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Agenda

> Introduction : Dr George Floros
» ML/DL/AI Introduction : Dr Tahani Aladwani

» Thermal Challenges in EDA: From Traditional to AI-Driven Solutions: Dr Yixian Shen
Q&A/Break

» Al-driven Design Optimization : Dr Tahani Aladwani

> Al-driven Lithographic Hotspot Detection : Dr Tahani Aladwani

» ML-Assisted Approach for Accelerated Thermal & IR Drop Analysis: Dr Olympia
Axelou

> Swarm Intelligence for Electromigration-Resilient Design: Dr Olympia Axelou
» Unified thermal scheduler for DNN in 3D-stacked systems : Dr Yixian Shen

Q&A
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COIN-3D Overview

e COIN-3D goal:
 Researchand knowledge exchange activities in the area of 3D VLSI

® 00
Administrative staff
and TTOs
Assist researchers in
translating research
outcomes into
commercial ventures
4
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COIN3D: Partners
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ML/DL/AI Introduction

Al The science of making things smatrt. g

Intelligent
Al is a technique which enablesnachines to mimic human £ attribute
behaviors tolearn and solve problem. N3
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There are many way to make Al done

Input (x) | Output (y) E How we got this
il 1 =

2 4

= = We observed the x and y values to extract some patterns .

4 16 To solve this problem by machines, they needs to learn txtract these patterns by
— applying set of programs or algorithms.

5 | 7

Training Inference

« o J\i A

New example 5 J
Data

Input (x) | Output (y)
1 1 Output
2 4 ‘
— 25
4
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Machine learning ML

Supervised Learning Unsupervised Learning

Learn with labeled data. It has Learn with Unlabeled data. It Models take action in the

input (x) and output (y). has only input (x). environment, then receive

l state update and feedback. DataJ
Classification Regression Clus?ering ‘
'—_: ~~~~~ N e ® ¥ ©® Environmen t

/ X A‘" y : .’ ’;ﬁf”. ~~~~~~ - .. ,¢', -
';—-~“:\A s > "o T "\/ = o ® action feedback | state
s .. .\4'\: ____ % . .,/. \ e s ° | | L |

I

Model
Agent

ML requires
features from
humans and

structured

data.
vV

v

Smaller
datasets

Complex data i ﬂ

needs complex
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Deep learning (DL)

A technique for Implementing Machine Learning, known asdeep neural networks as
well.
What we mean byneural networks (NN) ? \WWay to mimic how neurons in your brain
work.

The word deep refers to the use of multiple layers in a neural network.

Simple Neural Network Deep Learning Neural Network

@ Input Layer () Hidden Layer @ Output Layer

Al Funded by
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Deep Learning

How DL works

Deep Learning Neural Network

( New exam p

N
J

Training data Feature extraction

Output
Flower

Model

inference /

—

oNololl o)

Funded by
the European Union




Deep learning (DL)

A

Recurrent Neural Networks.

Convolutional Neural Networks An advanced RNN

(CNN). well-suited to sequence data architecture that can learn Dat
Effective for image recognition such as time series or natural long-term dependencies in alta
and processing. sequence data.

How this can be helpful in thechiplet design?

Ideal for complex
problems, such as LLM,
and image recognition.

Funded by
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DL does not

requires features
from humans and
It works well with

unstructured
data.

v

large
datasets
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Al Is Transforming Semiconductor Design

Processes

Traditional design
methodologies

v Requires significant manual effort.

v' Often labor-intensive and time consuming,.

v" Increasingly constrained by human expertise and
lterative processes.

v’ Less accuracy

v' Less efficiency, and more vulnerable to defects.

Funded by
the European Union

Vs

Al design
methodologies

v Al automates repetitive tasks like component
placement, routing, and verification.

v Reduce time-to-market, improving the accuracy
of semiconductor fabrication processes.

v" Increase design efficiency and reducing defects.

v' Al utilizing advanced models such as Generative
Adversarial Networks (GANs) and DNN, CNN,
and RL offers innovative approaches to automate
and optimize various stages of chip design.
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Thermal Challenges in EDA: From Traditionalto Al
Driven Solutions.
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Overview of Traditional Chip Design Flow

SpecificationJ Define chip functionality (e.g., thermal constraints, power target

J

RTL_DeSign} Describe behavior using Verilog/VHDL.

