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Executive Summary 
The short answer is: no existing commercial CFD or thermal simulation software can 
fully and accurately simulate GIL's Strange Attractor cooling case as an integrated, 
predictive design tool. The physics involved — deterministic chaos, sensitivity to initial 
conditions, and a Lyapunov-confirmed strange attractor operating in a high-heat-flux 
forced-air regime — sit at the intersection of three disciplines that no single commercial tool 
has unified: computational fluid dynamics, nonlinear dynamical systems theory, and 
high-fidelity turbulence physics. This gap is not a minor limitation; it is a fundamental 
structural barrier that represents one of GIL's most powerful and defensible competitive 
moats. 
 

 

 

1. The Core Simulation Challenge 
GIL's HPC-M4-VC-HP-2U module achieves its extraordinary performance (1,300 W 
capacity, COP 10.0, thermal resistance 0.025–0.030 °C/W) by deliberately engineering the 
airflow inside the fin stack to operate within a strange attractor regime — a state of 
deterministic chaos in which the flow never repeats but is permanently bounded within a 
specific region of phase space. This is not turbulence in the conventional engineering sense. It 
is a qualitatively different physical phenomenon governed by the mathematics of nonlinear 
dynamical systems, first described by Edward Lorenz in 1963 in the context of thermal 
convection. 1 
 

The fundamental difficulty for any simulation tool is that strange attractor dynamics are 
exquisitely sensitive to initial conditions — a property quantified by the positive Lyapunov 
exponent confirmed in GIL's own prototype testing. This means that two simulations started 
with conditions differing by even machine-precision rounding errors will diverge 
exponentially over time, making long-time-horizon prediction of the exact flow state 
physically impossible. 2 What a simulation can do, in principle, is confirm that the system is 
chaotic, characterize the geometry of the attractor in phase space, and compute time-averaged 
statistical quantities such as mean heat transfer coefficients. 
 

https://journals.aps.org/rmp/abstract/10.1103/RevModPhys.53.655
https://arxiv.org/pdf/2210.07939


 

 

2. What Commercial CFD Tools Can and Cannot Do 
The dominant commercial tools used in electronics thermal management are ANSYS Icepak, 
Siemens Simcenter Flotherm, ANSYS Fluent, and Cadence CFD (formerly Future 
Facilities 6SigmaET). All of these tools are built on the Reynolds-Averaged Navier-Stokes 
(RANS) framework, which is the standard engineering approach to turbulence modeling. 3 4 
 

RANS models — including the widely used k-ε and k-ω SST variants available in all of these 
packages — work by time-averaging the governing equations and modeling the effect of 
turbulent fluctuations through empirical closure relationships. This approach is 
computationally efficient and works well for steady or weakly unsteady turbulent flows. 
However, it has a fundamental and well-documented structural incompatibility with strange 
attractor dynamics: 
 

"RANS simulations average out the very fluctuations that define chaotic behavior. By 
construction, they cannot resolve the bifurcation sequences, the Hopf transitions, or the 
attractor geometry that are the physical mechanism behind GIL's performance 
enhancement."​
—Derived from the theoretical framework of RANS turbulence modeling 5 

 

The table below summarizes the capability of each major tool category against the specific 
simulation requirements of GIL's case. 
 

Simulation 
Requirement 

RANS 
(Icepak / 
Flotherm / 
Fluent) 

LES 
(OpenFOAM / 
Fluent LES) 

DNS (Research 
Codes) 

Nonlinear ODE 
Solvers 
(MATLAB / 
Python) 

Steady-state heat 
transfer ✅ Excellent ✅ Good ✅ Excellent ❌ Not applicable 

Turbulent forced 
convection 

✅ Good (with 
caveats) ✅ Good ✅ Excellent ❌ Not applicable 

Bifurcation detection 
(onset of chaos) 

❌ Cannot 
detect 

⚠️ Partial 
(qualitative) 

✅ Yes (2D/low 
Re only) 

✅ Yes 
(reduced-order 
models) 

Strange attractor 
geometry in phase 
space 

❌ Impossible ⚠️ Qualitative 
only 

⚠️ 
Computationally 
prohibitive 

✅ Yes 
(Lorenz-type 
ODEs) 

