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The Evolution of Computer Hardware

When was the first Microprocessor?

1971, Intel 4004.
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Scaling of Apple SOC

Apple A7 (2013) Apple A10 (2016)

* 1,000,000,000 Transistors * 3,300,000,000 Transistors
o 102mm? die size o 125mm? die size
* 1.3GHz ° 2.34GHz
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Moore’s Law to Extreme Scaling

Number of Transistors
per Integrated Circuit

Moore’s Law
Process Technology (477?)
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Transistor Count
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Memory Card Scaling



Challenge: Larger and Larger Scale

Placement [L.u+,DAC"14]: 221K nets, 63 fixed macros and 210K movable cells.
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Challenge: Larger and Larger Scale
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Challenge: Larger and Larger Scale
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Challenge: Complicated Design Flow

1r

module test
input in[3];

endmodule

AR

DRC
Lvs
STA

‘ System Specification I

!

‘ Architectural Design I

!

Functional Design and
Logic Design (RTL)

!

Logic Synthesis

!

‘ Physical Design ’

!

Physical Verification and
Signoff

!

‘ Fabrication |

N

~

!

‘ Packaging and Testing |

!

o]
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Challenge: Complicated Design Flow
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input in[3];
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Toda
y « 100% Manual

Manual

Part Selection Manual Schematic Manual Layout « Error prone

+ Rarely optimal

rA

Source: Raspbrry Pi

.~ > Google -

Source: ClipArt

IDEA y
System . G‘oa.
Intent Generator Pruning Optimizer
! o |
E=] v
© =
: J%( = ’ gﬂ 2 Layout
P — - /. o E
\@ % \@ 2 Generator
2] Q
a
n
Inexact \//L\ Potential Solutions New Concept: Machine
Description Open synthesized board from intent
Parts DB and open COTS parts library. |4
.

https://www.darpa.mil/program/intelligent—-design-of-electronic-assets 11/69


https://www.darpa.mil/program/intelligent-design-of-electronic-assets

Outline

@ Integrating Active Learning

@ Integrating Deep Learning

O Integrating Deep Learning Engine

® On Irregular Structure Learning: Graph Learning

12/69



Active Learning



Challenge: Complicated Design Flow
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Gaps Between Design Stages

|

63 60 57 54 51 48 45 42 39 36 33 30 27 24 21 18 1512 9 6 3 0

¢ 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:

230
220
210
200
190
180

[ T T T T G“| ]
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mfo

35

Back-End Team Perspective:
T

T G*I‘
7500 - G2 -
7000 B
6500 B
6000 B
340 360 380 400

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
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Pareto Frontier

¢ All the points are not dominated by any other point.
¢ Evaluation: Hyper-volume.

- Size of the region bounded by the Pareto frontier and reference point.
- Each dimension of reference point is the maximum value on that dimension.

(@) fala)!

...................

Reference point

¢ Pareto-optimal point
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Active Learning Flow

¢ Gaussian process model;
¢ A prediction consists of a mean and a variance;

¢ Off-the-shelf library for implementation.

20
—— Prediction
15 ™= 95% confidence interval
10
é 5
0
-5
-10
0 2 4 6 8 10
X

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. 18/69



Active Learning Flow

¢ Given the prediction (m, ¢), a hyper-rectangle is defined as

HR(x) = {y : mi(x) — foi(x) <yi < mi(x) + foi(x)}
¢ The uncertainty region is defined as:

Riy1(x) = Ry(x) N HR(x)

fa(2) . fol(z) 4 R@)
m (.CU) ______ E for(x) Rt+1(w)
i HR(z) b

my(x) fi(z) flzi)
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Active Learning Flow

P, if max(Rs(x)) < min(R¢(x")) + 6,
x € ¢ N, if max(Ri(x")) < min(Rs(x)) + 4,

U, otherwise.

fa(x) )

Pareto-optimal

Non-Pareto-optimal

Unclassified

fi(2)
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Pareto-Frontier Results

8000
2300 Reb.Adder‘ Reb.Adder
Real PF Real PF
2200 - Predicted PF = | 7500 - Predicted PF =+ _|
2100 1 3
€ 27000 | 1
%2000 * g
(0]
<1900 | | 6500 )
1800 |- - 6000 | i
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Critical Delay(ps) Critical Delay(ps)
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Pareto-Frontier Results
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Learning Better Features for Prefix Adder Structure