U

[
[
[ Synthesis | Convert RTL into gafevel netlist.
[
|

L

Physical DesidrPIace gates, route wires, and optimize for timing/power.

U

Verification ] Ensure the design works as intended.
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Key Challenge: Power & Thermal Issues

More transistors

Higher power density

Overheating and reliability risks.

| | POWER
DENASITY W

Dynamic voltage
and frequency scaling

'm o

ARNANREE

pac ]

1—1 POWER DENSITY & =—-= B
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Dark Silicon

_ H E H N
Only a fraction of cores can be | H E E N |8

active simultaneously ‘ .l.}l-l.l

N
N NN
NN
EE NN

e

(a) TDP= 215 W Tsafe=80 ° C (b) TDP= 215 W Tsafe=80 ° C (c) TDP=215 W Tsafe=80 ° C
Tpeak = 83 ° C Pused = 211W Tpeak = 78 ° C Pused = 200W Tpeak = 80 ° C Pused = 219W
#active cores = 32 @2.6Ghz #active cores = 32 @2.6Ghz #active cores = 32@2.6GHz + 6@ 1.8GHz

Shafique, Muhammad, et al. "Dark silicon as a challenge for hardware/software co-design: Invited special session paper."
Proceedings of the 2014 International Conference on Hardware/Software Codesign and System Synthesis. 2014..
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Analytical Model for thermal management

O Thread rotations for blacksholes (Master+Slave threads)
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Fig. 3: Abstraction for concentric AMD-based rotation rings.
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Requiring extensive analysis

QO A theoretical peak temperature calculation

Tasi1)r = Q-diag( -) V2w
‘1)}.1 1) Aﬂ . 1)}.N—r

lEI e)‘iﬁ e
T ;v & R >-@E

(10)

AU AUl Rotation speed Rotation period Power traces
floorplan-based constants
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Machine Learning-based Thermal Management

Operating Points:
Tasks T AMD + Power Budge?

Simulation
with HotSniper

Thread IPS Op. Point 2
Execution Traces | ~CPI Stacks | OP- Point 1

Slice k

Op. Point n

——

Training Data
Generation

Thread Characteristics Target Core | Target
AMD Pg IPS ¢rpo|AMD Pg| IPS

625 15 2.2.10° 011 | 40 25]3.4.10°
6.25 3.0 3.1-10° 043 50 2012.3-10°

e —
Training Data

.3

IPS Model

Training Time
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[ ] Core Executing a Task

Current Mapping Migration Candidates

} A2

§ - &

Execute Best Migration

y

Performance Prediction
using IPS Model

Inference Time
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Q&A/Break



Lithographic hotspots (HSs) Detection




02

- 01

STEP
01

Manufacturing Precision: Lithographic hotspots (HSs) Detection

STEP
02

Smart devices nowadays such as (Apple iPhone , Watch , Laptops) use modern chips with advanced
capabilities (like 5 nm feature size or evensmaller in some cases).

Chips can have tens of billions of transistors, enabling advanced features like Al acceleration, high-
performance gaming, multi-core computing, lower power consumption, and more capabilities (e.g., Al,
5G, etc.). However, as the features shrink, the risk of manufacturing defects increase significantly.
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02

oL .
STEP
02
Lithography is used to create extremely tiny structures on 5 _ Hotspot
semiconductor wafers, which are the base materials for electronic @_l—v Sﬁg Detection
chips.
—> Mask
Due to the effect of neighboring patterns, there is a chance of Illumination<—@
bridging or pinching of the structures. This bridging or pinching of ‘\<>—’ Optics
the structures is known as lithographic hotspots .
—> Wafer

Fig. 3. Optical lithography.

