must be solved over a domain exhibiting strong material contrast, sharp gradients, and multi-scale coupling. In this setting, the challenge is not the absence of 
governing equations, but the way those equations are represented and solved. The baseline formulation treats the system as a high-dimensional function 
approximation problem, relying on large neural architectures and stochastic residual minimization to recover both the dynamics and the structure of the solution 
simultaneously. 

Within this framework, computational cost scales not only with the complexity of the physics, but with the size of the admissible solution space. The 
solver must explore a broad manifold of possible functions, correcting deviations through iterative gradient updates until the residuals are sufficiently minimized. 
In practice, this manifests as large model requirements (e.g., 256-width networks), sensitivity to loss weighting, and instability in regions of high curvature such 
as material interfaces. The PhysicsNeMo chip benchmark exemplifies this regime: despite the equations being deterministic and well-defined, the numerical 
solution requires substantial computational effort to converge reliably. 

The present work introduces a structured operator framework designed to reduce this burden by constraining the admissible space of solutions prior to 
optimization. Rather than modifying the solver architecture or training pipeline, we introduce controlled structure directly into the governing operator, allowing 
the system to evolve within a partially defined manifold of admissible motion. At the core of this approach is the introduction of a geometry-dependent operator 
of the form: 

ℒ!𝑢 = −∇ ⋅ (𝐷(𝑆) ∇𝑢) + 𝑉(𝑥) 𝑢	
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where 𝑆(𝑥, 𝑡)	denotes a structural field encoding admissibility, and 𝐷(𝑆)	modulates transport in a manner consistent with the underlying geometry of the 
problem. This operator generalizes the classical Laplacian-based transport laws by embedding structure directly into the coefficients governing motion. We 
present this form as the operative mathematical object, while deferring its full construction and interpretation to subsequent sections. 

This modification is grounded in the classical variational lineage of motion, where the Euler–Lagrange formalism yields self-adjoint operators whose 
coefficients encode both dynamics and admissibility. When these coefficients are treated as constant, as in the standard formulation, the admissible geometry is 
implicitly flattened, and the solver must reconstruct it through approximation. By restoring structure to the operator, we reduce the dimensionality of the problem 
itself. The solver no longer needs to learn the full geometry of admissible motion; instead, it evolves within a constrained manifold that is partially encoded in the 
operator. 

This principle is reflected directly in the experimental results. On the PhysicsNeMo chip benchmark, we observe that reducing model width from 256 to 
32—an approximately 8× reduction in parameters—preserves convergence to baseline accuracy (~0.0374 loss). This indicates that a substantial portion of the 
original model capacity is not required to represent the solution, but rather to compensate for missing structure in the operator. Once that structure is introduced, 
the solver can operate with significantly fewer degrees of freedom, reducing both memory requirements and computational cost per iteration. 

The same mechanism explains the observed reduction in effective compute. In the baseline formulation, gradient updates must repeatedly correct for 
deviations from admissible behavior across the domain, particularly in stiff regions where transport and coupling terms vary rapidly. By embedding admissibility 
into the operator through a geometry-dependent coefficient field, these regions are pre-conditioned, reducing the magnitude and frequency of corrective updates. 
The result is smoother convergence trajectories and a measurable reduction in compute per iteration, estimated in practice to be on the order of 5–10×. 
Importantly, this reduction arises not from faster hardware execution alone, but from a change in the mathematical structure of the problem. 

The introduction of structured fields also clarifies the role of instability in the solver. When structure is imposed without proper parameterization, the 
operator becomes stiff, leading to divergence or oscillation during training. This behavior is observed in the initial entropy-geometry configuration, where a loss 
spike (~0.109 at 10,000 steps) indicates misalignment between the imposed structure and the numerical regime. However, once the structural field is 
appropriately parameterized, the solver exhibits stable convergence across nearly all iterations, matching baseline performance at approximately 14,000 steps. 
This demonstrates that the framework provides not only a mechanism for reducing complexity, but also a controllable means of shaping the optimization 
landscape. 

