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What can we learn from the success of Al?

Open ecosystem and shared infrastructure
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What can we learn from the success of Al?

Beyond the infrastructure
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A case study in success

ML Commons

Global collective
engineering effort
spanning industry
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Members and
Affiliates

and academia

Key principles:

Grow Al markets and make the world a
better place

Get everyone involved

Act through collaborative engineering
Make fast but consensus-supported
decisions

Build a community that people want to
be part of

~ https://mlcommons.org/

MLPerf

55,200+

MLPerf results to-date
across 6 benchmarks

Measure and improve the
accuracy, safety, speed
and efficiency of Al

technologies

MLPerf breadth: pWatts to MegaWatts

Evolution over time

2018 2019 2020 2021 2022 ployx] 2024
Training - HPC
Training Targetlng a
diverse set of
workloads that
was built over

time.
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What about ML EDA for physical design?
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This talk

e Calls for the establishment of an ML EDA Commons to build ML EDA
infrastructure and propel ML EDA research for the RTL-to-GDSII flow

e Highlights existing initiatives towards development of an infrastructure and
identifies critical gaps in establishing an ML EDA Commons

® Qutlines the scope and vision of an ML EDA Commons
o Maturing and unifying ML EDA infrastructure
o Establishing standards and governance

o Prioritizing accessibility and reproducibility



Agenda

e \ision of an ML EDA Commons
e Efforts toward ML EDA Commons

o Infrastructure development efforts
o Benchmarks and standardization efforts

o Accessibility and reproducibility efforts
e Governance and roadmap
e Conclusion



A vision for an ML EDA Commons

e Foundations: ML EDA infrastructure
L EDA Research o Datasets, models, proxies, contests, etc.
o  Python APIs with open-source tools, libraries

= > o Pillar: Standardization
i = = o Benchmarks and metrics
% '% & o Data formats standardization and taxonomy
S - @ b o Pillar: Accessibility
= 3 < o Open datasets and models
N < 2 o Open-source tools and flows

o Pillar: Reproducibility

| — | S
o  Contests and leaderboards
ML EDA

o Artifact and community evaluations

im Ldgbl tare

Commons



Road to an ML EDA Commons

Ongoing individual-driven infrastructure /Components of an ML EDA Commons\
development efforts:
= e / Governance & / Accessibility & \
S AT Datasets ‘ -. standards reproducibility
and metrics g

Consortium of Cloud
stakeholders infrastructure

Open-source

Formats & quality

Research
Sustenance artifacts

ML EDA infrastructure )/l

Tools & flows
Tools & flows

Tools & flows
Tools & flows
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e Vision of an ML EDA Commons
e Efforts toward ML EDA Commons

o Infrastructure development efforts
o Benchmarks and standardization efforts

o Accessibility and reproducibility efforts
e Governance and roadmap
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Shared open infrastructure development efforts

ML EDA Infrastructure: SLICE for RTL2GDS flow

RTL to GDS flow:

RTL + PDKs
+ libraries —
+ constraint

GDsII
final layout

CHIPS

T2
v N
UNIVERSITY NYU A OM UCSD UNIVERSITY OF MINNESOTA

ALLIANCE Duke

Learning from the ML Community

/ Al open infrastructure\

/ Proposed SLICE infrastructure \\

Libraries: PyTorch,
TensorFlow, scikit-learn

1IN ML EDA tool infrastructure: Python
APIs on open EDA tools

https://slice-ml-eda.qgithub.io/

ML EDA Ecosystem Flywheel

Improves EDA Tools:

« Design-equivalent
scaling

+ Fast runtimes

Improves VLSI chips:

* Meeting user
specifications

* Improved

* High QoR performance
v~ per dollar
Enables ML EDA ncreases demand:

+ Dataset curati
Reproducibility:
* Benchmarks ,-~

* Metrics

Diversity in designs
Community
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https://slice-ml-eda.github.io/

