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Abstract

Efficient thermal management is a major bottleneck in scaling high-performance
computing (HPC) systems, where cooling accounts for a substantial share of total
energy use. Liquid-cooled cold plates are increasingly adopted in data centers and
power electronics, yet their design optimization remains costly due to computa-
tionally burdensome computational fluid dynamics (CFD) simulations and high-
dimensional geometric spaces. We introduce a physics-informed neural network
(PINN) framework for rapid thermal analysis and design exploration of parameter-
ized cold plates. Our approach jointly solves the incompressible Navier–Stokes and
conjugate heat transfer equations, leveraging a two-stage curriculum that first stabi-
lizes liquid flow field learning before introducing thermal coupling. Once trained,
the model produces physically consistent predictions and orders-of-magnitude
faster inference than conventional CFD solvers. We demonstrate the framework
across multiple cold plate topologies, capturing design-dependent flow patterns
and thermal gradients that inform geometry–performance trade-offs. These results
establish PINNs as a promising surrogate modeling tool for accelerating liquid-
cooling design workflows, with implications for reducing the energy and carbon
footprint of HPC infrastructure.

1 Introduction

The growing scale and power density of high-performance computing (HPC) and data centers
have made thermal management a first-order design constraint Naug et al. [2024, 2025], Zuo et al.
[2021], Guillen-Perez et al. [2025], Sarkar et al. [2023b,a, 2024b,a, 2025]. Cooling can consume
24–60% of total data center power usage, significantly contributing to operational costs and carbon
footprint Salim and Tozer [2010]. Liquid-cooled cold plates are becoming increasingly common due
to their ability to handle high heat fluxes, outperforming conventional air cooling Xu et al. [2023].
However, the design of cold plates is inherently complex: performance depends on the coupled fluid
flow and heat transfer behavior inside geometrically intricate channels, as well as tight constraints on
manufacturing and deployment Yuan et al. [2024], Wu [2023].

Traditionally, design evaluation relies on computational fluid dynamics (CFD) simulations, which
accurately resolve coupled fluid and heat transfer behavior but incur high computational cost, espe-
cially in three-dimensional conjugate heat transfer settings Zhong et al. [2025], Song et al. [2024].
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This cost hinders rapid iteration and large-scale design space exploration, slowing the deployment of
advanced cooling technologies Zhong et al. [2025], Song et al. [2024]. Surrogate models based on
machine learning offer a potential remedy, but black-box regression approaches often lack physical
consistency and fail to generalize Karniadakis et al. [2021], Cam et al. [2024].

Physics-informed neural networks (PINNs)Raissi et al. [2019] offer a mesh-free alternative for
solving coupled fluid flow and heat transfer PDEs, enabling fast parameter sweeps and integration into
optimization workflows. Unlike regression-based surrogates, which often lack physical consistency
and struggle to generalize, PINNs embed governing equations directly into the learning process,
ensuring solutions remain faithful to underlying physics. Despite this promise, applying PINNs
to realistic 3D conjugate heat transfer geometries remains challenging due to complex boundary
conditions, numerical stiffness, and training cost Sharma et al. [2023].

In this work, we present:
1. Parameterized geometry construction: a modular tool to rapidly generate and vary cold

plate layouts, supporting systematic exploration of design alternatives.
2. Coupled PINN formulation: a unified model that solves incompressible Navier–Stokes

and advection–diffusion equations for conjugate heat transfer, implemented in NVIDIA
PhysicsNeMo PhysicsNeMo Contributors [2023].

3. Curriculum training strategy: a staged learning procedure that first stabilizes flow predic-
tion before incorporating thermal boundary conditions, improving training robustness.

4. Design-space demonstration: evaluation across multiple cold plate topologies, capturing
design-dependent flow and thermal trends, and highlighting the potential of PINNs as
surrogates for accelerated cooling system design.

2 Methodology
2.1 Parameterized Cold Plate Geometry

We construct a 3D parallel-channel cold plate using a constructive solid geometry (CSG) approach
with symbolic parameterization of key features. The solid domain comprises an aluminum base plate
with top and bottom shells, while the fluid domain includes inlet/outlet manifolds, ports, and interior
channels (Fig. 1). Design variables such as channel width and length, manifold lengths, and overall
plate length allow systematic variation of geometric proportions for design-space exploration and
performance trade-off studies. The baseline geometry is adapted from Wu [2023].

Figure 1: Parameterized parallel-channel cold plate geometry.

2.2 Governing Equations

The coupled steady-state incompressible Navier–Stokes and conjugate heat transfer equations govern
fluid flow and thermal transport within the cold plate.

Fluid flow (Navier–Stokes):

∇ · u = 0, (1)

ρ(u · ∇)u = −∇p+ µ∇2u, (2)

where u = (u, v, w) is velocity, p is pressure, ρ density, and µ dynamic viscosity.

Heat transfer: In the fluid, temperature evolves by advection–diffusion,

ρcp(u · ∇Tf ) = kf∇2Tf , (3)
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while in the solid region conduction dominates,

ks∇2Ts = 0, (4)

where Tf and Ts denote fluid and solid temperatures, cp is specific heat, and kf , ks thermal conduc-
tivities.

Interface conditions: At the solid–fluid interface Γsf ,

Tf = Ts, (5)

kf
∂Tf

∂n
= ks

∂Ts

∂n
, (6)

ensuring temperature continuity and conservation of normal heat flux.

