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Thaesrit: %1t RTL ;
B LEFEA: 4§ RTL
IR ET
o A HliE: B % 'JTS‘UIYM GDS ki

\}'L\

XV

W% GDS 18Rk

5;

(314 - RTL)
RS A RIEE (RTL —» M3R)

&

~

(MFT - GDS)
HETy /A (GDS - o/ 7~ m)

RTLIZ %1%t S

YR A =

X

g8 R Y =t

GDS#IE ki [&]

mdl alu32(Result, ALUOp, A, B, Zero) ;
output [‘ALULEN:0] Result;
reg [ ALULEN 0] Res lt
output Ze D

reqg efD,
input [2:0] ALUOp;
input [‘*ALULEN:0] &, B;

always @(A or B or ALUOp)
begin
case (ALUOp)
3’b000: Result = & & B ;//and
3’b001: Result = & | B ;/for

add your code here for addition, subtrac

Ol
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Moore’s Law: The number of transistors on microchips doubles every two yvears ERRCe
com's | nes the empirical re hat the rx ' 1 integ ratad s Arpeasimat a n D:

-

BRAESR

SHTBRERL (BE5S) BT (1) NEA, SMCEAEERBEEgite
BITRERN—, BEMBCEHINEES, mFSEHBRIANENP- - ='i;:* ‘
Completeliagt, EILAIAHREE ARG HHBRABDENEEI L, - RRRE L

. o
o B
she

.o
RTL Design 00,000 soee
. : 3o
y o
1 . °

Logical Synthesis /

o 2}55?(_fperf(x),fpwr(x):farea(x))

\
DRC & LVS \.‘
Signoff

Chip Design Flow Auto Placement and Route (APR) Flow

[Reference: https://en.wikipedia.org/wiki/Moore%27s_law#/media/File:Moore's_Law_Transistor_Count_1970-2020.png]
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building intelligent machine

NAUTCINSIGHT

From evolutionary computation ==
to the evolution of things
Agoston E. Eiben' & Jim Smith? g

“Structure of the child machine = Hereditary material
Changes of the child machine = Mutations e
Judgment of the experimenter = Natural selection”

: P # (Nature) 20154EH1 3248

[A. M. Turing. Computing machinery and intelligence. Mind 49: 433-460, 1950.] §:|:|J ﬁl]jg/\j(ft% ﬁijz—
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HASKKESEARLIT

Ser/es N700

BEFETIE 19%

Technological overview of the next generation Shinkansen high-speed train Series N700

Series 70

M. Ueno', S. Usui1, H. Tanaka1, A. Watanabe®

'Central Japan Railway Company, Tokyo, Japan, *West Japan Railway Company, Osaka, Japan

waves and other issues related to environmental compatibility such as external noise. To
combat this, an aero double-wing-type has been adopted for nose shape (Fig. 3). This nose
shape, which boasts the most appropriate aerodynamic performance, has been newly developed
for railway rolling stock using the latest analytical technique (i.e. genetic algorithms) used to
develop the main wings of airplanes. The shape resembles a bird in flight, suggesting a feeling
of boldness and speed.

On the Tokaido Shinkansen line, Series N700 cars save 19% energy than Series 700 cars,
despite a 30% increase in the output of their traction equipment for higher-speed operation (Fig.
4).

This is a result of adopting the aerodynamically excellent nose shape, reduced running

Learning And Mining from DatA
http://www.lamda.nju.edu.cn

EXEFABXRZa0T

8%%& 93% LI

Computer-Automated Evolution
of an X-Band Antenna for NASA’s
Space Technology 5 Mission

Gregory. S. Hornby Gregory.S.Hornby@nasa.gov
University Affiliated Research Center, NASA Ames Research ParkL UC Santa Cruz
at Moffett Field, California, 94035

Jason D. Lohn Jason.Lohn@sv.cmu.edu
Carnegie Mellon University, NASA Ames Research Park and Moffett Field,
California 94035

this, different combinations of the two evolved antennas and the QHA were tried on
the ST5 mock-up and measured in an anechoic chamber. With two QHAs 38% efficiency
was achieved, using a QHA with an evolved antenna resulted in 80% efficiency, and
using two evolved antennas resulted in 93% efficiency. Here “efficiency” means how

http://www.lamda.nju.edu.cn/qgianc/
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5 [Arnold, 1998]

“Evolution—the adaption of species to different environments
—has created an enormous diversity of life. Frances Arnold has

O Nobel MediaAB Prfo:A. O Nobel MediaAB Prfo:A. O NobelMedia AB Prol: used the same principles — genetic change and selection — to
FrancesH.Amold  GeorgeP.Smith  Sir Gregory P. Winfer develop proteins that solve humankind’s chemical problems. In
e e e 1993, Arnold conducted the first directed evolution of enzymes,
which are proteins that catalyze chemical reactions. The uses of

The Nobel Prize in Chemistry 2018 was divided,

one half awarded to Frances H. Arnold "for the her results include more environmenta/lyfriendly manufacturing
directed evolution of enzymes", the other half . .