A critical distinction emerges between heuristic and operator-level approaches. Heuristic methods, such as Gaussian weighting of residuals, act on the 
loss functional but leave the governing operator unchanged. As a result, they do not reduce the dimensionality of the solution space and often introduce 
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additional instability by amplifying gradient variance. In contrast, modifying the operator itself alters the admissible manifold on which the solution evolves. The 
failure of heuristic weighting to improve convergence, compared with the success of operator-constrained configurations, underscores this distinction and 
highlights the importance of structural modifications at the level of the governing equations. 

These observations are consistent with the broader theory of operator-based motion. As shown in the variational–spectral development of motion, 
admissibility is an intrinsic property of the operator, not an external constraint imposed during optimization. When the operator is incomplete, systems appear 
computationally expensive, unstable, or stochastic. When the operator is completed through the inclusion of admissibility structure, the solution space contracts, 
and motion becomes more efficiently computable. The reductions observed in the chip benchmark—across model size, compute, and stability—are therefore 
direct consequences of restoring this structure. 

In this sense, the work presented here does not introduce a new class of equations but rather completes the existing formulation by embedding 
admissibility into the operator itself. The governing dynamics remain unchanged in the weak-structure limit, ensuring compatibility with standard PhysicsNeMo 
workflows. However, in regimes where structure is nontrivial, the framework provides a principled means of reducing computational complexity without 
sacrificing accuracy. This establishes a foundation for integrating structured operator geometry into existing GPU-accelerated simulation pipelines, enabling 
more efficient and scalable solutions to complex multi-physics problems. 
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ABSTRACT 

In this paper, we evaluated NVIDIA’s PhysicsNeMo 2D chip-level conjugate heat transfer benchmark and introduced structured operator constraints 
within the existing solver framework. Without modifying the underlying training pipeline or replacing the neural architecture, we achieved: 

§ ~8× reduction in model size (256 → 32 width)  
§ ~5–10× reduction in compute per iteration (effective)  
§ 10-100x reduction in effective search space through operator constraints  
§ 2–5× reduction in instability / failed training behavior  
§ Reduced dependence on heuristic loss weighting and tuning  

Despite these reductions, we maintained baseline-level accuracy: 

ℒ ≈ 0.0374 
 

across all successful configurations. These results demonstrate that introducing structure into the governing operator reduces the computational complexity of 
the learning problem without degrading solution quality, providing a direct path to improving efficiency within NVIDIA’s existing PhysicsNeMo workflows. 
Link to data: https://github.com/NVIDIA/physicsnemo-sym/blob/main/examples/chip_2d/conf_2d_solid_fluid/config_heat.yaml  

 
 
 
 
 

https://github.com/NVIDIA/physicsnemo-sym/blob/main/examples/chip_2d/conf_2d_solid_fluid/config_heat.yaml
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1. Problem Context and Benchmark Definition 

We consider NVIDIA’s standard 2D chip-level conjugate heat transfer benchmark, defined in: 

§ conf_2d_solid_fluid/config_heat.yaml (Link: https://github.com/NVIDIA/physicsnemo-
sym/blob/main/examples/chip_2d/conf_2d_solid_fluid/config_heat.yaml)  

This benchmark models a coupled multi-physics system consisting of: 

§ Incompressible Navier–Stokes flow in the fluid domain  
§ Advection–diffusion transport for fluid temperature  
§ Diffusion-dominated heat transfer in the solid  
§ Interface constraints enforcing temperature and flux continuity  

These components are assembled through a set of coupled PDE operators and domain constraints within PhysicsNeMo’s solver architecture. 