The Proposed DSE
Framework

Pareto Frontiers in
Multi-obj Spaces

Surrogate

P;eﬁx Adder Graphs

Model - Predicted Pareto-
in Design Space Optlir; ‘;LESSSIgn
The adder design space exploration

H. Geng, Y. Ma, Q. Xu, J. Miao, S. Roy and B. Yu, "High-Speed Adder Design Space Exploration via Graph Neural Processes," TCAD21.
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Our solution: Overview (I)

The Adders in
Design Space

N

: :

! 1

) |

! 1

i |

) 1

1 |

! Incrementally Categorize Paretojoptimal, E

<::> Sample Adders Non-Pareto-optimal & |

| Unknown Adders !

: |

i |

i |

'

| N nknown Set iS g

:chucnliul Optimization- Empty? ]

\ based DSE Framework ____ T Y . ’

<:l> Output Adders Classified
as Pareto-optimal
Evaluation on Evaluation on Evaluation on
o Initial Adders O Model O Sampled Adders Outputs
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Our solution: Overview (II)

Categorize Pareto-optimal,
Non-Pareto-optimal &
Unknown Adders

Incrementally
‘Sample Adders

quential Optimization-based
DSE Framework

g

\
Evaluation on Evaluation on Evaluatidn on
O niial adders 3 Model O3 ‘Sampled Adders O Outputy

{ Graph Construction Mo (17071 01 0\
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| |
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| Prefix Adder Graph 00001101 f
' GCN Layer ]
1 i
: GCN Layer '
Latent Feature Vector of
Adder Design
1
" Neural
Process
MLP Encoder MLP Encoder
[ Concat ]
! Graph
Decoder
MLP Decoder

Inner Product

Stream I: VGAE

Stream II: NP

Output: Reconstructed Adjusted
Adjacency Matrix

Output: Predicted QoR metric
values with Uncertainties

b \E
ashusdn.
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Integrating Deep Learning



Challenge: Larger and Larger Scale

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

® Better estimation means efficient
design-to-market budget
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Complicated Relationship in Placement & Route j‘%@

Placement %= Routing
) 1 B
+ =~ not congested Pl 5 congested




RouteNet 3

Features Extraction

(1)..
(3)..

wxhxF Input Tensor

(a) matrix_mult_b: ¢, (b) matrix_mult_b: ¢,
h=800

(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

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

Proposed Model - Hotspot Detection

Conv(9)Pool Shortcut Trans(5) Conv(3)
Conv(7)Pool Trans(9) onv(5
Conv(9) Conv(7) ‘
32 64 32 32

Filter size mdlcated in()

Yclip

imm = min(Yj,,,.c)

== Pixel-wise loss function

Loss =

'[V]Z

11 hotspot Xima) = Yir Pllz + AWl

w h
=1

i=l m=ln

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

DRC Hotspot Detection Evaluation

Ground Truth RouteNet

3Xie+, "RouteNet: Routability prediction for Mixed-Size Designs Using Convolutional Neural Network", ICCAD’18. 29/69



Conditional GAN *4

Generator
G(x,z)

Discriminator D(X,g)

0 (fake)

Discriminator D(x,t)

The inputs of this network include image,ac.
and imageconnect;

The target image is the routing heat map
image imageouze;

It only uses the post-placement information
without routing information.

4Yu+, "Painting on Placement: Forecasting Routing Congestion using Conditional Generative Adversarial Nets", DAC'19. 30/69



T

126h

oo 3
oo vz )
oo 0w )
High resolution pin configuration images
[ T e— GCTTETED ——— D)
Short Cut i
I — GRS
prm———
" e

J-Net model

Decoding path

Output
unit

Low resolution tile-based feature maps

Input

5Hung+, "Transforming global routing report into drc violation map with convolutional neural network", ISPD"20.

