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Outline

@ ML Applications
1.1 Circuit Representation
1.2 Tool Parameter Exploration
1.3 Placement & Routing

@ Real Cases

® Future Direction
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Circuit Representation



Example: Test Point Insertion!

* 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.

@ Predicted-0
@ Predicted-1

oQor

i "1 Fan-in cone

"Yuzhe Ma et al. (2019). “High Performance Graph Convolutional Networks with Applications
in Testability Analysis”. In: Proc. DAC, pp. 1-6. 3/27



Example: Logic Synthesis?

[ Original Logic Network ]

| K-way Circuit Partitioning |

Partltlon 1 Partltlon 2 Partltlon N

Karnaugh-Map-Image Generator

Logic
Cones

[ 4 |
KMImages AlG MIG
Optimizer | | Optimizer

Results Evaluation

( Training set ]

*Walter Lau Neto et al. (2019). “LSOracle: A logic synthesis framework driven by artificial
intelligence”. In: Proc. ICCAD, pp. 1-6.
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Example: Macro Block Placement®

Masked

policy
128x128 %1 1281281
Feature embeddings Policy and value networks *
64x64x2
32x32x4 /
Graph conv. Graph i 8x8x16 16x16x8 7
Macro
Tt | =} B = S = 1S
4
Netlist 4
graph
Current
macro id Policy network 128x128x1
Netlist )
metadata o Netlist Value network
embedding —
Mask

*Azalia Mirhoseini et al. (2021). “A graph placement methodology for fast chip design”. In:
Nature 594.7862, pp. 207-212. 6/27



Defect of previous works

® Previous works only focus on the graph structural information, which varies greatly
across netlists.

® We should extract general knowledge!

B &
similar I g
semantic 12 °C
<~ Close = L s
I A~ Close N\ ) Expected embeddings
—>
12 Distant (. C\ A
|l .
different C B
semantic L S
12 ) Acquired embeddings

Previous Structural GNN fail to capture the underlying semantic

8/27



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?

Functionality Matters in Netlist Representation Learning

Ziyi Wang Chen Bai Zhuolun He Guangliang Zhang
CUHK CUHK CUHK HiSilicon
Qiang Xu Tsung-Yi Ho Bei Yu Yu Huang
CUHK CUHK CUHK HiSilicon
DAC 2022
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Gate Functionality and Boolean Equivalence

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

> 4 + a’(b+c)

b
¢ a(b+b’+c’) + a’(b+c)
‘ Equivalent
= ab + (ab’+a’b) + (ac’+a’c)

<=3b + xor(a,b) + xor(a,c)

——)

example of Boolean equivalence 13/27




Netlist Contrastive Learning Scheme

¢ 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.

I_ - -II Replaced XOR(x,y) =OR(AND(INV(x),y) ), AND(x,INV(y)))
- 11

A Representations i% ——————————— FGNN
equivalent DAG Y /
; (Preprocess)——— </ —>
— .
I 114 | Maximize
___________ Agreement
u 11
! DAG y
equivalent |!12 —| Preprocess | ——» | 4
replacement| [,__— — " T T T 7"
I or D= nNor IIZ
IO-anD JD-xor e-INV

AND(x, y) = NOR(INV(x), INV(y) )
15/27



Overall Flow

@D— ....... % Netlists

( Transform to DAG ) Prepr_ocess

( Netlist Contrastive Learning ) Pr e-train

)
) Pre-trained
FGNN

\
(Node—level tasks) (Graph—level tasks) Fine-tune
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Tool Parameter Exploration



Gaps Between Design Stages

RO

63 60 57 54 51 48 45 42 39 36 33 30 27 24 21 18 1512 9 6 3 O

¢ Logic synthesis v.s. physical synthesis

¢ Constraints mapping between two synthesis stages is difficult.
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Why Smart Sampling ?

node size s

Front-End Team Perspective:

Back-End Team Perspective:
T T

T T T T T ‘
» Gl - 4 G1
230 3o 7500 [ G2 N
220 - N =
= 7000 |- b
210 ~ 1 —
(0]
200 - N g
& 6500 |- b
190 N
6000 |- b
180 | | | | | | | |
5 10 15 20 25 30 35 340 360 380 400
mfo

Critical Delay (ps)

¢ Run design tools with all solutions is time-consuming.
¢ For 3K solutions, running time is 3000 x 5 = 15K mins.

o What we care: Pareto Frontier Curve

7/34



Active Learning Flow

® Gaussian process model;

® A prediction consists of a mean and a variance;

¢ Off-the-shelf library for implementation.

20

—— Prediction

B 95% confidence interval

0 2

1Y Ma, S. Roy, ]. Miao, J. Chen and B. Yu, "Cross-Layer Optimization for High Speed Adders: A

4 6
X

Pareto Driven Machine Learning Approach”, TCAD’19.