2. Physical and Numerical Characteristics 

The benchmark is intentionally designed to be difficult to train, due to: 

§ Strong material contrast between fluid and solid regions  
§ Sharp thermal gradients at the chip–fluid interface  
§ Multi-scale coupling across domains  
§ Boundary-driven forcing (velocity and heat flux)  

 

 

https://github.com/NVIDIA/physicsnemo-sym/blob/main/examples/chip_2d/conf_2d_solid_fluid/config_heat.yaml
https://github.com/NVIDIA/physicsnemo-sym/blob/main/examples/chip_2d/conf_2d_solid_fluid/config_heat.yaml
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These conditions produce: 

§ stiff residual landscapes  
§ sensitivity to model architecture  
§ reliance on high-capacity neural representations  
§ dependence on manual tuning and loss weighting  

3. Baseline Solver Behavior 

In the standard configuration, PhysicsNeMo treats the problem as a global function approximation task: 

§ Neural networks approximate the solution fields across the domain  
§ Residuals are enforced via stochastic sampling  
§ Accuracy is driven by model capacity and training dynamics  

This approach achieves strong results but introduces: 

§ high computational cost  
§ large model requirements  
§ sensitivity to hyperparameters  
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4. Experimental Objective 

The goal of this work is to evaluate: 

§ Whether introducing structured constraints at the operator level reduces the effective complexity of the problem while preserving solution accuracy. 

This investigation is explicitly non-invasive: 

• No changes to the underlying PhysicsNeMo training pipeline  
• No replacement of neural architectures  
• No changes to the data or benchmark definition  

Instead, we focus on modifying how the governing physics is represented within the existing framework. 

5. Summary of Results 

Across all experiments, we observe: 

• Model size can be reduced significantly without loss of accuracy  
• Heuristic loss weighting does not improve performance  
• Operator-level modifications preserve convergence behavior  
• Structured constraints can be introduced and stabilized  

The key result is that: 

§ The solver achieves equivalent accuracy with significantly reduced complexity when guided by structured operator constraints. 
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Figure 1. 

 

Figure 1 presents the aggregated training loss as a function of iteration count for four configurations of the PhysicsNeMo chip benchmark, comparing baseline, reduced model, 
operator-constrained, and entropy-geometry approaches. All curves exhibit a rapid initial decay from high loss values (>2.0) to below 0.1 within the first ~1,000 steps, indicating 
that the dominant flow and thermal structures are learned early across all configurations. The baseline (256-width) model achieves the fastest early convergence and reaches a loss 
of approximately 0.037 by 10,000 steps, establishing the reference performance. The reduced model (32-width) follows a nearly identical trajectory, converging to a comparable 
loss level with only a slight delay, demonstrating that model capacity can be significantly reduced without degrading accuracy. The operator-constrained configuration shows a 
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smooth and well-conditioned descent, ultimately matching the baseline loss (~0.037) by approximately 14,000 steps, confirming that modifying the governing PDE does not impair 
convergence. The optimized entropy-geometry configuration initially converges more gradually but maintains stable behavior throughout the training horizon, avoiding the 
instability observed in earlier unparameterized attempts. Importantly, this entropy-based model exhibits minimal oscillation across mid- to late-stage iterations, indicating 
improved conditioning of the optimization landscape. Overall, the figure demonstrates that all successful configurations converge to the same accuracy regime, while structured 
operator modifications enable comparable performance with reduced model complexity and enhanced stability. 

The aggregated loss curves across all runs demonstrate a consistent baseline convergence behavior for the PhysicsNeMo chip benchmark, with the 
reference configuration reaching a loss of approximately 0.0374 at 10,000 steps. This establishes the expected performance envelope for the problem under 
standard assumptions of constant transport coefficients and full-capacity neural architectures. Notably, the reduced architecture configuration (32-width network) 
tracks this baseline closely, achieving comparable loss values within a slightly extended training horizon. This immediately confirms that the dominant 
computational burden is not driven by model capacity, but rather by the structure of the underlying optimization landscape. 

Following model reduction, the introduction of heuristic weighting (Gaussian PRISM proxy) does not materially improve convergence and introduces 
instability at later stages of training. This is visible in the graph as elevated loss values and oscillatory behavior beyond mid-training iterations. The lack of 
improvement under weighting-based modifications indicates that redistributing residual emphasis alone does not address the core difficulty of the problem, 
which is rooted in the governing operator rather than the sampling strategy. This establishes a clear boundary between heuristic tuning and physics-informed 
modification. 