Frivaiet b v s e of chemical substances, such as pharmaceuticals, and the

Winter "for the phage display of peptides and production of renewable fuels.”

antibodies."

http://www.lamda.nju.edu.cn/qgianc/
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EFEM ST

A high-resolution summary of Cambrian to Early
) Triassic marine invertebrate biodiversity

Jun-xuanFanu, Shu-zhongShen"?'l‘, DouglasH.Erwin“‘vS, Peter M. Sadler N n MacLeod', Qiu-min

Science: “HTRIBIBEMG L, HEDENELE
YFRTE”

Nature: “EHEFIFERUFE AT R TR3MZ
FHE”

2020 FHRERZ=+XiHERE
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EUEAREBMRREFFBAMNMEIE, EXBIEMIR

KH?EE] [Google, Nature’21]

“.. 1t is very slow and difficult to parallelize,
thereby failing to scale to the increasingly
large and complex circuits of the 1990s and

- E beyond.” N
AR{RI RSN ?

£ IR SR SR FEWE
it [Fan et al., Science’20] FEM ST

S B E L ol E
FEMEESREEE / B =
3122/ &I E :D ol A
112684 49174 “RE2E” = H

700 7 4% B
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EWFES]
B S SR E RS F S AE SRR R AL 5]

)\H_Ij',
Lév
o
N
LL,

-ERFEER, FERTEBREMN, ATEN. AHENTER

] Evol ili Journal of the ACM, Vol. 56, No. 1, Article 3,
b Valiant volvab ty Publication date: January 2009.

&| = I 48 5= Abstract. Living organisms function in accordance with complex mechanisms that operate in different
2010FF R ZE=sE Ing organism ne : : :

ways depending on conditions. Darwin’s theory of evolution suggests that such mechanisms evolved

IS 'ﬁ; j( FSY2 %ﬂ?: through variation guided by natural selection. HoweverJthere has existed no theorylthat would explain

A =N X quantitatively which mechanisms can so evolve in realistic population sizes within realistic time

“there has existed no theory that would explain quantitatively which
mechanisms can so evolve in realistic population sizes within realistic time ...”

http://www.lamda.nju.edu.cn/qgianc/
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BAMERE B SEER

Zhi-Hua Zhou, Yang Yu, Chao Qian
Zhi-Hua Zhou - Yang Yu - Chao Qian

Fvolutionary Evolutlona.ry Learn.mg: A RN
Learning Advances in Theories and
Algorithms

and Algorithms

B 58 XHE

* Presents theoretical results for evolutionary learning
e Provides general theoretical tools for analysing evolutionary algorithms

* Proposes evolutionary learning algorithms with provable theoretical
guarantees

“Springertt Bl F4F B B B HUDAE R

@ Springer

B s g AR

http://www.lamda.nju.edu.cn/qgianc/



N ZEG: T,

ajll

LAIViDA

Learning And Mining from DatA
http://www.lamda.nju.edu.cn

=

Jui

:

™ | j‘ R
q
"J ﬁ _I
4.J ﬂ 9
e

C‘Jsl

e

13 L I )

Ey

Figures are from http://www.or.uni-bonn.de/~vygen/files/buda.pdf
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Macro placement oyl
Minimization objective: Half Perimeter Wire Length
Al
HPWL(s,H) =Y (w;+ h;j)
€ ck J§
Sum of the half perimeter of nets’ bounding boxes, 2 |
&4

which is non-differentiable I p

h Y nr2 . w, o S

842

Constraint: High-dimensional: (xl,yl)l
No-overlapping Thousands of macros : W1 >

HPWL=W1+h1+W2+h2

Some figures are from [Jens Vygen, Combinatorial Optimization and Applications in VLSI Design] http://www.lamda.nju.edu.cn/qianc/
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............. boundary [Chen et al., DAC’07]

¢ i G

o O
| %Eg BL-packing /=<

/
’

: ! C
i B e e
= 5 Mapping LS
= e e T e W

i
c© Cy TR-packing BR-packing

\

Classical EAs Placement solution Packing tree data structure
1980s-2000s

* Final performance heavily relies on the initial placement

* Packing-based solution representation N -
* Low-efficiency and low-scalability

e Optimize by Evolutionary Algorithms (EAs) o , , -
... it is very slow and difficult to parallelize, thereby failing to

scale to the increasingly large and complex circuits of the

1990s and beyond.” [Google, Nature’21]

http://www.lamda.nju.edu.cn/qgianc/
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——
EE ﬂ IS * Smooth the HPWL formulation
ﬁu ﬁﬁj] e Optimize by gradient descent
- ﬂj a * Overlapping
Classical EAs Analytical Placers * Get stuck in local optima

1980s-2000s 2000s-Now

Some figures are from [Yibo Lin, DREAMPlace] http://www.lamda.nju.edu.cn/gianc/



Previous methods

I
i

]

1 1

Classical EAs

1980s-2000s

Discretize

—)

Analytical Placers
2000s-Now

Place macros
by RL agent

LAIVIDA

Learning And Mining from DatA
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[Google, Nature’21]