Lyapunov exponent 
computation ❌ Impossible ❌ Not supported ⚠️ Research-only ✅ Yes 

https://www.ansys.com/content/dam/amp/2022/march/quick-request/Best%20Practice%20RANS%20Turbulence%20Modeling%20in%20Ansys%20CFD.pdf
https://sourceforge.net/software/compare/Ansys-Icepak-vs-Simcenter-Flotherm/
https://ansyshelp.ansys.com/public/Views/Secured/corp/v252/en/flu_th/flu_th_chap_turbulence.html


Simulation 
Requirement 

RANS 
(Icepak / 
Flotherm / 
Fluent) 

LES 
(OpenFOAM / 
Fluent LES) 

DNS (Research 
Codes) 

Nonlinear ODE 
Solvers 
(MATLAB / 
Python) 

High-heat-flux 
(1,300 W) 3D 
fin-stack geometry 

✅ Yes ✅ Yes (expensive) 
❌ 
Computationally 
infeasible 

❌ Not applicable 

Validated prediction 
of COP at attractor ❌ No ❌ No ❌ Not at this 

scale ❌ No 

Full integrated 
simulation of GIL's 
case 

❌ No ❌ No ❌ No ❌ No 

 

 

3. The Closest Approaches in Academic Research 
Academic researchers have made significant progress in simulating chaotic thermal 
convection using Direct Numerical Simulation (DNS) and Large Eddy Simulation (LES), 
but these approaches face severe practical limitations when applied to GIL's specific case. 
 

Direct Numerical Simulation (DNS) resolves all scales of turbulent motion without 
modeling assumptions, and has been used to study chaotic natural convection in simplified 
2D cavities. 6 A landmark 1995 study by Xin and Le Quéré used DNS to simulate 
two-dimensional chaotic natural convection in a differentially heated cavity, successfully 
identifying bifurcation sequences and chaotic regimes. 7 However, this work was limited to 
two dimensions and relatively low Rayleigh numbers. Extending DNS to a full 
three-dimensional, high-heat-flux, forced-convection geometry like GIL's 
HPC-M4-VC-HP-2U fin stack would require computational resources that are currently 
beyond the reach of any industrial or academic computing cluster — the mesh resolution 
required to resolve all relevant scales would demand billions of grid cells and months of 
supercomputer time. 8 
 

Large Eddy Simulation (LES) offers a middle ground by resolving large-scale turbulent 
structures while modeling the smaller scales. OpenFOAM, an open-source CFD platform, has 
been used in research settings to simulate Marangoni convection with strange attractor 
behavior, successfully identifying chaotic attractors in the flow. 9 However, LES remains 
computationally expensive for complex 3D geometries, and critically, it does not provide the 
mathematical tools (Lyapunov exponents, phase-space reconstruction, bifurcation diagrams) 
needed to characterize the attractor quantitatively. It can show that the flow is chaotic; it 
cannot tell you why it performs the way it does. 
 

Reduced-order nonlinear ODE solvers in MATLAB and Python (using libraries such as 
SciPy and the lorenz system implementations) can simulate the Lorenz equations and 
compute Lyapunov exponents with high accuracy. 10 These tools are excellent for 

https://www.sciencedirect.com/article/pii/S0017931013001300
https://www.cambridge.org/core/journals/journal-of-fluid-mechanics/article/direct-numerical-simulations-of-twodimensional-chaotic-natural-convection-in-a-differentially-heated-cavity-of-aspect-ratio-4/3E777FCCAE583C0CAAE50E9E6C760F1E
https://www.sciencedirect.com/article/abs/pii/S0029549322004332
https://pubs.aip.org/aip/pof/article/30/10/104104/989744
https://www.researchgate.net/publication/367156585_MODELING_THE_LORENZ_SYSTEM'S_CHAOTIC_BEHAVIOR


understanding the mathematical structure of the attractor, but they operate on simplified, 
low-dimensional models and cannot be directly coupled to the full 3D thermal-fluid geometry 
of a real heat sink. 
 

