


Al/ML REVOLUTION

AlexNet to AlphaGo Zero: A 300,000x Increase in Compute

e AlphaGo Zero
e AlphaZero

e Neural Machine Translation
e Neural Architecture Search
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OMPUTE-REVOLUTION

e AlexNet ‘® Visualizing and Understanding Conv Nets

Petaflop/s-day (Training)

e Dropout

eDQN
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https://openai.com/blog/ai-and-compute



https://openai.com/blog/ai-and-compute/

DESIGN PRODUCTIVITY GAP
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I Gates/chip Technology capability

Gates/day

Hardware design productivity
Filling with IP and memory

Hardware design productivity
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RECENT CONFIRMATION

‘Design implementation capacity must be improved. The Quality of Results (QoR) for blocks
greater than 2 million instances tends to degrade substantially.”

‘Agreed. We are constrained to block sizes of IM-3M instances to achieve suitable turnaround

time and QoR. The design partitioning overhead in floorplanning and constraint management is
cumbersome. We need to be able to support block sizes of 20M-30M Instances (o keep pace

with the technology.”



https://semiwiki.com/eda/cadence/7622-an-update-on-the-design-productivity-gap/
https://semiengineering.com/can-ai-alter-the-burgeoning-design-cost-trend/







e RTL turn-in controls for integration

Quality Control e Predict the probability that RTL turn-in is of good
quality

e Predict RTL bug rate trend for tape-in prediction

Milestone Prediction « Huge struggle for data
e Predict DRC/APR closure time

/[

e Assign/manage resources based on schedule risks or
Infrastructure/Resource other costs

Management e hitps://vIsicad.ucsd.edu/Publications/Journals/j121.
pdf



https://vlsicad.ucsd.edu/Publications/Journals/j121.pdf
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Functional Verification

Test Generation To
Improve Coverage
Through RL*  +Rej

Debug/Root Cause Error
(Similarity)

Security Verification
(GAN)

Behavioral Modeling/New
Representation (CAEML)*
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https://publish.illinois.edu/advancedelectronics/
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Secondary Issues

e Al/ML interpretability
problem (XAl)*/
tfransparency

e Unknown errors

e Difficult to detect errors
across the state space

* Bias in the models
e Problem definit]

* Explainable Al



 Training based on in-context data
W .|.h : n e Surrogate models for circuits
I _I e Debug/root cause analysis

.  Power/Performance models for various
d@Slg ﬂ dOTO components

e Training based on data across designs

AC FOSS e Early exit in APR

e Predictive models for optimization
1 across APR stages
d es I g n d O TO * Milestone predictions

Anomaly Detection
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« With-in design data manageable

« Across design data no clear strategy

« Al/ML revolution in segments driven by cloud
 May be in EDA-in-cloud would help







- Lack of clear value proposition
e Good models difficult with limited POC
hence Nno investment

e Challenge to solve difficult problems
e Mostly reliant on EDA vendors for ML

e [ack of fransparency on modadel
accuracy

B




[/ ack of research/talent coming into EDA
« CAEML good start

e Still hampered by data
e Challenge to acquire talent from research

fo development




Vendor tools enabling Al/ML solutions primarily within an execution/design
cycle

Across design learning is difficult

Design teams need to own it or may be some collaboratfion across
academia/industry

Figure out what, why and how to centrally archive data
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