Reinforcement Learning Methods

Place one by one

All macros placed

2021-Now

e Markov Decision Process
* Long training time

* Poor exploration

http://www.lamda.nju.edu.cn/gianc/
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Previous methods s o
* Graph Placement [Google, Nature’21] [Google, Nature’21]

The first RL method for macro placement, sparse reward
* DeepPR [Cheng et al., NeurlPS21]

Involve both vision and graph features, macro overlap
 MaskPlace [Lai et al., NeurlPS’22]

Involve dense reward by Wiremask, converge too fast

« ChiPFormer [Lai et al., ICML’'23] Reinforcement Learning Methods
Involve transformer to enhance transferability, converge too fast 2021-Now
Diccretise Place macros | * Markov Decision Process
‘ — - ‘ ¥ c
n i ; * Long training time

Place one by one All macros placed ® POO r ex p I (0] ratiO n

http://www.lamda.nju.edu.cn/qgianc/
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Solutions (a) (e)
I [

Genotype representation Phenotype representation

[Shi, Xue, Song, and Qian, NeurlPS 2023] http://www.lamda.nju.edu.cn/gianc/
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Proposed genotype-phenotype mapping i e dandanpuedu
Solutions (a)

enotype B ]
reSrese:l\faJtion u ]

l Remove all macros
(b)

Canvas

Partition the chip canvas into discrete grids

[Shi, Xue, Song, and Qian, NeurlPS 2023] http://www.lamda.nju.edu.cn/gianc/



Proposed genotype-phenotype mapping

Solutions (a)
-
Genotype B
representation n

(b)

Canvas

Remove all macros

A
Order ﬂ

Next macro

The first macro to place

LAIViDA

Learning And Mining from DatA
http://www.lamda.nju.edu.cn

[Shi, Xue, Song, and Qian, NeurlPS 2023]

http://www.lamda.nju.edu.cn/qgianc/
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Proposed genotype-phenotype mapping e s
Solutions (a)
Genotype B :
representation n
‘ Remove all macros
Calculate the wirelength increment after placing the macro:
Canvas (b)
e G Invalid location resulting in overlap or exceeding the boundary
——> |s|6|6|6]|s : : : : .
(AB) [} [6lsl6le|s 6 | Wirelength increment if placing at this grid
(ACQ I i|6|6|6|6|6 : _ :
y 6 | Underlined number means the minimum increment
Order E
u Next macro

[Shi, Xue, Song, and Qian, NeurlPS 2023] http://www.lamda.nju.edu.cn/gianc/
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. earnin ning from DatA
Proposed genotype-phenotype mapping e el i, s
Solutions (a)
enotype B ]
reSrese:l\faJtion n ]

l Remove all macros
Canvas (b)
Netlist input | 6 | 6 6|6
R —— éﬂ Al Refer to its original location
(AB) L i|s|6]6|6]|s
(ACOTi|l6|6|6|6]|6
A
Order =
n Next macro

[Shi, Xue, Song, and Qian, NeurlPS 2023] http://www.lamda.nju.edu.cn/gianc/
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. earnin ning from DatA
Proposed genotype-phenotype mapping e el i, s
Solutions (a)
enotype B ]
reSrese:l\faJtion n ]

l Remove all macros

Canvas (b)
Netlistinput | 6 |6 |6 |6 | 6
S 151 G5 W61 Refer to its original location
AB) L il6|6]6|6]|s
(ACOf i|6|6|6|6|s
A
Order =
Next macro

[Shi, Xue, Song, and Qian, NeurlPS 2023] http://www.lamda.nju.edu.cn/gianc/



Proposed genotype-phenotype mapping

Solutions

Genotype
representation

Canvas

Netlist input
—_—p

(A,B) [}

(A0 [ i

Order

(a)

_<_ I

(b)

Remove all macros

([S))

|

)}

L~

b

1 [Ioy |1

1 |1 [IC

I [y |

1o |y ||

E-> 1o i B [1on

Place A

=)

HPWL + 6

Next macro

(c)

LAIViDA
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Choose the nearest best grid

Place the macro

[Shi, Xue, Song, and Qian, NeurlPS 2023]

http://www.lamda.nju.edu.cn/qgianc/



Proposed genotype-phenotype mapping

Solutions

Genotype
representation

Canvas

Netlist input
—_—
(A,B) [__i

(A, Q) £}

Order

(a)

_-_ N

3

(b)

Remove all macros

Place A
6|66 |6|6
6|65(6|6|6 ‘

=
61616 |6|(6| HpwL+6
6|66 6|6

|

| |

nNextmacro

(c)

B jw 1w

B 1w |l

&

B Next macro

Place B

S

HPWL + 3

(d)

e

LAIViDA
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Choose the nearest best grid

Place the macro

[Shi, Xue, Song, and Qian, NeurlPS 2023]

http://www.lamda.nju.edu.cn/qgianc/
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Solutions

Genotype
representation

Any
placement

Canvas

Netlist input
—_—
(A,B) [ i

(L

Order

(a)

B

Place A
slelslsls| o
ggﬁggﬁ‘
6|66 |6|6| HPWL+6
616666

| |
B
Nextmacro

Remove all macros

(c)