8
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Pareto-Frontier Results

8000
2300 Reb.Adder‘ Reb.Adder
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Pareto-Frontier Results
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Placement & Routing



Challenge: Larger and Larger Scale

® Back-end is time consuming
® Accurate connectivity should be predictable

® Better estimation means efficient
design-to-market budget

12/34



Complicated Relationship in Placement & Route j‘%@

- Placement = = : Routing

-~ notgcongestéd == congested




Features Extraction

(1)..
(3'..

wxhxF Input Tensor

(a) matrix_mult_b: ¢, (b) matrix_mult_b: c;

(2)

-

F=4 (#Features)
(@)

(c) edit_dist: ¢, (d) edit_dist: ¢,
Input tensor constructed by stacking 2D features: Input features for #DRV prediction.
(1) Pin density, (2) macro (3) long-range RUDY, (4) RUDY pins Red: macro region

Green: global long-range RUDY
Blue: global RUDY pins

*Xie+, "RouteNet: Routability prediction for Mixed-Size Designs Using Convolutional Neural
Network", ICCAD’18. 14/34



CNN Driven Global Placement

Backward Propagation Forward Propagation
Gradient w.r.t. locations Cell Locations
(xy)

(VL. VyL)
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Network
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1
Input Trans Output [ Congestion Penalty L = 55 | fr(M)]|3 }

!Siting Liu et al. (2021). “Global Placement with Deep Learning-Enabled Explicit Routability
Optimization”. In: Proc. DATE. 15/34



CNN Driven PCB Routing

Verification-then-fix approach

Thermal-driven routing

Post-placement
layout

|

T Post-placement
layout

TRouter

Post-routing
layout

et

[ Netlist ]—» Sizing/Placement |—b| Routing I—»|  Verification

 Thermal simulation
Layout thermal
distribution
Thermal |
violation?.

Challenge and Solution

* © Challenge: It is difficult to reduce thermal distributions on the board;

* © Solution: Integrated reliability verification into routing stage.

/| Thermal simulation

[ Layout with well

Post-routing
layout

thermal distribution
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Conclusion?

liming ) o Cow D QR

ﬂ System Specification
module test Architectural Design

input in[3]; ‘ ‘

endmodule Functional Design and [ |
Logic Design (RTL) ‘
\

|
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H| D' )
Physical Design [ \
Y 9 “r\‘ \ J

DRC Physical Verification and ‘ ‘

s Signoff

STA ‘ ‘

. ‘ Fabrication ‘ | “
i ) \/
([ 1 \\/
e = 3 ' V

Packaging and Testing

T Chip
*Some important ML techniques are not covered here: e.g. reinforcement learning; metric
learning; unsupervised learning; casual inference; federate learning. 17/34




Outline

@ Real Cases
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Cadence Revolutionizes Verification

- . -
. S
/ > —

To dramatically improve verification productivity, it's time for a new generation of verification tools that

optimizes across multiple runs of multiple engines and leverages big data and Al. Watch to learn more about
Verisium Al-Driven Verification.




Tackling PCB Layout Automation with Al-Based System Design X
Technology

Component placement
Power planes creation
Routing of critical signals
Fast analysis

Corporate VP Michael Jackson discusses how Allegro X Al combines traditional physical design algorithms with
Al techniques to produce compelling PCB layout.
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Key Benefits Solutions News & Blogs Testimonials Resources Contact Sales

DSO.ai: Achieve PPA Targets Faster with the World's
First Al Application for Chip Design

Synopsys DS0.ai™ searches for optimization targets in very large
solution space of chip design by using Al engines to enhance power,
performance, and area. DS0.ai facilitates massive scaling in the
exploration of choices by building on training data and applying

vigher P,
%,

Sest pPh

learnings across projects to accelerate tape-out and achieve PPA
targets.

Explore DSO.ai
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VSOai

Synopsys VS0.ai™ is the industry's first Al-driven verification solution
aimed at achieving higher coverage quality faster so that bugs don't go
undetected. The technology identifies and eliminates redundancies in
regressions and automates root cause analysis. VS0.ai examines the
RTL and stimulus to infer coverage and highlight coverage gaps,
saving significant time and ensuring a high ROl on tests.

Time-to-Closure
Explore VSO.ai

e PR\
) o
ter produe®
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Key Benefits Solutions News & Blogs Testimonials Resources Contact Sales

TS0.ai

Synopsys TS0.ai™ is the first autonomous Al application for
semiconductor test. It optimizes test program generation in complex
designs to achieve maximum defect coverage with fewer test patterns.
The result is faster automatic test pattern generation runtime and
lower silicon test costs.

