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Squtlon ObJectlve functlons
Optimization: mlnses (fl(s) f> (S) fm(S))
s.t. gi(s) =0, 1<i<gq; Equality constraints

hi(S) <0, gq-++ 1 < i< m Inequality constraints

Multi-objective

Black-box
f(S) High-dimension

Optimization:

Goal: find good solutions using only a few|objective evaluations

Usually expensive

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



LAVIDA

Learning And Mining from DatA

Example: Hyper-parameter Optimization in Machine Learning hetp: oo lamda.i.edu.cn

Neural architecture search

Ja1yisse|)

} Ilcat”

 Hyper-parameters to be optimized:
module type, module connections,
module hyper-parameters, ...

Thousands of hyper-parameters

* Objective: maximize accuracy

Objective evaluation requires neural
network training and testing, which
may cost at least several hours

Black-box Expensive

* Objective: minimize computational cost

Non-unique

http://www.lamda.nju.edu.cn/qgianc/
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Moore’s Law: The number of transistors on microchips doubles every two years
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Increased usable spectrum
as a result of defragmentation

lical spectrum Usage
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Evolutionary algorithms (EAs) are a kind of randomized heuristic optimization algorithms,
inspired by nature evolution (reproduction with variation + nature selection)

F e~

':1" L — >
e - _—
22N y

repro:uction o
Ay 1if

selection selection selection

In 1950, Turing described how evolution might be used for his optimization:
building intelligent machine

“Structure of the child machine = Hereditary material
Changes of the child machine = Mutations [A. M. Turing. Computing machinery and intelligence.
Judgment of the experimenter = Natural selection”  Mind 49: 433-460, 1950.]

http://www.lamda.nju.edu.cn/qgianc/
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Evolutionary algorithms (EAs) are a kind of randomized heuristic optimization algorithms,
inspired by nature evolution (reproduction with variation + nature selection)

selection selection selection

Many variants: genetic algorithm, evolutionary strategy, genetic programming, ...

particle swarm optimization ant colony optimization
EAs also include some heuristics :
inspired from nature phenomena

http://www.lamda.nju.edu.cn/gianc/
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arg maxg f (s)

population
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A Typical Evolutionary Process

arg maxg f(s)
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A Typical Evolutionary Process
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A Typical Evolutionary Process

arg maxg f(s)

population

O T 19 recombi-
—.>
nation

-

\
1

mutation)

" fitness
\

\23

\

1

2
18

1| 24

1

1
!

11/20

LAVIDA

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

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



A Typical Evolutionary Process

arg maxg f(s)

population

recombi-
_

nation

1
I
1
I

1

]

I

|

|

1
1
1
1

1

1

mutation)

LAVIDA

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

" fitness
\

1111110

\23

\

1

new population
8

2
1

,24 selection

I —

1

/20

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



A Typical Evolutionary Process
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Solution1 |
Solution2 Initial
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The general structure of EAs

Mutation &

population recombination

ap

New
population

Offspring
solutions

itness evaluation
& selectio

No

Solution

Stop criterion

representation

» No requirement on the objective

» Population-based search End

Thus, EAs can be applied to solve complicated optimization problems

non-differentiable, non-continuous

without explicit objective formulation

multiple objective functions

black-box

http://www.lamda.nju.edu.cn/qgianc/
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The general structure of EAs
Solution1 |
Solution2 Initial Mutation & Offspring itness evaluation New.
. population recombination solutions & selectio population

I

Solution
representation

No

Stop criterion

» No requirement on the objective
» Population-based search End

Thus, EAs can be applied to solve complicated optimization problems

* non-differentiable, non-continuous Multi-objective EAs (MOEAS)

* without explicit objective formV 0. NSGA! (o ool 1eC'00
 multiple objective functions

Google scholar: 52081

http://www.lamda.nju.edu.cn/qgianc/
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Evolutionary selective ensemble Evolutionary neural architecture search
1 ! 1 STUDY PARAMS. C10+ C100+ REACHABLE? . -
§ 0.8 E 0.8 aChIeveS Sma”er MAXOUT (GOODFELLOW ET AL., 2013) - 90.7%  61.4% No aChleveS Competltlve
£ YN error by using ow g owx % performance to the
g gj } gz:i { fewer learners Zvo:unii(ouks) 06 Y :qu L = hand-designed models
0 0 [Zhou et al., Al02] T e [Google, ICML'17]
Friechnan#l\-/ Multi DENSENET (HUANG ET AL., 2016A) 25.6M  96.7%  82.8% No
Evolutionary multitask learning
Model imagenet2012  cifarl00  cifarl0 achieves competitive results
ViT L/16 fine-tuning (Dosovitskiy et al., 2021) 85.30 9325  99.15  ©n 69 publicimage
(12Net after 5 task iterations 86.38 9475 9935  Classification tasks
p2Net after 10 task iterations 86.66 04.67 99.38 [Gesmundo & Dean, 2022]
p2Net cont. after adding VTAB-full tasks 86.74 94.67 9941
12Net cont. after adding VDD tasks 86.74 04.74 99.43 better
p2Net cont. after adding all 69 tasks 86.74 94.95 99.49 SOTA: 99.40% [Touvron et al., ICCV’'21]