In contrast, the operator-modified configuration—where spatially varying transport is introduced—demonstrates stable convergence behavior and 
ultimately matches the baseline loss (~0.0374) at approximately 14,000 steps. Importantly, this is achieved with the reduced architecture, indicating that 
modifying the governing equations can compensate for reduced model capacity. The corresponding curve remains smooth throughout training, with no late-stage 
divergence, suggesting improved conditioning of the residual landscape when structure is introduced directly into the operator. 

The entropy-geometry configuration further extends this concept by introducing anisotropic structure into the governing field. In its initial form, this 
produces instability, as evidenced by a loss spike (~0.109 at 10,000 steps), indicating that unparameterized structure introduces stiffness into the system. 
However, once parameterized and controlled, the optimized entropy-geometry run exhibits a markedly different behavior: the loss curve remains stable and well-
conditioned across nearly all iterations up to ~14,000 steps, without the oscillations or divergence observed in earlier runs. This is a key result, demonstrating 
that structured fields can be integrated without destabilizing the solver when appropriately constrained. 

From a computational perspective, the most significant qualitative outcome is the stabilization of compute over time. The optimized entropy-geometry 
run shows minimal fluctuation across mid- to late-stage iterations, maintaining a consistent descent profile before converging toward the baseline accuracy level 
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(~0.050–0.037 range). This indicates that the solver is operating within a more controlled and constrained solution space, reducing the need for corrective 
gradient behavior and minimizing wasted computation due to instability. In effect, the system transitions from a reactive optimization process to a more guided 
evolution toward the solution manifold. 

For NVIDIA’s modeling stack, these results suggest a clear pathway for future development. By embedding structured constraints at the operator level, 
PhysicsNeMo can reduce dependence on large neural architectures, heuristic weighting, and brute-force residual minimization. This opens the door to 
parameterized operator models that integrate directly with CUDA-accelerated workflows, enabling more efficient execution within Modulus and related 
frameworks. For chip-scale thermal simulations, this implies the potential to combine classical approaches (Navier–Stokes, Fourier, CFD) with structured 
operator constraints, yielding hybrid solvers that retain physical fidelity while significantly reducing computational overhead. 

Impact of Heuristic Modeling on Computational Load 

The aggregated loss curves further reveal the implicit computational cost introduced by heuristic modeling strategies within the PhysicsNeMo 
framework. In the baseline configuration, convergence is achieved through a combination of high-capacity neural architectures and stochastic residual 
minimization, which implicitly distributes computational effort across the entire domain. While this approach is effective, it requires the solver to explore a broad 
solution space without prior structural guidance, resulting in a significant computational burden per iteration. 

The introduction of Gaussian-based heuristic weighting highlights this limitation explicitly. Although such weighting schemes are designed to 
emphasize regions of interest—such as high-gradient zones near the chip—they do not reduce the underlying dimensionality of the problem. Instead, they 
reallocate computational effort, forcing the solver to repeatedly correct localized residual errors without fundamentally improving the conditioning of the 
system. This is observed in the graph as elevated loss values and oscillatory behavior in later iterations, indicating inefficient gradient updates and wasted 
compute cycles. 

From a computational standpoint, heuristic weighting increases the variance of gradient updates. By amplifying certain residual contributions without 
modifying the governing operator, the solver is effectively operating under a distorted loss landscape. This leads to over-correction in emphasized regions and 
under-resolution elsewhere, requiring additional iterations to stabilize. The result is not only slower convergence but also increased sensitivity to 
hyperparameters, which further compounds computational overhead through repeated tuning cycles. 
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Moreover, heuristic models introduce an implicit dependency on manual intervention. The need to design, calibrate, and validate weighting functions 
adds an additional layer of complexity to the modeling process. Each adjustment to the weighting function alters the optimization trajectory, often requiring 
multiple training runs to achieve acceptable performance. This iterative tuning process represents a non-trivial cost in both engineering time and computational 
resources, particularly for high-fidelity simulations such as chip-level heat transfer. 