Desired pattern Bridging Pinching

Findi.ng hotspots in the early
design stageis Mandatory
to avoid undesirable layout

atterns.
Funded by 5 S

the European Union




‘ Proposed solution

01
Lithographic hotspot detection can be done effectively using 02
convolutional neural networks (CNNSs).
. Hotspot
La Detection
pattx:muts nio;ulz
Nonhotspot
Lithographic
hotspot
Images
1 Hotspot

o | Not hotspot
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01

STEP
04

Introduced an accurate,

framework.

Value

Funded by
the European Union

02

fast , cheaper , and reusable hotspot detection

Loss and Accuracy vs. Epochs

10~

\
o8 \\

|
0.6 \

| — LSS

\ ACCuracy
0.4 - \
0.2 \

\*‘
0.0 e —
0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
Cpochs




BeGAN
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BeGAN 5
0n ©

STEP
01

Design Optimization: BeGAN

STEP
02

Benchmarks allow researchers and developers to validate the performance of new EDA algorithms by
comparing them to prior approaches.

For example, benchmarks help test whether an algorithm optimizes power delivery networks (PDNSs)
effectively or improves upon existing methods.

Benchmarks are difficult to create due to obsolescence, @
confidentiality, labor intensity, and data scarcity. &

Funded by
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BeGAN
01

Proposed solution
02

BeGAN a GANbased approach to syntheticallygenerate realistic benchmarks for PDN design
addressing the limited availability of real benchmarks.

PDN Benchmarks: Test tools that optimize the power delivery network for issues like IR drop and
electromigration.

BeGAN employs generative adversarial networks (GANs) to extract the characteristics of real
current maps (CMs) in a training set and generate a large set of realistic synthetic PDN benchmarks
(CMs and PDNs.

Funded by
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BeGAN

‘ Proposed solution
What Is GAN?

How GAN works?

(

)

N ——
( J ) J

Ui 19 g/ S T Network model, can
between real and
Generate data fake images. be CNN.

Create fake images

{

N

101 |-03]06 |..

Laten vector
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| 0.7

. X
02

Discriminator
loss
Generator
loss

We face a further
constraint that our GAN-
based approach must be

trained on limited data.

/4

Real

.

Fake




BeGANSsteps

01

‘ Proposed solution

How we can have enough data to train GAN model 0

02

TL to training the GAN on source data and thenfine -tuning the model on the target

datasets.

We aim to syntheticallygenerate a set of source benchmarks that are sufficiently similar

to the target datasets.

Source benchmarks:
A large dataset (24,000 datapoints) of urban satellite images from
Google Maps, filtered down manually to 4,167 images.

',\ !

ey o]

Target datasets:
A small dataset of 10 circuit CMs.

,b’
A
7 /
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BeGAN .
‘ 01
‘ Proposed solution
02

GAN transfer learning-based training\‘ .

/ BeGAN PDN benchmark generation \

Training L . Cil::::t;l;zp Power grid synthesis
Source dataset [ Satellite 0 \‘g\\ PDN [ Power ]
Urban satellite | +» image-based templates | bumps
1 . . >
eica | (SN, ) Trained GAN
: 1L N
Target dataset Current map-
Real circuit | H# based GAN
& g3
Funded by
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BeGAN

STEP
04

TheBeGANmethodology uses GenerativeAdversarialNetworks (GANSs)to:
v' Overcome Data Scarcity:

Instead of requiring thousands of real circuits, BeGAN learns from a limited dataset and
generatesmany realistic synthetic benchmarks.
v' EnableMachine Learningin EDA

BeGANproduces large, realistic datasets needed for training and testing ML-based EDAtools.
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ML-Assisted Approach for Accelerated Thermal & IR
Drop Analysis
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The Challenges in VLSI Design

* Increasing design complexity

ef YNLWbI~JI RACGALW e
* Miniaturization in VLSI design

e Chiplet-to-Chiplet 3D ICs

IJA LB b

o Criticality of hotspots and IR drops
e Long-term reliability (e.g. EM)

NIl ¢T RORY UG O W RO 2 0

 Time to Market /

A\ Efficiency

1 and performance

More Moo

trend

* Big data

* 10T and trillions of edge sensors

* Deep learning and artificial intelligence
* Exascale supercomputing

* Robotics and autonomous systems

Beyond CMOS

= Emerging Architectures
< Emerging Devices/Processes =|
= Emerging Materials

L5 Size

100 nm

10 nm

1 nm

Funded by @
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Why Traditional Methods Fall Short

