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Circuit Representation



• Not every difficult-to-observe node has the same impact for improving the
observability;

• Select the observation point locations with largest impact to minimize the total count.
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1Yuzhe Ma et al. (2019). “High Performance Graph Convolutional Networks with Applications
in Testability Analysis”. In: Proc. DAC, pp. 1–6.

Example: Test Point Insertion1
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2Walter Lau Neto et al. (2019). “LSOracle: A logic synthesis framework driven by artificial
intelligence”. In: Proc. ICCAD, pp. 1–6.

Example: Logic Synthesis2
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4Azalia Mirhoseini et al. (2021). “A graph placement methodology for fast chip design”. In:
Nature 594.7862, pp. 207–212.

Example: Macro Block Placement4
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• Previous works only focus on the graph structural information, which varies greatly
across netlists.

• We should extract general knowledge!
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Expected embeddings

Acquired embeddings

Previous Structural GNN fail to capture the underlying semantic

Defect of previous works
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Question:

• What is the universal and transferable knowledge that is shared across different
netlists?

• Can we extract the shared prior knowledge to enhance the ability of graph learning
models?

DAC 2022
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Logic functionality: keep the same for a specific gate type across different
designs.

• Can be transfered and generalized to unseen netlists, even with totally different
topology!

Can we extract this information?

• Yes! –> Key: Boolean Equivalence

 
a(b+b’+c’) + a’(b+c)  

a + a’(b+c)

 
ab + (ab’+a’b) + (ac’+a’c)  

 
ab + xor(a,b) + xor(a,c)  

Equivalent

a 

b 
c 

a 
b 

c 

example of Boolean equivalence

Gate Functionality and Boolean Equivalence
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• Iterative random sub-netlist replacement.

• Positive sample pair share the same functionality, while having totally different
topology.

• Maximizing agreement between positive samples: embedding of netlists with
similar semantic (functionality) tend to be close

• Minimizing agreement between negative samples: distinguish from netlists with
different semantic, even with similar topology.
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XOR(x, y) = OR( AND( INV(x), y) ), AND( x, INV(y) ) )

AND(x, y) = NOR( INV(x), INV(y) )

equivalent
replacement

equivalent
replacement

DAG

DAG

Netlist Contrastive Learning Scheme
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Transform to DAG

Netlist Contrastive Learning

…..

…….

…….

Node-level tasks Graph-level tasks

Preprocess

Pre-train

Fine-tune

Netlists

DAGs

Pre-trained 
FGNN

Overall Flow
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Tool Parameter Exploration
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Case Study: Adder Design

• Logic synthesis v.s. physical synthesis

• Constraints mapping between two synthesis stages is difficult.

Gaps Between Design Stages
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Front-End Team Perspective:
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• Run design tools with all solutions is time-consuming.

• For 3K solutions, running time is 3000 × 5 = 15K mins.

• What we care: Pareto Frontier Curve

Why Smart Sampling ?
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Regression

• Gaussian process model;

• A prediction consists of a mean and a variance;

• Off-the-shelf library for implementation.
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1Y. Ma, S. Roy, J. Miao, J. Chen and B. Yu, "Cross-Layer Optimization for High Speed Adders: A
Pareto Driven Machine Learning Approach", TCAD’19.

Active Learning Flow [TCAD’19]1
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Placement & Routing



• Back-end is time consuming

• Accurate connectivity should be predictable

• Better estimation means efficient
design-to-market budget

Challenge: Larger and Larger Scale
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Complicated Relationship in Placement & Route
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Features Extraction

Input features for #DRV prediction.

Red: macro region

Green: global long-range RUDY

Blue: global RUDY pins

Input tensor constructed by stacking 2D features:

(1) Pin density, (2) macro (3) long-range RUDY, (4) RUDY pins

3Xie+, "RouteNet: Routability prediction for Mixed-Size Designs Using Convolutional Neural
Network", ICCAD’18.

RouteNet 3
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Cell Locations
(x,y)

Features M ∈ RM×N×3

RUDY(x,y)

PinRUDY(x,y)

MacroRegion(x,y)

Network
Forward

Congestion Map

fR(M) ∈ RM×N

Gradient w.r.t. locations
(∇xL,∇yL)

Gradient w.r.t. features ∇ML

∇RUDY (x,y)L

∇PinRUDY (x,y)L

∇MacroRegion(x,y)L

Network
Backward

Gradient w.r.t. congestion map

∇fR(M)L

Congestion Penalty L = 1
MN ‖fR(M)‖22

Backward Propagation Forward Propagation

1Siting Liu et al. (2021). “Global Placement with Deep Learning-Enabled Explicit Routability
Optimization”. In: Proc. DATE.

CNN Driven Global Placement [DATE’21]1
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Sizing/Placement  Verification

32×
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Post-routing 

layout

Thermal simulation

Layout with well 

thermal distribution

Fabrication Fabrication

Verification-then-fix approach Thermal-driven routing

Challenge and Solution

• / Challenge: It is difficult to reduce thermal distributions on the board;

• , Solution: Integrated reliability verification into routing stage.

CNN Driven PCB Routing [TCAD’23]
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System Specification

Architectural Design

Functional Design and 
Logic Design (RTL)

Logic Synthesis

Physical Design

Physical Verification and 
Signoff

Fabrication

Packaging and Testing

Chip

module test
input in[3];

…
endmodule

AND

OR

DRC
LVS
STA

Active 
Learning CNN GNN CNN+ 

GNN

2Some important ML techniques are not covered here: e.g. reinforcement learning; metric
learning; unsupervised learning; casual inference; federate learning.

Conclusion2
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Future Direction



What AI field was doing before?

26/34



人工智障？
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Now? Large Language Model (LLM)!
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https://openai.com/blog/chatgpt

• in dialog form

• can answer consecutive
questions

• can admit its mistakes

• challenge people to say
wrong conclusions

• reject inappropriate
requests

ChatGPT
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Knowledge Formed When Model Is Extremely Large
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Correct Answer: 1.2766, 0.0329
6.1799, −2.6547
−0.8886, 0.1450
0.8300, −0.1394



Challenges to AI
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• Combinatorial Problem (e.g. Coloring)

• Handling Complicated Rules

(a) Graph
Coloring

(b) Design Rule Checking

Challenges to AI
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EDA problems

AI Model?

Know the Boundary!
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EDA problems

AI Model?

Math 
Formualtion

Concrete 
Modeling

Dynamic 
Programming

Approximate 
Algorithm

SAT / SMT

LP / ILP

Min-cost Flow

Heuristic

Search based

Know the Boundary!
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THANK YOU!
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