Predicted DRC hotspot

Output
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Our Study: Feature Extraction

Capacity

Feed features into different RGB channels

Net density Congestion
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Our Study: Network Structure

Generator Input Latent Output
- Space
ﬁA“ l—» - 'H’ﬂ -

. . /"l" ’/ | J L )
Predictor Encoder Dechder
Discriminator: Input Convolutional layer Fully connected layer Output

Real
. o
ﬁ__——--- —) H
1] Y
Fake
o /‘/ .'//
- :
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Predicted Congestion Comparison

(a) adaptecl (b) adaptec3 (c) adaptec5 (d) bigblue3 (e) newblue2
(f) adaptecl (g) adaptec3 (h) adaptec5 (i) bigblue3 (j) newblue2

Top row: predicted congestion map; Bottom row: actual congestion map.
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Plugged In Global Router

NTUgr2 NCTU-gr NTHU-Route 2.0 Ours

TOF WL T(s) TOF WL T(s) TOF WL T(s) TOF WL T(s)

al 0 5.60 1772 0 5.44 102.53 0 5.36 207.11 0 5.38 207.37
a3 0 1341 157.7 0 13.11 154 0 13.15 225.84 0 13.10 263.89
a4 0 12.29 59.2 0 12.19 63.6 0 1217 56.11 0 12.23 77.29
as 0 16.03 520.4 0 15.95 381.71 0 15.53 549.98 0 15.64 611.39
bl 0 5.85 4284 0 5.97 204.32 0 5.57 406.78 0 5.60 283.41
n2 0 7.66 27.6 0 7.59 35.73 0 7.59 30.82 0 7.59 30.65
né 0 18.55 487.3 0 18.27 238.72 0 17.69 968.39 0 17.67 439.83
a2 0 5.36 39.8 0 527 36.02 2 5.23 93.4 0 5.24 51.23
ns 0 23.90 1220.1 0 23.46 281.47 18 23.14 721.52 0 23.21 399.4
b3 0 13.47 206 0 13.17 99.4 32 13.07 307.45 0 13.10 126.38
b2 2 9.42 6616.8 4 9.10 171.35 84 9.00 400.29 8 9.01 189.17
nl 38 4.87 143392 108 4.70 120.39 144 4.60 483.1 18 4.63 140.05
n4 148 1355 163274 172 13.00 158.86 242 12.88 1032.89 172 12.90 449.65
b4 212 23.96 4478.6 512 23.17 277.64 266 22.78 2145.56 160 22.74 930.7
n3 31136 17.96 363255 | 37182 10.80 21053 n/a n/a >24hrs | 31050 10.70  2603.55
Total 31536 19190 814112 | 37978  181.19  23378.74 | >788  >167.78  >86400.00 | 31606  178.74  6803.96
Ratio 1.01 1.07 11.97 121 1.02 344 n/a n/a n/a 1.00 1.00 1.00

6Z. Zhou, Z. Zhu, J. Chen, Y. Ma, B. Yu, T. Ho, G. Lemieux and A. Ivanov, "Congestion-aware Global Routing using Deep Convolutional
Generative Adversarial Networks", MLCAD’19.
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Integrating Deep Learning Engine



Recent Development of Placement

Normalized Quality
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" FastPlace3 @
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- APlace3
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ePlace

@
4

)
)
@
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() Min-Cut
() Quadratic
O Nonlinear

2006 2008 2010

2012
Year

2014

2016

2018
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Typical Nonlinear Placement Algorithm

Objective of nonlinear placement

min  WL(x,y), ( )
xy ) 0 (3, WL(ex,y)) +AD(x,y)
st. D(x,y) <t4 b efN. N Doy
ireleng enst
p N

Challenges of Nonlinear Placement

Low efficiency

» >3h for 10M-cell design
Limited acceleration

» Limited speedup, e.g. mPL, due to clustering
Huge development effort

m >lyear for ePlace/RePlAce
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Advances in Deep Learning Hardware/Software

Peak Double Precision FLOPS Amazon
V100

F TensorFlov

[

Microsoft

Deep Learning
Toolkit

GFLOPS

Keras

M1060 haswell Skvlake

Sandy vy
Bridge Bridge

Nehalem

2008 2010 2012 2014 2016 2018

Year Facebook
Over 60x speedup in
neural network training
since 2013

Deep learning toolkits
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DREAMPlace Strategies

¢ Cast the non-linear placement problem into a neural network training problem.
¢ Leverage deep learning hardware (GPU) and software toolkit (e.g. Pyt orch)

¢ Enable ultra-high parallelism and acceleration while getting the state-of-the-art
results.