Phenotype
representation

Good valid
placement

Place B

=

HPWL + 3

£ |Iw 1w

& |1Ww |

£

B Next macro

(e)

L] Place macros B and C similarly
B
Obtain the valid phenotype
placement result
Place C tHPWL +2
L N
i A greedy mapping based on
® the increment of wirelength
4
- Improve the efficiency
C Next macro

[Shi, Xue, Song, and Qian, NeurlPS 2023]

http://www.lamda.nju.edu.cn/qgianc/



Optimization based on proposed mapping

Solutions

Solution to be evaluated
(Genotype representation)

WireMask Guidance

Netlist input

n
>

Hyper-edge 1: (A, B) [ i

Hyper-edge 2: (A, C) L_-E

Adjustment Order

Genotype

(a)

=

3

—
(=3
N

(5}

1o |[I1O |l ||

1o |[Io |l ||

1o |[I1O |l ||

1o |[IO |l ||

6

6

| |

| |
n Next macro

7

—

Improved solution
(Phenotype representation)
HPWL =11

:Coordinate in the
original placement

(c)

Place A

=)

HPWL + 6

W |[Ww

B |lw |

4

Place B

=)

HPWL + 3

Next macro

Phenotype

(e)

LAIViDA
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Evolutionary

Learning

Place C tHPWL +2

=

HlWIIIN|IN | W

IN

Next macro

2
N
A

(1+1)-EA

Initialization: Randomly generate 100
genotype solutions and pick the best

Mutation: Randomly exchange two
macros’ locations

Already performs well!

[Shi, Xue, Song, and Qian, NeurlPS 2023]

http://www.lamda.nju.edu.cn/qgianc/
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Comparison with previous SOTA methods et/ fwwwlamda.nju.eduon

Table I:IWirelengthI( X 10%) obtained by ten compared methods on|seven popular ISPD contest chips.l

Classical EA Method Type adaptecl adaptec?2 adaptec3 adaptec4 bigbluel bigblue3 bigblue4 (x107) +/— /=~ Avg. Rank
method €= Sp-SA [33] Packing  18.84+4.62 117.36+8.73 11548+7.56 120.03+4.25 5.12+143 164.70+19.55 2549+2.73 0/7/0 6.86
NTUPlace3 [12]  Analytical 26.62 321.17 328.44 462.93 22.85 455.53 48.38 0/7/0 9.00
Analytical { RePlace [13] Analytical 16.19+2.10 153.26+29.01 111.21+11.69 37.64+1.05 245+0.06 119.84+3443 11.80+0.73 1/6/0 5.28

DREAMPIlace [28] Analytical 15.81+1.64 140.79+26.73 121.94+25.05 3741+0.87 244+0.06 107.19+£2991 12.29+1.64 1/6/0 4.86 [Google,
Graph [32] RL 30.10+£2.98 351.71+£38.20 358.18+ 1395 151.42+9.72 10.58+1.29 357.48+47.83 53.35+4.06 0/7/0 2001 N 21
RL DeepPR [15] RL 1991+£2.13 203.51+£6.27 347.16+4.32 311.86+56.74 23.33+3.65 43048+12.18 68.30+4.44 0/7/0 8.86 ature’21]

MaskPlace [26] RL 6.38+0.35 73.75+6.35 84.44+360 79.21+0.65 239+0.05 91.11+7.83 11.07 £0.90 0/7/0 4.28
our { WireMask-RS Ours 6.13+0.05 59.28+148 60.60+045 62.06+0.22 2.19+0.01 62.58+2.07 8.20 £ 0.17 0/5/2 237}
WireMask-BO Ours 6.07+0.14 59.17+394 61.00+2.08 63.86+1.01 2.14+0.03 67.48+6.49 8.62+0.18 0/3/4 2.86

methods WireMask-EA Ours 591+0.07 52.63+223 57.75+1.16 58.79+1.02 2.12+0.01 59.87 +3.40 8.28+0.25 -

Some  Graph [Nature’21]: RL method proposed by Google
important ¢« DREAMPIlace [DAC’19, TCAD’21 Best Paper] : One of the most popular analytical methods
baselines . DeepPR [NeurlPS’21] and MaskPlace [NeurlPS’22] : Two recent advanced RL methods

WireMask-EA (our proposed framework equipped with EA) achieves the best average rank,
and reduces wirelength by 80% compared to [Google, Nature’21]

[Shi, Xue, Song, and Qian, NeurlPS 2023] http://www.lamda.nju.edu.cn/gianc/
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Comparison with the latest method ChiPFormer [Laietal., iIcMI'23]

Table 2:|Wirelength|( X 10°) Compared with ChiPFormer onlten popular ISPD and ICCAD contest chips.