2.3 Nondimensionalization

Conjugate heat transfer involves large thermal property contrasts (e.g., ks≈237 W/m·K for aluminum
vs. kf ≈0.6 W/m·K for water), which cause ill-conditioning when training directly on dimensional
PDEs. We therefore solve in nondimensional form using characteristic scales: plate length L∗,
velocity U∗, and reference conductivity k∗ (fluid conductivity). Temperature is defined as

θ =
T − Tref

∆T ∗ , (7)

with ∆T ∗ a representative inlet–outlet difference. Diffusivities and heat fluxes are scaled by α∗ =
k∗/(ρ∗c∗p) and q∗ = k∗∆T ∗/L∗, yielding order-unity coefficients and balanced residuals during
training.

2.4 PINN Formulation

The coupled system is solved using PINNs. The networks take spatial coordinates (x, y, z) within
the cold plate geometry as input and predict the corresponding physical fields. Separate Fourier
neural networks Tancik et al. [2020] are used for (i) velocity–pressure and (ii) fluid/solid temperature
prediction. The total loss function combines:

1. PDE residuals for Navier–Stokes, advection–diffusion, and conduction equations,
2. boundary losses enforcing Dirichlet and Neumann conditions,
3. interface losses enforcing temperature and flux continuity, and
4. integral constraints ensuring volumetric flow rate conservation.

This formulation enables the networks to approximate steady-state velocity, pressure, and tempera-
ture fields directly from spatial queries, while ensuring consistency with governing physics across
parameterized cold plate designs.

2.5 Boundary Conditions and Curriculum Training

Flow Conditions At the inlet, a velocity of 0.1 m/s is prescribed, while the outlet pressure is fixed
at 0 Pa. A pointwise constraint enforces velocity components, and an integral constraint ensures the
correct volumetric flow rate. No-slip conditions are applied on all channel walls.

Thermal Conditions The inlet temperature is set to 25◦C. The outlet is assigned a zero-gradient
condition. A localized surface heat flux of 50,000 W/m2 is imposed on the solid plate, while all other
external surfaces are adiabatic.

Curriculum Training Training is staged for stability: (i) flow-only pretraining, where the ve-
locity–pressure network is trained using Navier–Stokes residuals, no-slip walls, and continuity
constraints; and (ii) thermal coupling, where the flow network is frozen and thermal subnetworks
are trained with advection–diffusion, conduction, interface continuity, and thermal boundary con-
ditions. This progression mitigates stiffness in the coupled system and prevents flow errors from
contaminating thermal learning.

3 Results

We assess PINN predictions against high-fidelity OpenFOAM Jasak [2009] simulations for three cold-
plate geometries differing only in channel width (5, 6.5, and 8 mm). Two application-relevant metrics
are considered:
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1. Pressure drop between inlet and outlet, measured 0.1 mm from the plate surface, reflecting
hydraulic resistance and pumping power requirements.

2. Maximum temperature in the solid plate, indicating thermal safety margins for electronic
reliability.

Table 1 reports results across designs. The PINN captures geometry-dependent flow and thermal
trends, with relative errors of 5–14% compared to CFD.

Table 1: Comparison of pressure drop and maximum temperature between CFD baselines and PINN
predictions across three channel-width designs.

Design Pressure Drop [Pa] Max Temperature [K]

CFD PINN Rel. Err. [%] CFD PINN Rel. Err. [%]

5 mm 55.5 62.9 13.5 334.08 318.06 4.8
6.5 mm 42.8 40.9 4.4 334.06 318.42 4.7
8 mm 35.5 30.7 13.3 334.02 319.06 4.5

Both CFD and PINN reveal that maximum plate temperature is nearly constant across channel widths,
indicating limited thermal sensitivity under current operating conditions. In contrast, pressure drop
decreases systematically with increasing width, reflecting reduced hydraulic resistance and pumping
power demand. This highlights a key design insight: wider channels improve cooling efficiency
without compromising thermal safety. Figure 2 shows representative pressure and temperature fields
for the channel width of 6.5 mm design, while additional comparisons for the 5 mm and 8 mm designs
are provided in Appendix 3 and Appendix 4. The PINN reproduces global flow patterns, supporting
its utility as a surrogate for rapid design-space exploration.

Figure 2: Comparison of PINN (left) and OpenFOAM (right) results for the 6.5 mm channel-width
design. The first row shows the pressure field at the bottom of the channels, while the second row
shows the temperature field at the bottom of the solid plate.

4 Discussion

Our results indicate that the PINN framework can predict flow and thermal fields in realistic cold-plate
geometries with good agreement to CFD. In this preliminary work, a separate PINN was trained
for each geometry variation. Future efforts will focus on incorporating design parameters (e.g.,
channel width, spacing, manifold dimensions) directly into the network input along with spatial
coordinates. This would allow a single model to generalize across the design space, enabling efficient
surrogate modeling and rapid iteration. Beyond parallel-channel plates, future work could also
incorporate parameterized geometries such as serpentine, spiral, and bio-inspired topologies. From
a computational perspective, each CFD simulation required approximately 4–5 minutes, whereas
the trained PINN produced predictions for 500,000 domain points in only 2–3 seconds—nearly two
orders of magnitude faster. While PINNs require additional training time, extending them to accept
design parameters as input could amortize this cost and make them highly attractive for large-scale
design optimization in cooling applications. More broadly, such acceleration of thermal management
design supports the development of energy-efficient cooling technologies, which are critical for
reducing data center carbon footprints and mitigating climate change impacts.
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A Additional Visual Comparisons of PINN and CFD Results Across Channel
Widths

Figure 3: Comparison of PINN (left) and OpenFOAM (right) results for the 5 mm channel-width
design. The first row shows the pressure field at the bottom of the channels, while the second row
shows the temperature field at the bottom of the solid plate.

Figure 4: Comparison of PINN (left) and OpenFOAM (right) results for the 8 mm channel-width
design. The first row shows the pressure field at the bottom of the channels, while the second row
shows the temperature field at the bottom of the solid plate.
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