« Computational inefficiency

* Methods like FEAand equivalent thermal RC
network are computationally expensive

»
»
»
ry .'

e Accuracy VS Scalability i
e Becomes difficult as chip sizes growand - Ve
designs become morecomplex S

J
.
DA
ot
e

ERU20GC¢caqRYU LIJFICULLIG]C’[IJLLIO» °°°°°° R

e [terative approaches
e Whatifibllt HIJUCI RYH e
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Transforming Chip Simulations with ML

EYel AJallétoWl OWIE6¢HI Re AW g toWe G OWBLNS 131 & e2a0IBEYT T1aUfUA LIaiBAGS 20211(

v Inference time in milliseconds

Image-to-image or

sequence-to-sequence

translation v' Competitive results w.r.t.

commercial tools

<1074

IR drop map

-

0 200 400 600 || 200 400 600
Width

Convolutional EncoderDecoder
networks (e.g., UNet, ConvLSTM

Current map

=]

o«

Current(A)
Voltage (V)

Encoder| State

7
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Thermal and IR Drop Analysis using ML

EYel AJallétoWl OWIE6¢HI Re AW g toWe G OWBLNS 131 & e2a0IBEYT T1aUfUA LIaiBAGS 20211(

 Inputs:

« Power distribution (d), PDN density (e),
effect. distance to power pads (f)

e Outputs:
* High resolution thermal maps (g) and IR

drop contours (h)

v' Reduces analysis bottlenecks

v Generalizable across designswith
same resolution and technology node

Funded by
the European Union

Internal power
Leakage power
Switching power
Activity factors

Power database

(@)

Block locations
Cell locations
Block sizes
PDN stripes

Layout information

(b)

Power pad
locations

Package
information

(c)

Power map

——_.

b

Temperature (C)

IR drop (mV)

(f)
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Shaping the Future of ML in EDA

e Enhance dataset diversitv

* Robust, scalable,
technology node:

 Democratizing He

e Fosteringinnovat
the EDA commur

e Improve Al model
e Transferablilityaci
* Expand applicati

 (Further) integrate

Funded by
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Swarm Intelligence for ElectromigratiBesilient
Design
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LongTerm Reliability of Power Grids

A Miniaturization in VLSI design

A Higher current densitiesexacerbate reliability issues

A Phenomenon ofElectromigration (EM)

A Causes migration of metal atoms, resulting irvoids (tensile stress),
hillocks (compressive stress) and ultimatelyopen circuits

A Performance issues likelR dropand signal degradation

A The need for smarter solutions in earlier stages gNElPElgCE

. Metal "

A Replace the conventional empirical models
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Challenges in EM\ware Design Optimization

Problem #1

7a40cHLt

Kt WA YT 130 Wn Y

©w

T 14 4 " O!—
L Y'YO=Q

Q

Given the
mission profile

[f)

Themaximum allowed

current dens. in the design

Funded by

the European Union

WE ~

EAD Browser

v 5.

Extraction Corner

Electrical Dataset

cadence

Problem #2

Tools Fes Characterizaion Edit View Static  Dynamic

B 8 & Q 2 @ 1+ ¥ e«

Cornetion  Windows  Help

¥ ¥ R
Cma.
Start Pointixy) | End Point(xy) | Lager | Net EM[X] =
4 26050,167 680 VIAZ3 V55 211 96%
5 261050,51.500
5 | 26080200100
7 | 2sos0s3se0 W Ve T
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16 | 14930135500  14830,135660 METAL2  vekdpi
17 | 14930135880 14930135220 METALZ  weldpi 49418%
18 14930 METALZ  veldpi
19 14530,136.940  METAL2  veldpi ry
20 | 2935128300 VIA4.  weldpi -
Feport Seting Export List
[ Dawn

\nsys




Swarm Intelligence for EResilient Design

EYel AlJalW§OW F 10 Ye ALWIIqiQilc 1o BOLRS 10 UIE K ARGD Y4 RS € g RY VYN ! WLIRICAMC | qRAGIIIWES ¢ | ¢