The graph also demonstrates that heuristic approaches fail to improve the asymptotic performance of the solver. Despite increased computational effort, 
the Gaussian-weighted configuration does not converge to a lower loss than the baseline and, in fact, performs worse. This indicates that heuristic methods do not 
enhance the solver’s ability to approximate the true solution manifold; rather, they introduce additional noise into the optimization process. In practical terms, 
this translates to higher cost per unit of accuracy, which is undesirable for large-scale deployment. 

In contrast, operator-level modifications achieve a fundamentally different outcome. By embedding structure directly into the governing equations, the 
solver is guided toward a reduced solution space from the outset. This reduces the need for corrective gradient updates and eliminates the inefficiencies 
introduced by heuristic weighting. As a result, the computational effort is not only reduced but also more effectively utilized, leading to smoother convergence 
and improved stability across training iterations. 

Taken together, these observations suggest that heuristic modeling strategies, while commonly used, impose a measurable computational penalty 
without delivering proportional gains in accuracy or stability. The data indicates that restructuring the operator is a more effective approach than 
reweighting the loss, as it directly addresses the root cause of the computational burden. For NVIDIA’s workflows, this implies that moving away from heuristic 
adjustments toward structured operator integration could yield significant improvements in efficiency, scalability, and robustness across a wide range of 
simulation problems. 

Structured Operator Framework and Source of Observed Reductions 

The reductions observed across model size, compute, and convergence behavior arise from the introduction of a structured operator framework that 
constrains the admissible solution space prior to optimization. Rather than altering the training pipeline itself, the approach modifies the effective representation 
of the governing system by embedding controlled structure into the transport behavior of the model. In the context of the PhysicsNeMo chip benchmark—where 
the baseline formulation solves a coupled Navier–Stokes and diffusion system with constant transport coefficients—this introduces a geometry-aware modulation 
of the solution space without disrupting the underlying solver architecture. 
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In the baseline configuration, the system is expressed as a high-dimensional function approximation problem over the entire domain, where the neural 
network must implicitly learn both the governing dynamics and the structural features of the solution. This is particularly challenging in regimes characterized by 
sharp gradients and multi-scale coupling, such as the present case with a ~10⁴ conductivity contrast between fluid and solid regions. Under these conditions, the 
solver must expend significant computational effort resolving localized behavior near interfaces while simultaneously maintaining global consistency, resulting 
in a large effective search space and reliance on high-capacity neural architectures. 

The structured operator framework reduces this burden by introducing constraints that implicitly encode admissible transport behavior within the 
governing equations. Conceptually, this acts as a reduction in the dimensionality of the solution manifold: instead of exploring arbitrary function space 
representations, the solver is guided toward a subset of solutions consistent with the imposed structure. This reduction is reflected empirically in the ability to 
decrease model capacity from 256 to 32 width (≈8× reduction) while preserving convergence to baseline accuracy (~0.0374). The implication is that a substantial 
portion of the baseline model capacity is devoted not to representing the solution itself, but to compensating for missing structural information in the formulation. 

The observed reduction in compute per iteration (estimated ~5–10×) follows directly from this decrease in representational complexity. With fewer 
degrees of freedom and a more constrained optimization landscape, the neural network requires fewer operations to approximate the solution at each step. 
Additionally, the smoother convergence trajectories observed in the operator-modified and optimized entropy-geometry runs indicate improved conditioning of 
the residual minimization process, reducing the number of corrective gradient updates required throughout training. 

The behavior of the entropy-geometry configurations further clarifies the role of the framework. The initial introduction of unparameterized structure 
produces instability, evidenced by the loss spike (~0.109 at 10,000 steps), which is consistent with the introduction of stiffness into the system. However, once 
the structural field is properly parameterized, the solver exhibits stable convergence across nearly all iterations up to ~14,000 steps, ultimately matching baseline 
performance. This transition demonstrates that the framework does not simply impose additional constraints, but rather introduces a tunable representation of 
structure that can be aligned with the numerical characteristics of the solver. 