7Lin+, "DREAMPIace: Deep Learning Toolkit-Enabled GPU Acceleration for Modern VLSI Placement”, DAC'19. 40 / 69



Analogy between NN Training and Placement

n
min Zf d(xi; W), ¥i) + AR(w) n},\i’nZWL@(xi; w),y;) + AD(w)
Forward Propagation
Compute obj
Data Neural Error Net Neural Error
Instance Ifl> Network Ifl> Function Instance Ifl> Network Ifl> Function
(xi, yi) B3 w) flo(xisw),yi) | (e;,0) WL(-;w) WL(e;; w)

‘Backward Propagation

Compute gradient Gobj

Train a neural network Solve a placement
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Analogy between NN Training and Placement

Casting the placement problem into neural network training

Net instances

Net Wirelength Output

Train a neural network

min Z WL(e;; w) + AD(w)

Forward Propagation

Compute obj
Net Neural Error
Instance |fl> Network Function
(Ei, O) WL(, W) WL(ei; W)

‘Backward Propagation
do

Compute gradient 6—£j

Solve a placement
42/69



DREAMPIlace Architecture 8

Leverage highly optimized deep learning toolkit PyTorch

Automatic
Gradient

API Match RePlAce
Nonlinear Nesterov’s
- [TCAD'lS,Cheng+]

OPs
C++/CUDA

8Cheng+, "RePlAce: Advancing solution quality and routability validation in global placement”, TCAD’18. 43/69



Experimental Results

-
DREAMPIlace
* CPU: Intel E5-2698 v4 @2.20GHz
* GPU: 1 NVIDIA Tesla V100

\- Single CPU thread was used

J

r

RePlAce
* CPU: 24-core 3.0 GHz Intel Xeon
* 64GB memory allocated

|\

Same quality of results!

10M-cell design
finishes within 5min c.f. 3h

RePlAce Threads = 1 m 10 == 20 40

DREAMPlace == V100
10*
O
34x £ 102
speedup =
o
10°
™
% 1SPD 2005 Benchmarks &
R 200K~2M cells ~ BD
104
0
43x £ 102
speedup €
o
10° T T T T T T

©
599& Industrial Benchmarks ‘.)\q*\
& 1M~10M cells &
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Future Directions

New Objectives

SGD, ADAM, etc. Routability, timing, etc.

DREAM
Gate sizing, BIGGER Multi-GPU,

floorplannin distributed computing,
P g mixed precision,

Applicable to Other )
CAD Problems New Accelerations

45/69



Routability Estimation x DREAMP]lace

[ Random Initial Placement ]

PR e S

Gradient ! | Wirelength Density Congestion | !
Computation, | Gradient Gradient Gradient |,
!

[ Legalization

v

[ Detailed Placement ]

Overall Flow

9S. Liu, Q. Sun, P. Liao, Y. Lin and B. Yu, "Global placement with deep learning-enabled explicit routability optimization", DATE"21. 46/69



Forward Propagation

¢ Features Extraction:
Backward Propagation Forward Propagation
: Gradient w.r.t. locations : :’ Cell Locations \: . .
| -  RUDY(xy): PHRUDY (. ) MacrRegion(.y).
| <~ Lo !
3 Gradient w.r.t. features VgL 3 | | M . Rlx‘ X R|Y| N RMXNX3.
| . :
1 L - * Prediction Network:
| V MacroRegion(x,y) L | i MacroRegion(x, y) !
| > o B! | fr: X CRMNVS oy c RMAN,
| Network QL | | Network | 1
| Backward | | Forward | . .
; b i @ Congestion Penalty Computation:
| ] P g |
: {Gradiem w.r.t. congestion map} : : { Congestion Map : 1
! VoL P ROV eRMXN L(X) = X|2
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, ; (X) = o X2

{ Congestion Penalty L = ﬁ”fk(M)”% }

* Mathematical Expression:

L(fr(M(x,y)))
47/69



Prediction Accuracy

102 102

w

#cases
o = N

T T .
I I

#cases
o~ N W

L L
I I !

|
0 0.5 1 0.6 0.8 1
(a) NRMS statistics. (b) SSIM statistics.

Prediction model evaluation.

11.
59 % Read database.

Initialization.

Compute L.

Compute WL and D.
Compute VL.

B Compute VWL and VD.
Legalization and DP.
Others.
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Placement Improvement

Table: Experiment results on ISPD 2015 benchmarks.