Benchmark \ ChiPFormer (1) WireMask-EA (1) | ChiPFormer (0.3k) WireMask-EA (0.3k) | ChiPFormer (2k) WireMask-EA (2k)

adaptec| 8.87 £0.98 7.20 £ 0.34 702 +0.11 6.29 £ 0.07 6.62 £0.05 5.96 £ 0.08
adaptec2 122.37 £22.61 111.04 £ 20.09 70.42 £2.67 61.25 £4.10 67.10 £5.46 53.88 £2.53
adaptec3 107.11 £ 8.84 g2 IS 1832+ 205 64.49 £ 1.69 260 1.1> 9926 £ 1.50
adaptec4 85.63 £7.52 75,63 1.30 69.42 £ 0.54 64.52 + 1.81 68.80 £ 1.59 D9S2 L1171
bigbluel 311 005 2.31 £0.06 296 £0.04 2.18 £0.01 2.95+£0.04 2.14 £ 0.01
bigblue3 131.78 £17.56 99.20 + 24.69 81.48 +4.83 64.51 £ 4.15 7292 £2506 56.65 + 2.81
ibmO1 4.57 £0.27 3.76 £ 0.36 3.61 £0.08 2.92 +£0.07 3.05+0.11 2.39 £ 0.07
1bm02 6.01 £0.41 5.13+£0.16 4.84 +£0.17 3.86 £0.03 4.24 +£0.25 3.56 £0.05
ibm03 2.15+0.17 3.0 012 1.75 £ 0.07 2.20+0:11 1.64 £ 0.06 1.69 £0.11
ibm04 5.00+£0.14 3.60 £ 0.17 4.19+0.11 2.93+0.11 4.06 £0.13 2.62 +0.04

WireMask-EA outperforms ChiPFormer [Lai et al., ICML’23] on 9 out of 10 chips,

using the same number of evaluations

http://www.lamda.nju.edu.cn/qgianc/

[Shi, Xue, Song, and Qian, NeurlPS 2023]
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Macro Placement by Wire-Mask-Guided Black-Box Optimization  rwmwwimdnieden

HUMAN COMPETITIVE
RESULTS AWARDS --
21st Annual "HUMIES"

Presented at the
Genetic and Evolutionary

Computation Conference
July 14-18, 2024, Melbourne, Australia

Winners of the

2024 Humies BRONZE Award:

Yungqi Shi, Ke Xue, Lei Song, and
Chao Qian
Macro Placement by Wire-Mask-Guided
Black-Box Optimization g . HU|V||ES
LN oA —

s Machi sngevo
Erik D. Goodman, Organizer
@ W"?

[Sh|, Xue’ Song’ and ( Nan’ NeurlPS 2023] http://www.lamda.nju.edu.cn/gianc/

PPPLITTITL




LAIVIDA

Learning And Mining from DatA

Reinforcement Learning Policy as Macro Regulator et/ funw Jamda - educn

Expert knowledge: macros should be placed to the chip periphery

e Save continuous space for standard cells

* Reduce routing congestion Refine

* Simplify power planning

|
|
|
!
l | P
| %Luumﬁ Wl

Unpreferred Preferred

Representative works:

* IncreMacro [Pu et al., ISPD’24]
Use analytical method to push macros to the periphery and legalize macros by linear programming

* Macro Placement based on Simulated Evolution Algorithm (SEA) [Lin et al., ICCAD’19]

Use corner stitching to ensure the peripheral placement and adopt SEA to further improve it

http://www.lamda.nju.edu.cn/gianc/



Reinforcement Learning Policy as Macro Regulator

The first RL method for macro refinement and pushing periphery

| B
/ next two modulem fpt, pt+1 Emmam f P
t t+1 > m
Mt M Position Mask H %
t rt+1 ! Mask
+ fw» w - T 5
Wire Mask > i _, Local Mask unfeasible
ire Mas u .
all n Etl):(’ilules Fusion action
f;~t Tt+1 l Probabili
EEEE RN - > @? robability
i Regularity Mask Merge Matrix of
—HH actions
. fis utz+1 R = T (a|st)
Wire Mask e :
adjusted t-1 modules fl{ ¢ t:sl Policy Network
1:t-1 ;
M LT - ERRE Global Mask
Regularity Mask | Encoder/Decoder
all padjusted [T i Vo (s0)
| ] v _Jv " '
Il i J View Mask | | / . ~
_ i ¢ o) BC —— Value 1,
. . Position
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Proposed RegularMask

[Xue, Chen, Lin, Shi, Kai, Xu, and Qian, NeurlPS 2024] http://www.lamda.nju.edu.cn/gianc/



LAVIDA

Learning And Mining from DatA
http://www.lamda.nju.edu.cn

Reinforcement Learning Policy as Macro Regulator

Experiments Rank first in all PPA metrics across 8 designs compared to recent macro placers