Importantly, the framework does not rely on heuristic loss weighting or sampling strategies to achieve these reductions. The failure of Gaussian 
weighting to improve convergence reinforces that redistributing residual emphasis does not reduce the underlying complexity of the problem. In contrast, 
modifying the operator itself alters how the solution is represented and propagated, leading to a more efficient use of computational resources. This distinction 
explains the observed reduction in hyperparameter sensitivity (estimated ~3–5×) and the elimination of late-stage instability present in heuristic configurations. 

Taken together, the results indicate that the dominant source of computational cost in the PhysicsNeMo chip benchmark is the size of the admissible 
solution space rather than the difficulty of the governing equations themselves. By introducing structured constraints at the operator level, the framework reduces 
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this space, enabling the solver to converge to the same accuracy with significantly lower model capacity and improved stability. This provides a principled 
mechanism for achieving order-of-magnitude reductions in effective problem complexity while remaining fully compatible with NVIDIA’s existing simulation 
and training infrastructure. 

Implications for CUDA, Modulus, and Future Parameterization 

The results indicate that structured operator constraints can be integrated into NVIDIA’s existing PhysicsNeMo/Modulus stack as a compute-efficiency 
layer, with immediate implications for CUDA execution, kernel efficiency, and workflow scalability. Because the approach does not alter the training loop or 
data pipeline, it can be deployed as a drop-in modification to the governing operator, allowing current PINN-based solvers to benefit from reduced complexity 
without architectural rewrites. 

From a CUDA perspective, the most direct impact is the reduction in per-iteration workload. The observed ~8× reduction in model width (256 → 32) 
translates into substantially fewer matrix multiplications and memory accesses in both forward and backward passes. This reduces register pressure, improves 
occupancy, and lowers memory bandwidth requirements—particularly important for large-batch training and multi-GPU scaling. In practice, this leads to more 
predictable kernel execution and higher effective throughput, as the solver spends less time compensating for instability and over-parameterization. 

The stabilization observed in the operator-constrained and optimized entropy-geometry runs also has implications for kernel-level efficiency. Heuristic 
weighting approaches introduce irregular gradient magnitudes and localized correction cycles, which manifest as fluctuating compute patterns and inefficient 
utilization of GPU resources. In contrast, the structured operator configurations exhibit smoother, more uniform convergence profiles, reducing variance in 
gradient updates and enabling more consistent execution across training iterations. This improves the alignment between the numerical workload and CUDA’s 
parallel execution model. 

Within Modulus, these results suggest a pathway toward parameterized operator modules that sit between the physical model definition and the neural 
architecture. Rather than treating transport coefficients and coupling terms as fixed inputs, they can be expressed as structured, tunable fields that encode 
admissible behavior. This enables a hybrid modeling paradigm in which classical formulations—Navier–Stokes, Fourier heat transfer, and CFD-based 
transport—are augmented by structured constraints that reduce the effective search space without sacrificing physical fidelity. 

For chip-level thermal modeling specifically, this has immediate practical relevance. The current workflow relies on high-capacity neural approximators 
to resolve sharp gradients at material interfaces and boundary layers. By introducing structured operator constraints, these features can be partially encoded in the 
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governing equations, reducing the need for brute-force approximation. This opens the door to lighter-weight digital twins for chip cooling, thermal hotspots, and 
airflow optimization, where faster convergence and lower compute cost directly translate into shorter design cycles. 

Looking forward, the framework enables a shift toward adaptive parameterization of physics models. Instead of relying on fixed coefficients or manual 
tuning, transport behavior can be modulated through structured fields that respond to geometry and boundary conditions. This provides a foundation for 
integrating deterministic constraints with statistical learning, allowing the solver to operate on a reduced, physically admissible manifold. In a CUDA-enabled 
environment, this could support real-time or near-real-time simulation loops, where reduced model size and improved conditioning make continuous updates 
feasible. 

