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3D-IC thermal challenges
o 3D IC suffers from thermal issue 

o Increased integration à Higher power density
oShorter interconnect lengths à Limited heat dissipation
oOverall higher temperature reduces reliability and limits performance

o Thermal solver suffers from inefficiency
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Motivations
o Limitations of existing NN-based surrogate models

oDesigned for 2D chip or only compatible with 2D power maps [1][2]

oData-driven approaches require massive data collections [2][3][4]

oCombined with FEM solver or additional computations [3][4]

oPhysics-informed NN (PINN) methods [1][5] don’t require data, however
o Most PINNs are trained for single-case only, some works accept simple parameterizations
o Still need re-train when non-parametric design configurations change, such as power maps and 

boundary conditions
o e.g., Nvidia SimNetTM, only takes input from geometric parameters for heat sink design
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Modular chip configurations

o Stacked cuboidal geometry
o Boundary conditions

oDirichlet
oNeumann (Adiabatic)
oRobin (Convection)

o Power maps
o2D surface power map
o3D volumetric power map

o Full-chip material conductivity



Operator learning
o Learn a mapping between function spaces

Function: ℝ!! → ℝ!"
e.g., image classification
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Input dim: number of pixels
Output dim: number of classes

Function: mapping between finite dimensional spaces

Operator: function → function
e.g., derivative: 𝑥 𝑡 → 𝑥"(𝑡)
e.g., integral: 𝑥 𝑡 → ∫ 𝐾 𝑠, 𝑡 𝑥 𝑠 𝑑𝑠
e.g., thermal simulation: P 𝑥, 𝑦 → 𝑇(𝑥, 𝑦)

Power: P 𝑥, 𝑦 Temperature: 𝑇(𝑥, 𝑦)

Input dim: ∞ Output dim: ∞

Operator: Mapping between infinite dimensional spaces



DeepOHeat framework
oDeep operator network (DeepONet)

Power map
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DeepOHeat framework
oPhysics-informed data-free training
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Case 1: 2D power map
o Problem setting:

o21*21*11 mesh grid-based single-cuboid geometry 
oDefine an arbitrary 2D surface power map on top 
oAdiabatic BC on all side surfaces
oConvection BC on bottom with HTC = 500 W/(m2K) and Tamb = 298.15 (K)

o Training settings:
oGenerate random 2D power maps from a Gaussian random filed with zero mean 

and one standard deviation, in which length scale parameter equals to 0.3
o10 hours training on a single Tesla V100 GPU

oTest settings:
oDiscrete tile-based power maps, compared against Celsius 3D from Cadence



Case 1: 2D power map
Celsius: 5 minutes (CPU); DeepOHeat: 0.1 s (CPU) à 3000x speed up, 0.001 s (GPU) à 300000x speed up



Case 2: HTC on top and bottom
o Problem settings:

oVolumetric power
oChangeable HTC on top and bottom
oRange: [333.33, 1000]

o Training: 2 hours
o Results:

oMAPE: 0.032%, 0.011%
oPAPE: 0.043%, 0.025%
oCelsius: 2 minutes
oSpeed up: 1200x (CPU), 120000x (GPU)



Conclusion & Discussion
o Conclusion 

oDeepOHeat is the first physics-aware operator learning framework for ultra-fast 3D 
chip thermal simulation

oDeepOHeat achieves satisfactory accuracy on unseen new power maps with 
negligible computation time when compared against Cadence Celsius 3D

o Discussion & Future work
o3D power map and conductivity as changeable configurations
o Training cost and difficulty for high dimensional input