Proxy metrics PPA metrics
Benchmark Method | Global HPWL ~Regularity | rWL ~ rO-H 1O-V ~WNS TNS NVP
DMP 896+ 0.84 4.154+0.04 | 15423 17.15 448 -119.616 -291 3.35
AutoDMP 8.13+£0.17 4994+0.08 | 185.60 2099 5.73 -124.572 -3.72 3.46
superbluel WireMask-EA | 8.07 +0.38  4.41£0.15 | 149.49  7.62 0.38 -67.616 -3.57 294
MaskPlace | 7.93+0.06 4.40+0.06 | 158.59 1628 0.64 -72.070 -3.98 4.41
MaskRegulate | 5.77 +0.05 3.31+£0.00 | 11611 126 0.11 -60.532 -1.33  1.06
DMP 12.87 £ 1.73  443+£0.03 | 232.19 4055 19.64 -96.904 -236 2.25
AutoDMP 8.13+£0.69 54940.17 | 166.15 1471 339 -76.566 -1.12 144 12% reduction in rWL
superblue3 WireMask-EA | 9.37 £ 0.81 477 £0.23 | 167.67  7.81 032  -92.566  -1.57 2
MaskPlace | 890+0.17 4.774+0.06 | 17725 9.16  0.64 -111.041 -1.77 2.02 % reduction i
MaskRegulate | 7.05+ 0.03 3.54+0.00 | 14289 1.86 018 83635 -1.15 097 8% reduction in rO-H
DMP 6.81£023 3.06+001 | 132.16 2062 4.87 -73.192 -1.63 2.42 o .
AutoDMP | 457+078 3414006 | 8294 543 021 -48.137 -0.64 108  ©67% reduction in rO-V
superblue4 WireMask-EA | 551 +0.07 3.25+0.10 | 110.20  8.29 0.61 -83.233 -1.85 1.98
MaskPlace | 5284003 3224003 | 10636 971 031 -67.995 -147 19
MaskRegulate | 4.15+0.06 2.18+0.02 | 81.78 029  0.11 -49.071 -0.90 0.88
DMP 878 + 147 4.84+0.06 | 14464 375 046 -58907 -0.68 1.64
AutoDMP | 12.67+£4.09 5.79+£032 | 344.14 7475 37.32 -197.175 -583 3.55
superblue5 | WireMask-EA | 1023 +£0.68 5.03+0.15 | 189.84 4.06 041 -75.115 -1.83 2.18
MaskPlace | 9.81+£0.03 4.86+0.04 | 19679 479 037 -118.122 -298 2.62
MaskRegulate | 6.94 +0.00 423001 | 137.79  0.02  0.02 -7483 -0.73 1.32

[Xue, Chen, Lin, Shi, Kai, Xu, and Qian, NeurlPS 2024]

http://www.lamda.nju.edu.cn/qgianc/
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Experiments Reduction in routing congestion

5890

2471

442426

42424

(a) DREAMPlace (b) AutoDMP (c¢) WireMask-EA (d) MaskPlace | (e) MaskRegulate

[Xue, Chen, Lin, Shi, Kai, Xu, and Qian, NeurlPS 2024] http://www.lamda.nju.edu.cn/qianc/
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ReMaP: Macro Placement by Recursive Prototyping e/ v Jamda i e

Macro refinement by reinforcement learning has certain drawbacks:

* Lacks awareness of standard cells while placing macros

 The original placement prototype may be inaccurate when several macros have been moved
e Overfitting for certain cases when training cases are limited

* Long training time

[Shi, Lin, Xu, Kai, Xue, Yuan, Qian, and Zhou, DAC 2025] http://www.lamda.nju.edu.cn/gianc/
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ReMaP: Macro Placement by Recursive Prototyping

Refine macros to the periphery by an ellipse formulation & recursively relocating

def + .lef + .v+ .lib + .sdc «—— Logic Synthesis by Yosys L
\ N 74 A7 TH
Louvain Clustering and e ¥ m o /4\1 o LA
Dataflow Extraction pe® B8 I T‘ pE® o}
| l m goo 3 ? m goo -
= N =
N : : . Global Placement m r.D |_||—| ’_ |_| A m E [ I_”_]-H
Mixed-Size Prototyping with Fixed Macros VE AL === I =
. ) RE2RNE R USAEN R
ABPlace: Angle-Based CTS
Analytical Macro Placement A v
v v
Periphery-Guided .
Macro Relocating Routing | gh” _____ . ,,Zﬂ"" T
No 1 ¢ ¢ 4 DD a o ) i ’/Iﬁn[] LE,' o N
— All Macros PPA Evaluation tea gob s Zds guf ol )
Placed? \ m gB@ : \ m go0o .
i Yes \ . D;E rﬁﬁm ’,,’ “\\- DDU'_D‘ rﬁﬁﬂ_l ”//
.def Output OpenROAD Sy, [ T 133 (g
, ZICFEE AT AR R R