Pa—

Q o

o °
L O . 4
[ 3
\
\
\

1 1

RO

f
wo.\‘

w.:

v Well-suited for high-dimensional, non-linear
design spaces
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Incorporating Swarm Intelligence into Design Flow

- z ~ - ,r

EYel A#lJallg§ oW #1130 Ye ALWIIaqiailc iR IDINER ARIGD Y€ RS € g RY YN ! WLLRIC A00% ¢

e Concept: Proactive EM/IRDrop optimization of PDN lines

 Incorporates highly accuratephysics-based models

widths

o
O
zZ
. 4

Wire <

W | e

 Inputs: PDN, current densities, design constraints

Suggested position
of proposed
optimization method

e QOutputs: Optimized wire sizes for better reliability and

minimal area expansion

Funded by
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esign Flow
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Floorplanning

Place & Route

Parasitic Extraction

Sign-off Checks
(incl. EM/IRdrop)



Next Steps In ENResllient Design

e Scalable solutions for future technology nodes
* Need for morepublicly available power grid benchmarks

 Industry Adoption
» Create user-friendly pluginsfor existing EDA tools
« Standardized workflows intoearly design phases

e Foster collaboration

 Build interdisciplinary teams across Academia,
Industry, and ML scientists
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Unified thermal scheduler for DNN In-8tacked
systems
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wWSaSI NOK 0 I -e§cied®siesik Mo 5

d 3D-stacked Processdvlemory Architecture

o Allow Heterogenous
Integration

v

VARV A SRR A
A

s 74 " 0 Stacked (Logic/DARM) Dies

(T T T T 7T 27 interconneCtion
77 AN T 7 7 7 /b."

ME]]II] Laver

[ TOPNT Resiissin Gioeg « More compact material
nterface Materis

_ o Higher Bandwidth via TSV

Heat Sink 0 Lower Latency
AU UM

o emmm . TSV(Through Silicon Via)
/, ’ M7

Core Laver

Funded by
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wWSaSIl NOK 0 | -e§cied®stesh Mo 5
 3D-stacked Processdvlemory Architecture

0 Higher cost
Grid Cell e Simulation needed

A

A EEEEY /&
~~ =

b

(FRASTT GFH « CoMeT
MO ————V / / / Memory Bank

N e - i
; ",f.'/ o Higher power density
=

Core Laver

Heat Sgreader

Heat Sink

Funded by
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wWSaSI NOK 0 | -§cied®stesiR Mo 5
1 3D-stacked chips in industry

Rl

WRRRRAH RO

Up to““4'6:0:GB/s

Igtgl Lakefield XilinxVirtexUltrascale Samsung HBM2Hashbolt
Funded by 47

the European Union



wWSaSIl NOK 0 | -Si§cied®steshi Mo 5
 3D-stacked Processdviemory Architecture

80 -

Peak temperature of top most layer

70 1

The peak temperature of Streamcluster on varying frequencies

|
co

b |
h

=)
=Y

=
Y]

0 200 400
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600 800
Exection time(us)

1000

1200

1400

1GHz+open
1.5GHz+open
1.7GHz+open
2GHz+open
3GHz+open
3.2GHz+open
3.5GHz+open
3.7GHz+open
4GHz+open
4.1GHz+open
4.2GHz+open

o Higher cost
e Simulation needed
e CoMeT

o Higher power density

48



wWSaSIl NOK 0 | -§cied®siesi Mo 5
d Thermal behavior in 3Btacked systems(runnifgacksholep

Arch. type: 3D, Core: 2x2x1, Memory: 4x4x8
Time step = 424 ms

DVES { Cofe 16 Heat Sink

80

— Mem. 17 _MEM. layer 0 160

Mem. L6 5

Mem. L5 762

LPM — Mem. L4 74:9’
Mem. L3 2.3

Mem. L2 = _ _70g

Mem. L] = = g.