Open flows and design enablement efforts

® A member technical committee of IEEE Council on EDA (CEDA)
https://ieee-ceda.org/technical-committee/datc

® Since 2016, DATC has maintained Robust Design Flow (RDF) for RTL2GDSI|I

O  An academic reference RTL-to-GDS design flow incorporating numerous contest-winning point

tools and the OpenROAD tool chain, to preserve and integrate leading research codes
D Dl D a5 |

DATC RDF-2020: DATC RDF-2021: Design Flow and Beyond

Strengthening the Foundation for
Academic Research in IC Physical Design Jianli Chen?, Iris Hui-Ru Jiang?, linwoolJung®,

|IEEE CEDA DATC: Emerging Foundations in
IC Physical Design and MLCAD Research

Kravets?, Yih-Lang LiS,
"

u We
-

Jinwook Jung?, Andrew B. Kahng?, Sayak Kundu?, Zhiang Wang?,
and Dooseok Yoon!

<IEEE

cEmaA @

GitHub Link: https://github.com/ieee-ceda-datc

® Other efforts:

O Advancing benchmarks and baselines for ML enablement
V. A. Chhabria et al., "Strengthening the Foundations of IC

Physical Design“prsitleFBO fegeaising MeRr’®2.1 and autotuning and calibration 12


https://ieee-ceda.org/technical-committee/datc
https://github.com/ieee-ceda-datc/Robust-Design-Flow

[JPEG] CP Sweep Power-Perf. - SS Corners

Efforts towards open data via proxies - < open 7o

® Calibration of proxy design enablement

—e—Closed 7nm / SS_LV_LT
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® RDF-2023: autotuning flow to narrow gap between
ASAP7 and commercial 7nm
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® RDF-2024: additional scaling factors enable matching of om0
multiple PVT corners oot o
(https://github.com/ieee-ceda-datc/Robust-Design-Flow)

w
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® Expansion of NanGate45 research enablement

&
)

w
1=

® NanGate45 (FreePDK45) was released with only
Cadence enablement

Cap (STRC) [fF)

N
=]

® Recently: TLUPIlus is developed and made public for N
Synopsys users

5-Synopsys-Enableme 0 10 20 30 “ %0

Cap (QTS) [fF)
13
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https://github.com/ieee-ceda-datc/Robust-Design-Flow
https://github.com/ABKGroup/NanGate45-Synopsys-Enablement
https://github.com/ABKGroup/NanGate45-Synopsys-Enablement
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Efforts toward establishing benchmarks

® MemPool Cluster has been enabled on MacroPlacement

https://qithub.com/TILOS-AI-I|
nstitute/MacroPlacement

O 1,296 macros, 10.5M instances
® Protobuf to LEF/DEF converter has been added

O Protobuf is used in Gooale AlohaChio / Circuit Trainina (CT)

CT-Ariane-X4 (XfI|p-YfI|p verswn) macro placement solutions Gate-level detailed placement
—_ . _from_macro place %)us 211

- = T - - T = T - - = = =" - - ="~ = = - \ - Y &

CT-Arlane-X4 has 532 macros, 332K instances (scaled from Google’s Ariane protobuf)


https://github.com/TILOS-AI-Institute/MacroPlacement
https://github.com/TILOS-AI-Institute/MacroPlacement

Leaderboard and calibration efforts
® Reuvisited the Autotuning studies from METRICS2.1

O Added newly enabled knobs of OpenROAD such as:
(i) ENABLE _DPO, (ii) TNS_END_PERCENT

O Extended autotuning studies to find the best implementations in terms of power
and area using an unnamed commercial tool flow

O Also added results from hybrid flow

o |Leaderbogrthesis REF amnadieed commercial tool, P&R using . Hybrid flow data (OR®) indicates,

A'“' w-tg W é@d i 519 RCX aA aTA e.g., room for improvement in Yosys
Co Altrerikitg pHedratadn BRI ANE RCX == poos
evolving OpenROAD Case | Goal | Tool