Benchmark NTUplace4dr 1 DREAMPlace 7 Ours
HCR V-CR WL(e+06um) RT(s) | HCR V-CR WL (e+06um) RT(s)| H-CR V-CR WL (e+06um) RT (s)
des_perf_1 0.101  0.038 1.32 331 | 0.143 0.129 1.23 10.868 | 0.153 0.126 1.23  44.07
des_perf_a 0.022  0.038 2.25 345 | 0.015 0.021 2.05 12.834 | 0.020 0.028 191 4451
des_perf_b 0.001 0.002 1.75 349 | 0.005 0.010 1.71 11.829 | 0.004 0.010 1.71 4599
ffe_1 0.125  0.093 0.52 79| 0.106 0.063 045 7.656 | 0.101 0.061 0.45  43.66
fft_2 0.821  0.002 0.53 113 | 0.664 0.006 044 7.636 | 0.665 0.006 0.44  48.05
fft_a 0.116  0.015 0.82 111 | 0.248 0.016 1.08 7.317 | 0.191 0.015 097 42.78
fft_b 0211  0.067 1.05 101 | 0.177 0.026 1.21 7942 | 0.142 0.047 112 4681
matrix_mult_1 0.156  0.057 2.57 297 | 0.165 0.340 219 13.69 | 0.168 0.334 2.19 52.9
matrix_mult_2 0210  0.073 241 344 | 0253 0.238 228 13.69 | 0.251 0.242 228 5225
matrix_mult_a 0.017  0.028 3.65 374 | 0.145 0.113 545 15.30 | 0.020 0.024 349 4791
matrix_mult_b 0.032  0.035 3.67 307 | 0.044 0.025 451 1491 | 0.020 0.028 3.47 50.5
matrix_mult_c | 48956 29.719 126.71 2674 | 0.089 0.017 4.87 14.38 | 0.029 0.016 342 4841
pci_bridge32_a | 0.110 0.056 0.54 121 | 0.192 0.098 0.52 7.33 | 0.076 0.036 043  44.64
pci_bridge32_b | 0.001  0.004 0.77 95| 0.001 0.005 0.83 8.08 | 0.002 0.008 0.65 43.72
superbluel2 0.034  0.495 46.70 10813 | 0.125 0.374 38.1 96.18 | 0.131 0.379 36.46 5478
superblueld 0.064  0.056 29.50 7010 | 0.041 0.051 26.1 54.26 | 0.055 0.081 25.28 168.35
superbluelé6_a 0.186  0.031 33.40 7068 | 0.090 0.013 282 5492 | 0.164 0.028 28.70 170.21
superbluel9 0.022  0.089 20.50 7890 | 0.033 0.093 170 4223 | 0.039 0.091 1670  97.84
Average ‘ 0.131  0.069 8.94 2102.82 ‘ 0.141  0.091 7.68  22.28 ‘ 0.124  0.087 727 9113

Achieve up to 9.05% reduction in the congestion rate and 5.30% reduction in
routed wirelength compared with DREAMPlace and NTUplace4dr.

10Huang+, "NTUplace4dr: a detailed-routing-driven placer for mixed-size circuit designs with technology and region constraints", TCAD’17.
7Lin+, "DREAMPIace: Deep Learning Toolkit-Enabled GPU Acceleration for Modern VLSI Placement”, DAC'19. 49 / 69




Graph Learning



Challenge: Irregular Structure Learning

* Verification [Yang et.al ¢ Mask optimization [Yang et.al DAC’2018]

TCAD’2018]
% T..T:: <«---- Simulator /q-
S e ey, W e L— T .

More Considerations

¢ Existing attempts still rely on regular format of data, like images;

¢ Netlists and layouts are naturally represented as graphs;

¢ Few DL solutions for graph-based problems in EDA.
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Example 1: Test Points Insertion

Fig. (a): Original circuit with bad testability. Module 1 is unobservable. Module 2 is
uncontrollable;

Fig. (b): Insert test points to the circuit;
(CP1,CP2)=(0,1) = lineI =0; (CP1,CP2)=(1,1) — lineI = 1;

CP2 = 0 — normal operation mode.

w w 0N B
(o3 1
CP1 CP2
(a) (b)
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Node Classification

¢ Represent a netlist as a directed graph. Each node represents a gate.
¢ Initial node attributes: SCOAP values '2.

¢ Graph convolutional networks: compute node embeddings first, then perform
classification.