—  Mem. Lo 68}9

()]
()]

3D architecture temperature map

Fl-ll UGu vy
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A motivational example

0 3D-stacked processamemory systerawith DVFS and LPM

VAR ARY AR R A

Memory Bank

v
—P' Core 2 Core 1
Low Power Mode
Coreerernnnnnnns MO L1-D L1-I L1-D L1-1
<
h"“ﬁ L2 L2
9% . M1 Memory Laver
AL " LLC(Last Level Cache)
@ - - i/
- H“ﬂ\t' . : A ——— Core DVFS
NPM | NPM NPM NPM|, .- | M7 L L L L _/ L L2 L2
ya . | Memory Laver
NEM NP NPM | NPM /Corer/ Coret - 4 L1-D | L1I | L1-D | L1I
Z y A ay
/ / a4
NPM | NPM| NPM | NPM NPM
/ ACore 3 /L)@{"?‘ﬁ% 7/ —> Core 3 Core 0
NPM NPM| NPM NPM| . 4 L VA AU B
. | Core Laver e A
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A motivational example

0 Layerwised peak temperature for different layers

Temperature [C)

Temperature [C]

C --- M7 Mé --- M>5 M4 M3 M2 M1 Mo
80 T T — T T — ]
75 78°C e e e ST Lriiia s bl il e
70| P T e e e g
65 | . 0 LPM+4GHz is 18.33% faster than
Ot . | | — | | — | = No LPM+2.7GHz
> 0 10 20 30 40 50 60 70
Time [ms]
(a) 1st Scenario: 2.7 GHz core(s) frequency with 0 memory banks in LPM and 128 memory banks in NPM. 0) Com DUte -1 ntenSIVe benCh mar kS
“ benefit more from higher core
r T T T T T - T ] .
75 | 78°C i I E frequency than from LPM penalties
np - heEEEEEEEET |
65 |- -
o |
0 | 10 | 2|U | 3IU 4IU | SIU | 60 | 70
Time [ms]

(b) 2nd Scenario: 4 GHz core(s) frequency with 14 memory banks in LPM and 114 memory banks in NPM.

Funded by
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Low power mode(LPM) implementation

a Key features of LPM

o Data preserved in situ in LPM, avoiding migration

o Datainaccessiblén

0 Reaccessing data

LPM mode

requires toggling to NPM

o Power Model for 3D stacked Processor-Memory Systems

—>

~
Core performance
Pe‘rfoma!lce - | Core Power Modelw Core Power
Simulation I — Core V/F - N
”~
Core power states McPaT[24 ‘
Sniper([3] » 24]
A A ASK e .
5 g € | RDaccess counts T:Normal Latency
8 “ Ll
=|z15 ; WR access counts N No
=12 1212 | Access rate to
2z | &= Memory power states |
== - » power converter
- g g (E Memory bank power modes
ik = » ) N i
e 2|2 a = P:Low Power |
) = - T i T:Penalized Latency:
/55
e Scheduler .
Energy Mode

[ i.e. DTM policy
L%

?

CaCTI-3DD[4]

Core temperature && Memory temperature

oThermal

Simulation

HotSpot[17]

* X g
* *

BRI the European Union

*

T

A

eFloa rplan
Configuration

oProﬁIing Module

Performance
Statistics

Power Statistics

Temperature
Statistics

a Energy Statistics
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3QUTM: a unified thermal scheduler via Deefe@rning

0 The design of the @Qetwork

o Parameterize eachubactiorfeach core and each DRAM action)

o Embedding the parameterizesibaction

_______________________________

-,

" Lookup table : .--| | update the lookup table
\ 16 16 25 = wupdate weights
EE — — —— : .v . < | M
| I{DC ~O-Oo--gae- %}}'{{A\\( —>(Q(s0.as,) |
= “ore | Core N Memory; \‘r. 1"1!'.‘.‘(
"""""""""" 200 00 STl
embeddin 47"\ S8 A~ [Q(Sta th) ]
D . n ‘__.fselect - "'.“1( .‘\
embedding - () A \ : .
St a, /0 : :
) .
(sg.aq,) J
: Layer Hidden Embeding Q-value
(8¢.0¢, 1) -~ Layers Output Layer Qutput Layer
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