O Standardized baseline to easily
plug, assess new EDA algorithms IBEX

V. A. Chhabria et al., "Strengthening the Foundations of IC
Physical Design and ML EDA Research", ICCAD 2024




Establishing standard formats for ML EDA

CircuitOps and EDA Schema

Standard EDA files (DEF,
LEF, .v, ...) and timing

g y . . R, Sizing
attribute tables ‘ CircuitOps ' dataset,

i LPGs | buffer tree GAl circuit

EDA tools : IR Dataset | dataset, .. , | optimization
i Generation Generation ! training
i |
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% https://github.com/NVlabs/CircuitOps

Liang et. al “CircuitOps: An ML Infrastructure Enabling Generative Al
for VLSI Circuit Optimization,” ICCAD 2023.
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https://github.com/drexel-ice/EDA-schema

Pratik Shrestha et. al. “‘EDA-schema: Graph Datamodel Schema
and Dataset for Design Automation,” GLSVLSI 2024.
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https://github.com/NVlabs/CircuitOps
https://github.com/drexel-ice/EDA-schema

Establishing standard formats for ML EDA

Si2 ML EDA Schema Effort

ML engine @ GPU server

Components of the proposed ML EDA schema e .

o Taxonomy Features and !
Training ML i
script model |

labels
o Standard EDA taxonomy definition

i Data
4 generation

o Resource description framework Croissant
o Croissant Metadata
o MLCommons proposed standard b i
file format for describing datasets
e Communication across servers

Design data |

EDA tools @ CPU server

Protobuf file

Data files <«~——

EDA tool

o gRPC and protobuf files handler Flow [Cell | Design Pin
o Currently being developed to support the o e o | flo

applications EDA schema and CircuitOps support

Si £SU $$ Drexel 18
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Efforts towards accessible ML EDA research

Critical role of open-source for accessibility

® Lower the barriers to entry
e Proxies (PDKs, tools, IP, and design) are critical for accessibility

OpenROAD

e Open- s&ﬁgrce too

CircuitOps graph creation using OpenROAD DB APIs

Verilog
+ libraries, RTL to GDS flow:
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ML inference will be supported by callbacks from
CircuitOps/ML algorithm to OpenROAD

CircuitOps: ML-friendly data repre

Is can serve as a

format within OpenROAD

pandas.DataFrame features
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OpenROAD interpreter
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ML/RL algorithms integrated within OpenROAD

gma}/ground for ML EDA research

V. A. Chhabria et al., "OpenROAD and
CircuitOps: Infrastructure for ML EDA
Research and Education," VTS 2024.
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Efforts toward reproducible research
https://www.acm.org/publications/policies/artifact-

o Artifact evaluation badges area available from IEEE  review-and-badging-current
and ACM to encourage reproducible research

MLCAD 2024 tailored ACM badge awarding criteria for
ML EDA research
https://github.com/ml-eda/artifact-evaluation

Criteria to be revised with inputs from IEEE CEDA

DATC and ACM for MLCAD?2025 to encourage: https://ieeexplore.ieee.org/Xplorehelp/overview-of-i
) o ) ) ge. eee-xplore/about-content#reproducibility-badges
o Artifact availability with meaningful data
o Use of proxies to demonstrate key ideas of @ Codo €@>\ Code @ i -
papers for functionality o
o Hosting ML EDA research reproducibility @ aaset PPN Datase Dataset
challenges with incentives inspired by: il R e Reproducible

https://reproml.org/

21


https://github.com/ml-eda/artifact-evaluation
https://reproml.org/
https://www.acm.org/publications/policies/artifact-review-and-badging-current
https://www.acm.org/publications/policies/artifact-review-and-badging-current
https://ieeexplore.ieee.org/Xplorehelp/overview-of-ieee-xplore/about-content#reproducibility-badges
https://ieeexplore.ieee.org/Xplorehelp/overview-of-ieee-xplore/about-content#reproducibility-badges
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Governance

5 9 5 g B
I _ .