Layer 1 Layer 2 FC Layers
Prediction

12Golclstein+, "SCOAP: Sandia Controllability /Observability Analysis Program", DAC’80.

11Y. Ma, H. Ren, and B. Khailany, H. Sikka, L. Luo, K. Natarajan, and B. Yu, "High Performance Graph Convolutional Networks with Applications

in Testability Analysis", DAC'19. 53/69



Node Embedding

Encoding d=2
@ 1 x 64] Ky =128
Aggregation

) |®[1><64]| @nx64 || @ x64 ||@[1x64} |
o Encoding } Encoding T EncodingT EncodingT
J @ @ i u][@ i ][®@ ] e

Aggregation| Aggregation Aggregatiol Aggregation
OO OB || O®® || O®
[4 x 4] [3 x 4] [3 x 4] [2 x 4]
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Efficient Inference

Neighborhood overlap leads to duplicated computation — poor scalability.

Transform weighted summation to matrix multiplication.

Potential issue: adjacency matrix is too large.

Fact: adjacency matrix is highly sparse! It can be stored using compressed format.

1 2 3 4 5 6 -
11l w w w 0 07 elélz—)l
@«@2 2 w, 1 0 0 w O €31
3)
@\@? oA p 3w 01 0 0w e
@ ! T alw o0 0 1 0 0 [
500 w 0 0 1 0| |0
610 0 w 0 0 1] |

e
L-d—1

55/69



Efficient Training

¢ Adjacency matrix cannot be split as conventional way.
¢ A variant of conventional data-parallel scheme.

- Each GPU process one graph instead of one "chunk”;
- Gather all to calculate the gradient.

Training data: %2,0 Q(({Odo
O\
AN

GPU1

GPU2
Gradient

1

\J
Output—Evaluate <= Output
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125
Benchmarks i

affensan

¢ Industrial designs under 12nm technology node.

¢ Each graph contains > 1M nodes and > 2M edges.

Design | #Nodes | #Edges | #POS | #NEG

Bl 1384264 | 2102622 | 8894 | 1375370
B2 1456453 | 2182639 | 9755 | 1446698
B3 1416382 | 2137364 | 9043 | 1407338
B4 1397586 | 2124516 | 8978 | 1388608
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Classification Results Comparison

¢ Baselines: classical learning models with feature engineering in industry;

* GCN outperforms other classical learning algorithms.

R SVM mm RFmmm MLP mm GCN

1
> 09 B
g
=
9
< 08| :
7
0 Bl B2 B3 B4 Average
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Testability Results Comparison

¢ Without loss on fault coverage, 11% reduction on test points inserted and 6%
reduction on test pattern count are achieved.

Desion Industrial Tool GCN-Flow
&1 §OPs | #PAs | Coverage | #OPs | #PAs | Coverage
Bl 6063 | 1991 99.31% 5801 | 1687 | 99.31%
B2 6513 | 2009 | 99.39% 5736 | 2215 | 99.38%
B3 6063 | 2026 | 99.29% 4585 | 1845 | 99.29%
B4 6063 | 2083 | 99.30% | 5896 | 1854 | 99.31%
Average | 6176 | 2027 99.32% 5505 | 1900 99.32%
Ratio 1.00 | 1.00 1.00 0.89 | 0.94 1.00
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Example 2: ing Degradation Estimation

INPUT ___SIMULATION _ OUTPUT

Fresh Simulation E)evice Aging Informatiota

Static Stress

|Norrna1 Parameters |

Dynamic Stress Device Degradation

y \
i )
: |
i }
i |
i |
i '
i |
| '
\ |
i )
| | -
Circuit Netlist i | Stress Simulation | | i”dex I"S;gnce - (dvtlin(HCI+BTI, V)
s .Zb5€-0
i : 12 M .. 1.238e-02
{ |Dev10e Degradat10n| 13 MO 1.224e-02
i 7 i 4 M3 1.193e-02
i - : - 15 M7 1.185e-02
i Aging Simulation L6 ML 1 1726-02
¢ 7 M2 1.159e-02
|
E | Aging Parameters | 1|8 Mo 1.153e-02
\ 1
Circuit Netlist | i n '
ton fionflon fg o - ;
- ks Fiekas FRss b E)evme Aging Informatloxg
Static Stress ! L ! !
---------------------- OUTPUT

INPUT ESTIMATION
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Heterogeneous Graph Representation

@ ‘I 2 1 0

M3 1 0

R 0 0
() vad | 0 0
63 GND\ 0 0

‘ f'l ® o

@

13

T

M3 M4
0 0
0 0
1 1
2 0
0 0
0 0
0 0

R Vdd
0 0
0 0
0 0
0 0
0 0
0 0
0 0

T. Chen, Q. Sun, C. Zhan, C. Liu, H. Yu and B. Yu, "Analog IC Aging-induced Degradation Estimation via Heterogeneous Graph Convolutional
Networks", ASPDAC’21.