4, @
/9/)er Co\Je‘aq
Explore TSO.ai

Time-to-Results

K
syns?®




SIEMENS Digital Industries Software

Industry Solutions Software & Products Solutions & Services Training & Support

@ > Siemens EDA Software > Trending technologies » Aland MLdesign > Using machine learning methods in production-ready engineering solutions for IC verification

WHITE PAPER

Using machine learning
methods in production-ready
engineering solutions for IC
verification

Utilizing ML to produce consistent, verifiable, and correct
answers for SPICE-level IC verification

Solido High-Sigma Verifier, part of Solido Variation Designer, is an ML-enabled

solution that provides full brute-force accurate verification results at 4, 5, and

6+ sigma, with orders-of-magnitude less simulation runtime. With Solido High-

Sigma Verifier, design and verification teams can increase verification accuracy

and coverage, while significantly reducing design schedule times. Solido High- 9

Sigma Verifier is an example of a level 3 ML algorithmic design, which is quickly :

arnnraacrhina lavial 4 +hivatinb lavrra crala nradiictiam 1iea smA fara+iva



SIEMENS Digital Industries Software

Industry Solutions Software & Products Solutions & Services Training & Support

@ > Siemens EDA Software » Trending technologies » Aland MLdesign »

esign complexity with A

WHITE PAPER

Reducing electronic systems
design complexity with Al

@ Reading time: 7 minutes

This paper explores crucial electronic systems design areas where artificial
intelligence (Al) technologies — including machine learning and deep learning
— can be applied to minimize or eliminate the complexity of electronic system

design work. 9

Siemens’ goal is to deliver Al-enhanced tools that help electrical engineers and

designers: :

* Make informed decisions, increasing efficiency
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Future Direction



T

What Al field was doing before? S

HETERARABI TEBEZXEHNERNE (RERK)
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%ﬁEMﬁﬁﬂ%ﬁﬁ- NN: Neural Network
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ANTERE?
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Now? Large Language Model (LLM)!

AREFENESFM:
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@ OpenAl

Introducing ChatGPT

We've trained a model called ChatGPT which
interacts in a conversational way. The dialogue
format makes it possible for ChatGPT to answer
followup questions, admit its mistak

challenge incorrect premises, and
inappropriate requests.

Try ChatGPT 7 |  Read about ChatGPT Plus

https://openai.com/blog/chatgpt

Menu

in dialog form

can answer consecutive
questions

can admit its mistakes

challenge people to say
wrong conclusions
reject inappropriate
requests

29/34


https://openai.com/blog/chatgpt

Knowledge Formed When Model Is Extremely Large
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Challenges to Al

55 o= tensor([[ 03348, -0.1575, -0.0552, 0.4606, -0.4005],
[1.27865, -0.0594, -2.4832, -0.1052, -1.5892],
0.3722, -0.1244, -0.6635, 0.6163, -0.8171],
1.4294, -0.6973, -0.0049, -0.8030, -1.2963]]) 4ER% tensor([[-1.6391, -1.8575],
1.4069, 0.8627],
0.4147, -0.0830],
07041, 0.1294],

16289, 0.2686]]) it BaRIb#IERETIE Correct Answer:

[
[
[
[
[
[

1.2766,  0.0329

$ERE A R— 4x5 1515 » 4BRS B E—)> 5x2 4EI + B FAERE A HOFUH (5) SUEN B O (5) 1B 6.1799, —2.6547
% BT MERRTLUESE - FIRERERTAN 4x2 - —0.8886 0.1450
. , .
ERIERI A REE — MERI S —T5 B MERIE SRR » AERA - T REIIERE
o 0.8300, —0.1394

css Copy code

[ [-0.1878, -0.6610],
[ 1.5415, -3.5917],

[ 0.3561, ©.1316],
[-0.9432, 2.0052]
1
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Challenges to Al

48B4 a= tensor([ 0.3348, -01575, -0.0552, 04606, -04005],

[1.2785, -0.0594, -2.4832, -01052, -1.5892],
[-0.3722,-01244, -06635, 06163, -0.8171],

[-14294, -06973, -0.0049, -0.8030, -1.2963]]) B8 tensor([[-1.6391, -1.8575],
(14069, 0.8627],

[ 0.4147,-0.0830],

[ 07041, 01294],

[-16289, 0.2686])1F It HafIbiIAER I

TRIBRAHIERE » 1 EIER a FEOUEH b EHRELR -

css [) Copycode

import torch

a = torch

b = torch

result = torch

print(result)

S Regenerate response

= BTG R S A S E

Correct Answer:

1.2766,  0.0329
6.1799, —2.6547
—0.8886, 0.1450

0.8300, —0.1394
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Challenges to Al

¢ Combinatorial Problem (e.g. Coloring)

¢ Handling Complicated Rules

The three basic DRC checks

Width
Enclosure
Spacing
(a) Graph (b) Design Rule Checking

Coloring
32/34



Know the Boundary!

EDA problems

Al Model?
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Know the Boundary!

EDA problems

Math
Formualtion

Approximate
Algorithm

Dynamic
Programming

Al Model?

Search based

Concrete
Modeling
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THANK YOU!
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