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Motivation

q FEM solvers need re-simulation once a single 
design parameter changes

q Existing neural network-based methods:
Ø Not designed for 3D-ICs

Ø Require massive data collections
Ø Need re-train once non-parametric 

configurations change

FEM SolverInitial design

New design
Re-simulate

Experiment results

Proposed DeepOHeat frameworkModular chip configurations

q Stacked cuboidal geometry
q Boundary conditions

Ø Dirichlet
Ø Neumann

(Adiabatic)
Ø Robin

(Convection)

q Power maps
Ø 2D surface 

Ø 3D volumetric
q Full chip material conductivity

Power map

Bottom surface 
HTC ℎ!

Some other BCs …
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Output: learned operator
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Heat equation: 𝑘∇!𝐺# + 𝑞$

Robin BC: −𝑘 %&!
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Physics-loss: PDE loss + BC loss

DAC Young Fellows

Update NN parameters 𝜃

AD

Fig. 1: From top to bottom: power map, Celsius 3D, DeepOHeat, point-wise 
absolute percentage error

Fig. 2: Celsius 3D (left) against DeepOHeat (right)

q Experiment 1: Single-input
Ø Changeable input: 

ü 2D power map at top face
Ø Fixed configurations: 

ü Adiabatic at sides faces
ü Robin at bottom face

Ø Errors:
ü Mean absolute percentage error: 

§ 0.05%, 0.14%, 0.04%, 0.13%
ü Peak absolute percentage error: 

§ 0.38%, 0.52%, 0.49%, 0.71%
Ø Speed up:

ü Celsius 3D: 5mins (CPU)
ü DeepOHeat:

§ Training: 10hrs (GPU)
§ Inference: 
• CPU: 0.1s -> 3000x
• GPU: 0.001s -> 300000x

q Experiment 2: Dual-input
Ø Changeable input: 

ü HTC at both top and bottom faces
Ø Fixed configurations:

ü Volumetric power at middle layer
ü Adiabatic at sides faces

Ø Errors:
ü MAPE: 0.032%
ü PAPE: 0.043%

Ø Speed up:
ü Celsius 3D: 2mins (CPU)
ü DeepOHeat:

§ Training: 2hrs (GPU)
§ Inference:
• CPU: 0.1s -> 1200x
• GPU: 0.001s -> 120000x

Conclusion

q We propose for the first time, an end-to-end physics-ware 
operator learning framework for 3D-IC thermal analysis

q DeepOHeat achieves satisfactory accuracy on unseen new 
designs with negligible computation time

q This study is still at its early stage, we’ll work on:
Ø Applying changeable 3D power maps along with BCs
Ø Applying DeepOHeat to realistic thermal-aware floor-

planning tasks

Data-free physics-aware training