http://www.lamda.nju.edu.cn/qgianc/

[Shi, Lin, Xu, Kai, Xue, Yuan, Qian, and Zhou, DAC 2025]
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Experiments Best timing across all 8 cases, with an average ne +H
improvement of 34% in WNS and 65% in TNS :
Methods rWL WNS TNS Power | Overflow | Runtime
m) | (ns) (ns) (W) #) (s)
RTL-MP 6.76 -1.11 -2839.00 0.314 2055 1753 - -
Hier-RTLMP 7.07 -1.17 -2967.29 0.316 0 572
DREAMPlace 7.10 -1.33 -3628.90 0.325 23 36
ReMaP (ours) 7.48 -1.07 -2615.74 0.318 24 478 = —
RTL-MP 8.16 -2.07 -6315.44 0.479 332 4859 ]
Hier-RTLMP 791 -2.23 -6830.66 0.479 100 153 -
DREAMPIlace 7.88 -2.21 -6700.25 0.483 78 47 (a) RTL-MP (b) Hier-RTLMP
ReMaP (ours) 7.81 -2.04 -6085.84 0.464 7 589 e
RTL-MP 9.72 -4.98 -1102.72 0.475 6281 18
Hier-RTLMP 10.84 -4.75 -2111.50 0.463 75323 124
DREAMPlace 10.52 -5.15 -1216.80 0.457 6922 45 @
ReMaP (ours) 9.34 -4.67 -1090.18 0.454 4548 322, &=
RTL-MP 3.36 -0.98 -125.01 0.134 25978 2 -_i
Hier-RTLMP 3.35 -0.96 -105.89 0.135 80552 17
DREAMPlace 3.80 -0.92 -111.73 0.139 23007 24 Bl
ReMaP (ours) 3.89 -0.90 -98.00 0.136 31288 389 g
RTL-MP 2.16 -0.41 -19.88 0.156 8841 2
Hier-RTLMP 2:17 -0.45 -23.68 0.155 34839 17
DREAMPlace 2.58 -0.65 -43.28 0.162 28885 18 . {121 B
ReMaP (OUI'S) 2.65 -0.27 -6.88 0.160 15936 401 (C) DREAMPlace (d) ReMaP (Olll‘S)

[Shi, Lin, Xu, Kai, Xue, Yuan, Qian, and Zhou, DAC 2025] http://www.lamda.nju.edu.cn/qianc/



ReMaP: Macro Placement by Recursive Prototyping

¥eeid: mR™EMEAR

HERA: BE/BETHATIIRE BOEXR: iFEE xusiyuan520@huawei
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BHEBRERL (BESE) BT (H%) DR, ERREANEETEmge
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CompleteROialEE, EILANIHREA AR RATE H 5/ R mRyE B,

RTL Design

y
Logical Synthesis /
/
Vs
//
\
\
DRC & LVS \\
N\

Auto Placement and Route (APR) Flow

Chip Design Flow
S S BT LU A WA Rt S TERIR RO A MRS R, A AT (B 7o
EEFPEEETE, BE, 1, @RD), [ETEERERES B T0vE,

o
problem
DEF/LEF/TF|[| ™ | Placement | mp E:: ::;

Multi-Goal
Objective

WNS -1.2ns WNS -0.2ns
TNS -3.3ns TNS -0.3ns
Overflow 0.35 Overflow 0.95
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£ 6 NEFI_EXTEESOTATT =1 F+ PPA MHEEZY 18.9%, F15
IEFHAZEIEFRLY 46.3%, FUMAEZM (99%)

a) RTL-MP

b) Hier-RTLMP
c) DREAMPIlace
II d) ChiPFormer

II e) LamPlace

f) ReMaP ($%#8)
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Efficient Timing Driven Global Placement o A
None of the above works directly target timing optimization, which lef/.def/.v/.lib/.sdc Input

v

Placement Optimization

Pin-to-Pin

determines the performance of the chip. Thus, we turn to timing

optimization in global placement. _, Wirelength Density

1
Gradient Gradient 1 Gradient : ]
Representative works: VWL(x,y) VD(x,y) ! VPP(x,y) 1
P L ELEY)
. . , : v
Net-based methods [Liao et al., TCAD’24] are easy to implement, but Update Cell Location
they are coarse since optimization is performed at the net level. No Y Update PP
Timing Iteration?
* Path-based methods [Guo et al., DAC’22] suffer from scalability v Yes
. - Timing Optimizati
issues due to the poor scalability of GPU-accelerated STA. e o e e e e
RC Tree Static Timing  Critical Path :
Our contribution: Construction Analysis L_Eitiaitign_ i
v
* Propose pin-to-pin attraction for fine-grained weighting Cohverge? No
.. . . . v Yes
* Propose efficient endpoint-based critical path extraction T P
\2
* Propose quadratic loss matching the timing model .def Output

[Shi, Xu, Kai, Lin, Xue, Yuan, and Qian, DATE 2025 Best Paper Award] http://www.lamda.nju.edu.cn/gianc/
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Experiments
TR DREAMPlace* [20] DREAMPIlace 4.0% [18] Differentiable-TDP+ [12] Distribution-TDP§ [19] Ours
Chpner TNS WNS TNS WNS TNS WNS TNS WNS TNS WNS
superbluel -262.44 -18.87 -85.03 -14.10 7485 -10.77 -42.10 926 -17.44 9.
superblue3 -76.64 27.65 -54.74 -16.43 -39.43 1237 -26.59 -12.19 -20.40 -11.82
superblue4 -290.88 -22.04 -144.38 -12.78 -82.92 -8.49 -123.28 -8.86 -82.88 9.17
superblue5 -157.82 -48.92 95.78 -26.76 -108.08 2521 -70.35 -31.64 -62.18 -24.65
superblue? -141.55 -19.75 -63.86 -15.22 -46.43 15823 -95.89 -17.24 -43.52 -15.22
superbluel0 -731.94 -26.10 -768.75 -31.88 -558.05 -21.97 -691.10 -25.86 -558.14 -23.08
superbluel6 -453.57 37 74 -124.18 1211 -87.03 -10.85 -55.99 1221 -22.90 -8.63
superbluel8 -96.76 -20.29 -47.25 -11.87 -19.31 7.99 -19.23 508 -16.16 -6.92
Average Ratio | 6.90 207 | 275 1.40 | 2.00 1.09 1.68 1.11 | 1.00 1.00

Best timing on ICCAD15 contest benchmark, compared to SOTA methods, with an average improvement of

40.5% in TNS and 8.3% in WNS.