 

 

4. The Emerging Frontier: Physics-Informed Neural Networks 
(PINNs) 
The most promising emerging approach for bridging this gap is Physics-Informed Neural 
Networks (PINNs), which embed the governing physical equations (Navier-Stokes, energy 
transport) directly into the loss function of a neural network. Recent research has 
demonstrated PINNs' ability to solve nonlinear heat transfer problems and reconstruct chaotic 
flow fields from sparse data. 11 However, applying PINNs to a confirmed strange attractor in 
a high-heat-flux forced-convection regime remains an open research problem as of 2026. No 
commercial tool currently offers this capability in a validated, production-ready form. 
 

 

 

5. Strategic Implications for GIL 
The inability of existing tools to simulate GIL's case is not merely a technical curiosity — it 
is a profound and durable competitive advantage with three direct strategic implications. 
 

First, it means that no competitor can use simulation to reverse-engineer GIL's design. 
The standard product development workflow in the thermal management industry relies on 
CFD simulation to iterate on designs before building prototypes. Because no tool can 
simulate the strange attractor regime, any competitor attempting to replicate GIL's approach 
would need to build and test physical prototypes through a lengthy, expensive, and uncertain 
experimental process — exactly the multi-year journey GIL has already completed. 
 

Second, it means that GIL's experimental prototype data is irreplaceable. The validated 
performance data from the HPC-M4-VC-HP-2U prototype — the COP of 10.0, the thermal 
resistance of 0.025–0.030 °C/W, and the confirmed positive Lyapunov exponent — cannot be 
reproduced computationally. This data is GIL's most valuable intellectual asset, and it is 
protected not only by patent but by the fundamental limits of current simulation science. 
 

Third, it opens a potential new business line: GIL is uniquely positioned to develop and 
commercialize the world's first simulation methodology specifically designed for strange 
attractor thermal management. Partnering with a university research group or a national 
laboratory to develop a validated reduced-order model or PINN-based simulation tool for this 
regime would create an entirely new category of intellectual property. 
 

https://asmedigitalcollection.asme.org/heattransfer/article-abstract/143/6/060801/1104439


 

 

6. Summary Table: Tool-by-Tool Assessment 

Tool Category Can It Simulate 
GIL's Case? Key Limitation 

ANSYS Icepak RANS CFD ❌ No Time-averaging eliminates chaotic 
dynamics 

Siemens Simcenter 
Flotherm RANS CFD ❌ No No bifurcation or attractor analysis 

capability 

ANSYS Fluent (RANS) RANS CFD ❌ No Cannot resolve strange attractor 
geometry 

ANSYS Fluent (LES) LES CFD ⚠️ Partial Qualitative chaos detection only; 
no Lyapunov tools 

OpenFOAM (DNS/LES) Open-source 
CFD ⚠️ Partial Computationally infeasible at full 

3D scale 

MATLAB / SciPy (ODE) Nonlinear 
dynamics ⚠️ Partial Lorenz-type models only; not 

coupled to 3D geometry 

Cadence 6SigmaET RANS CFD ❌ No Electronics-focused RANS; same 
fundamental limits 

COMSOL Multiphysics FEM/CFD ❌ No Can detect bifurcations in simple 
geometries; not at this scale 

Physics-Informed Neural 
Networks (PINNs) AI/ML ⚠️ Research 

frontier 
Promising but not yet validated for 
this specific regime 

Custom DNS 
(Supercomputer) 

Academic 
DNS ⚠️ Theoretical Computationally infeasible for 3D 

high-heat-flux geometry 

 

 

Conclusion 
No commercially available or academically deployed simulation tool can fully replicate, 
predict, or reverse-engineer the Strange Attractor effect operating in GIL's 
HPC-M4-VC-HP-2U prototype. Standard RANS-based electronics cooling tools (Icepak, 
Flotherm) are structurally incapable of resolving chaotic dynamics. High-fidelity DNS 
approaches are computationally infeasible at GIL's operating scale. Nonlinear ODE solvers 
can characterize the attractor mathematically but cannot be coupled to the full 3D geometry. 
This simulation gap is a direct consequence of the novelty and depth of GIL's innovation, and 
it constitutes one of the most defensible and durable competitive moats in the thermal 
management industry today. 
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