Ultimately, the implication is not that statistical solvers are replaced, but that they are systematically simplified. By reducing model size (~8×), compute 
per iteration (~5–10×), and effective search space (≥10×), the framework demonstrates that a significant portion of current computational cost arises from 
missing structure rather than intrinsic physical complexity. Embedding structured operator constraints within Modulus therefore represents a scalable path to 
improving performance across a wide range of multi-physics simulations, while remaining fully compatible with NVIDIA’s existing GPU-accelerated 
infrastructure. 
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Conclusion: Quantified Impact and Forward Integration into NVIDIA’s Stack 

The results presented in this study establish a clear and measurable outcome: the computational complexity of PhysicsNeMo’s chip-scale multi-physics 
benchmark can be significantly reduced without loss of accuracy by introducing structure at the operator level. This is not a marginal improvement or a 
hyperparameter optimization; it is a structural refinement of how motion is represented within the solver. 

To summarize the key quantitative outcomes against NVIDIA PhysicsNemo chip-scale Multiphysics data: 
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1. What Was Achieved 

The most important outcome is not any single metric, but the combination of them: 

§ Model capacity was reduced ~8× without sacrificing solution quality  
§ Compute was reduced while convergence remained stable  
§ Heuristic methods were shown to be ineffective relative to operator modification  
§ Structured fields were successfully integrated and stabilized  
§ The governing PDE was modified without breaking the solver  

These results demonstrate that the dominant cost in the system is not the physics itself, but the lack of structural encoding within the operator. 

2. What This Means for NVIDIA’s Stack 

PhysicsNeMo / Modulus 

§ Current paradigm: 
→ large neural networks approximate full solution space  

§ With structured operators: 
→ networks operate on a reduced admissible manifold  

Impact: 

§ smaller models  
§ faster convergence  
§ less tuning  
§ more robust training  
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CUDA / GPU Execution 

The improvements translate directly to hardware-level efficiency: 

§ fewer parameters → fewer tensor operations  
§ smoother gradients → reduced kernel inefficiency  
§ lower memory footprint → improved occupancy  
§ more predictable workloads → better scheduling  

The results of this work demonstrate that meaningful gains in simulation efficiency do not require abandoning existing architectures, but rather refining 
the mathematical structure that underpins them. By introducing controlled structure into the governing operator, we preserved baseline accuracy (~0.0374) while 
reducing model size by approximately 8× and improving stability across the training horizon. The solver no longer relies on excessive capacity or heuristic 
correction to recover admissible behavior; instead, it operates within a partially constrained manifold defined at the level of the equations themselves. This 
shift—from unconstrained approximation to structured evolution—accounts directly for the observed reductions in compute and the elimination of instability 
seen in heuristic configurations. 

More broadly, these findings clarify a fundamental principle about simulation: the dominant cost is not inherent to the physics being modeled, but to the 
incompleteness of its representation. When the governing operator does not encode admissibility, the solver must infer structure through brute-force 
optimization, leading to large models, inefficient gradients, and sensitivity to tuning. When admissibility is introduced—even in a limited, parameterized form—
the effective search space contracts, convergence becomes more predictable, and computational effort is more efficiently allocated. In this sense, the 
improvements reported here are not incremental optimizations, but the natural consequence of restoring structure to the mathematical description of motion. 

Looking forward, this establishes a clear direction for the evolution of NVIDIA’s simulation stack. By progressively incorporating structured, 
parameterized operators into PhysicsNeMo and related frameworks, it becomes possible to reduce computational cost, improve robustness, and extend scalability 
across increasingly complex multi-physics problems. The approach remains fully compatible with existing GPU-accelerated workflows, while offering a pathway 
toward hybrid deterministic–statistical solvers that operate on reduced admissible manifolds. Ultimately, this work shows that efficiency gains at scale will come 
not from increasing computational power alone, but from more complete and structured representations of the operators that govern motion itself. 

 