GND
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Heterogeneous GCN

Unified Latent Space Mapping

£ — Z X, U € R Vimgl X7

te Ovhmg

Heterogeneous embedding generation

FO =4 <CONCAT (A : F(l‘l),F("1)> : w<’>) AL S wA,
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?f(f"“ll) ff(/mun

‘ FC layers U ‘ FC layers u

£3)

< Embedding Generation

£0)

Deep heterogeneous embedding generation

FO = o (CONCAT (& - FI=0,F0-D, FO) . Wi ) . WO « (1 - g)1 + WO,

14T4 Chen, Q. Sun, C. Zhan, C. Liu, H. Yu and B. Yu, "Deep H-GCN: Fast Analog IC Aging-induced Degradation Estimation", TCAD’21. 63/ 69



Experimental results: benchmarks

Table: Statistics of Designs (industrial 5nm PLL design) Table: Device Type

Design | #trans. | #device | #net
1 4348 | 99,009 | 18,155 Type | #Param.
2 4,382 99,696 18,299 MOS 51
3 3,999 | 179,758 | 31,303 MOS spice 75
4 3,998 | 185,480 | 33,819 DIO/ESD 8
5 4980 | 692,480 | 111,308 Cap 12
6 523 31,279 6,002 R 6
7 | 6398 | 452,109 | 76,807 VSource 1
8 1,998 96,749 | 16,006
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Results

Table: Accuracy
Design | DFR ool static) | GENT | GCNI® | H-GCNT | Deep HGON
| MAE  7*Score | MAE 1?Score | MAE 17 Score | MAE 7% Score | MAE 77 Score
1 4.009 0.181 1.316 0.703 1.332 0.691 0.914 0.821 0.824 0.843
2 4.072 0.194 1389 059 | 1339 0619 | 0893 0814 | 0.856  0.839
3 4.543 0.327 4.070 0.588 4.166 0.599 2.302 0.817 2.012 0.840
4 4.515 0.332 4111 0588 | 4.177 0551 | 2575 0746 | 2.350  0.815
5 4.160 0.277 3.750 0.521 4.021 0.354 2525 0.787 2.454 0.816
6 3.962 0.395 2.077 0.802 |2092 0802 | 1.661 0.834 | 1.541 0.865
7 4.319 0.266 3.166 0.685 3.168 0.689 2.889 0.826 2.704 0.874
8 4.594 0.224 3.491 0.637 | 3.748 0.610 2.670 0.786 2.503 0.840

CODFR-D mm DFR-S == Deep H-GCN

105 77
104 -

T T T
103 |
10° | II II II II Ir
D4

D1 D2 D6 D7 D8 Ave.

Runtime (s)

15 Hamilton+,"Inductive representation learning on large graphs", NIPS'17.
16Chem—, "Simple and deep graph convolutional networks", ICML"20.

13 T. Chen, Q. Sun, C. Zhan, C. Liu, H. Yu and B. Yu, "Analog IC Aging-induced Degradation Estimation via Heterogeneous Graph Convolutional

Networks", ASPDAC’21.
14T4 Chen, Q. Sun, C. Zhan, C. Liu, H. Yu and B. Yu, "Deep H-GCN: Fast Analog IC Aging-induced Degradation Estimation", TCAD’21. 65 / 69



Conclusion

® Active learning leverages the gap between two different design spaces

¢ Extention: parameter tuning?

¢ Enable Deep Learning in back-end phase

¢ Extension: Integrated in Global/Detailed Placement

¢ A GCN-based methodology is proposed for netlist representation;

® GCN shows superior performance to classical learning models in test points insertion
problem and circuit reliability analysis.
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Rethinking: “ImageHotspot” v.s. ImageNet
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