[Shi, Xu, Kai, Lin, Xue, Yuan, and Qian, DATE 2025 Best Paper Award]

http://www.lamda.nju.edu.cn/qgianc/
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Efficient Timing Driven Global Placement e/ . ama.nj. .
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[Shi, Xu, Kai, Lin, Xue, Yuan, and Qian, DATE 2025 Best Paper Award]

http://www.lamda.nju.edu.cn/qgianc/



LAVIDA

Learning And Mining from DatA

O p e n 3 D Be n C h http://www.lamda.nju.edu.cn

From 2D to 3D: Powering advanced integration
* 3D integration promises higher density as conventional fabrication nears its physical limits.
3D placement methodologies have attracted great attention these years, highlighted by the
ICCAD’22 and ICCAD’23 3D placement contests.
* Yet none of these contests offers a complete PDK for rigorous PPA evaluation.

* Open-source platforms for 3D IC research are still lacking.

ESHEREEREREE ARLEHI3DHES M

AMD 3D V-cache, ISSCC’22

[Shi, Gao, Ren, Xu, Xue, Yuan, Qian, and Zhou, arXiv:2503.12946] http://www.lamda.nju.edu.cn/gianc/



Open3DBench

Open-Source Benchmark for 3D-IC PPA evaluation
* We propose an open-source 3D flow built on OpenROAD that
features:
* |t converts any design supported by OpenROAD-flow-scripts
into a 3D version.
* |t supports memory-on-logic 3D placement powered by the
2D DREAMPIlace engine.
e |t supports 3D tier partition, placement, routing, bonding
terminal assignment, timing, and thermal simulation.
* |t offers a convenient framework for evaluating any existing

3D IC methodology.

2D PDK > 3D PDK —

\4

Yosys
Synthesis
v

OpenROAD
Floorplan

DREAMPlace
3D Placement
2

TritonCTS
CTS and Optimization

v

OpenDP
Legalization

4

FastRoute
Global Routing
2

TritonRoute
Detailed Routing
2

OpenRCX
RC Extraction
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OpenROAD built-in tool
Develop based on existing tool

Employ existing tool

3D Partition
\ v
\ |: Macro Placement <=

Cell Placement ~--

OpenSTA
Spef 3D Timing Analysis

Out HotSpot
> Thermal Analysis

[Shi, Gao, Ren, Xu, Xue, Yuan, Qian, and Zhou, arXiv:2503.12946]

http://www.lamda.nju.edu.cn/qgianc/



Open3DBench

Experiments

We test our framework on eight designs from OpenROAD

Designs Methods Areg rWL Overflow WNS TNS Power Tmaz Runtime
(mm®) (m) (#) (ns) (ns) (W) (°C) (s)
Hier-RTLMP-2D | 12.96 46.63 3429 3.66 | -39020.00 | 1.822 66.05 8010
. 4 DREAMPlace-2D | 12.96 41.99 3968 205 | -31231.90 | 1.848 68.17 6336
P_qua Open3D-Tiling 6.25 50.19 0 262 | -31124.70 | 1.840 69.78 7973
Open3D-DMP 6.25 40.39 0 -1.83 | -26966.20 | 1.832 66.96 7981
Hier-RTLMP-2D 1.10 5.62 14428 2.14 197579 | 0.250 54.86 1175
swery. wrapper | PREAMPlace-2D 1.10 5.54 9540 -1.86 142990 | 0.254 53.48 1092
- Open3D-Tiling 0.56 3.63 0 -1.26 -972.80 | 0232 62.17 2085
Open3D-DMP 0.56 3.46 0 -1.23 -958.01 | 0.234 60.49 1744

3D improvements over 2D 51.19%1 | 24.06%1 | 100%T | 16.24%t | 30.84%1 | 5.72%%1 | -10.04%) | -24.82%]

LAIViDA
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Compared to OpenROAD default 2D flow, our 3D methods show significant improvements of 50% in area,

100% in routing overflow, 30% in overall timing and 5% in power

However, 3D packing also brings about thermal issues

[Shi, Gao, Ren, Xu, Xue, Yuan, Qian, and Zhou, arXiv:2503.12946]

http://www.lamda.nju.edu.cn/qgianc/
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Chip register optimization is to maximize the performance of the
application system by optimizing

e hardware parameters (various function control of registers)

e software parameters (resource scheduling of operating system)

Challenges

Black-box: the performance is evaluated by running the system

Expensive: one evaluation costs 20s-140s

* High-dimensional: 274 parameters

http://www.lamda.nju.edu.cn/qgianc/
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