Define standards

Develop infrastructure

Provide incentives

Serve on advisory boards

Ensure sustenance

Engage community

[(C

Academia Industry Professional Government Open-source
societies agencies community




Steps to establish the Commons

Early stage
(Year 1 and 2)

Large scale
datasets with
proxies (PDKs,
designs)

ML EDA
infrastructure
(e.g., datasets)

Standardization
and governance

Schemas for
interoperability
between ML
flows and EDA

(e.g., standard
data formats)

Accessibility and Establish
reproducibility widespread AE
(e.g., artifact practices at
conferences

evaluation)

Intermediate stage

(Year 3 and 4)

High quality
complete data
and golden
evaluators

Establish
policies &
create CI/CD
pipelines for
contributions

Update
taxonomy of AE
badge criteria
with IEEE/ACM

Late stage

(Year 5 and
beyond)
Maintenance

and relevance
updates

Adapting
standards to
rapidly evolving
Al research

Peer review
process that
also prioritizes
reproducibility

24



Conclusion

® Aims to bridge the divide between the open /Components of an ML EDA CommonS\

cultur§ of ML research and the cl.osed EDA Governance & N ( Accessibilty 2 )
domain to accelerate innovation in ML EDA standards reproducibility

® Components of an ML EDA Commons

Cloud

Consortium of

O ML EDA infrastructure ~ stakeholders infrastructure

O Governance and standards Formats & Open-source

quality

O  Accessibility and reproducibility Research

artifacts

® Journey ahead requires sustained and Sustainability

expanded effort
ML EDA infrastructure
O Involvement from key stakeholders J

O Changing mindset of researchers,
e<tablichina incentivee for recearcheres
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Road to an ML EDA Commons

Nascent

Ongoing efforts:

II

and metrics

Tools & flows

Tools & flows

Tools & flows

Tools & flows

>

Datasets l

=l
<O

Benchmarks
o IWLS 2005, IBM power grid 2008
benchmarks, MacroPlacement etc.
Datasets
o  VerilogEval, CVDP, FloorSet,
BeGAN benchmarks etc.
Tools and flows
o OpenROAD, ORFS, yosys, etc.
Contests
o |CCAD, MLCAD, ISPD, ICLAD
contests etc.
Proxies
o PDKs (ASAP7, NG45) and designs
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Road to an ML EDA Commons

Need for unified efforts

Ongoing efforts: Unified ML EDA infrastructure is critical to
e Identify gaps in existing infrastructure
R ~ o (e.g., what parts of the flow, what can have large

ML EDA infrastructure impact, gaps in design enablement)

o Establish interoperability via standardization

e Establish and maintain datasets and benchmarks
with complete enablement for the entire physical

\
[
I
[
[
I design flow
[
[
I
[
I
I

Datasets

Benchmarks
and metrics e Drive contests and live leaderboards on those
benchmarks and datasets

o Establish meaningful well-maintained proxies

- O S S S S S e e e .y



Establishing standard formats for ML EDA

design.v +.lib + lef + .sdc + parameters.cfg

Dataset for

IR (LPG) I
generated by . . ‘
i £l interacting with I CircuitOps
§ F OpenDB I
3 52
5 H I Operating on Al I Dataset for
and task i
) I parallel-friendly
result.def + ppa.rpt + drc.rpt + results.gds L PG I
OpenROAD -_— e =m
Cell-Net Edge Table Liang et. al “CircuitOps: An ML

Q Cell node

Net node
Pin node

——» Cell-Net Edge
******* Pin-Pin Edge
***** Pin-Cell Edge
Pin-Net Edge

src Cell Properties Table
T T T

T T
Cell
Neams Net Properties Table

Infrastructure Enabling
Generative Al for VLSI Circuit
Optimization,” ICCAD 2023.

T T T T T
Net
N:me Pin Properties Table

Pin x |y |arr|.. |cen Net
Name Name | Name

Pin 1

Pin 2
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Establishing standard formats for ML EDA
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