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



Applications of Evolutionary Algorithms

High-speed train head design

'ﬂ("/ >

Series 70

save 19% energy

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

Antenna design

“ .___._-f ..,. J »
38% efficiency 93% efficiency
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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Protein design
° O/\© O OH d
rc'; ’ [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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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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Evolutionary algorithms have yielded encouraging empirical outcomes, but

Evoluti | [Googl
volutionary neura [Google,

architecture search ICML'17]
STu a-) 7 E n PARAMS C10+ C100+ REACHABLE?
MAX 2013 L I JU - 90.7% 61.4% N
NET! AL.,2013) d - 91.2% - N
ALL: L.,2014) 3 92.8% 66.3% YES
DEE 2015) g p u ayg 92.0%  65.4% N
HiG ET AL., 2015) 23M 92.3% 67.6% N
RE ZMo93.4% 72 8%}

54M  94.6%
_ 40.4 M 77.0%

IDE RESNET 28-10 (ZAGORUYKO & KOMODAKIS, 2016) 36.5 .0% .0% E
WIDE RESNET 40-10+D/0 (ZAGORUYKO & KOMODAKIS, 2016) 50.7M 96.2% 81.7% No
DENSENET (HUANG ET AL., 2016A) 25.6 M 96.7% 82.8% No

Macro placement [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 beyond.”

th [E g0 B & E 21
31222 E
11268/ 49FH

FaniiR SR

[Fan et al., Science’20]
2"‘"1 {"' =3 :f e
/;ﬁ E—/ kg
5000 Cept o
|:> f o (ot
émo '
2 iy : o ¥
200 % Jﬂ}'\l ‘ N

K25

700 7 #% B

ZIKE—FKSHE
EFEM ST

How to
improve the
efficiency?
Especially for high-

dimensional and
expensive scenarios
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Evolutionary Learning (EL)

Combine evolutionary algorithms and machine learning to better solve
complex black-box optimization problems

* Learn surrogate models to help the optimization, e.g., preselection and Bayesian optimization
* Learn effective search subspaces

* Learn components (e.g., reproduction and selection operators) of EAs

e Learn to (dynamically) configure hyper-parameters of EAs

 Learn to select a proper EA

e Learn a universal EA

http://www.lamda.nju.edu.cn/qgianc/
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Evolutionary Learning (EL)

Combine evolutionary algorithms and machine learning to better solve
complex black-box optimization problems

The theoretical foundation of EAs is underdeveloped

e EAs: Highly randomized
Evolvability  Joumal of the ACM. Vol. 56, No. 1, Article 3, and complex
L. Valiant voivabili y Publication date: January 2009. e Problems: Combplex
Turi A d Abstract. Living organisms function in accordance with complex mechanisms that operate in different | p
uring Awar ways depending on conditions. Darwin’s theory of evolution suggests that such mechanisms evolved
in 2010 through variation guided by natural selection. HoweverJthere has existed no theorylthat would explain
n quantitatively which mechanisms can so evolve in realistic population sizes within realistic time
“there has existed no theory that would explain quantitatively which T tical s
mechanisms can so evolve in realistic population sizes within realistic time ...” .eore 'Ca_ a.na ysIs
is very difficult

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



LAIViDA

Learning And Mining from DatA

O U tI I n e http://www.lamda.nju.edu.cn

] Build theoretical foundation of EAs

» Theoretical analysis tools, influence analysis of major factors of EAs

J Develop better EL algorithms

» Efficient EL, dynamic algorithm configuration, algorithm selection, universal EL

J Apply EL to complex optimization in learning, industry, and science

» Subset selection, electronic design automation, origin and evolution of life

http://www.lamda.nju.edu.cn/qgianc/
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Running Time Complexity e el adusn
Objective f,
OPT
f(s) Running time t:
#objective evaluations until finding desired
solutions for the first time
the process with the highest cost of EA
e.g., model evaluation
R Training e
0 T | #objective evaluations Testing “

http://www.lamda.nju.edu.cn/qgianc/
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Hard to be
analyzed directly

T

EA with
recombination

http://www.lamda.nju.edu.cn/qgianc/
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Hard to be
analyzed directly

T

EA with
recombination

EA without
recombination

l

Easier to be analyzed

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



An Example

Hard to be
analyzed directly

T

EA with
recombination

\ 4

Compare

EA without
recombination

l

Easier to be analyzed
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Simplify the analysis

Expected
running time

||
Total

— time difference

_|_

Expected
running time

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



LAIViDA

Learning And Mining from DatA

An Exa m p I e http://www.lamda.nju.edu.cn

Hard to be
analyzed directly

Simplify the analysis

C

&
I S
| Expected
Complex EA running time
|l
v One-step One-step Total
ComPare time difference - time difference +  ** = time difference
.\On 3
SN 1j0]1
1 se/,
1/0:1 1{oflo[1]1 of11 %{ "
Simple EA ot Expected

running time

l

Easier to be analyzed

http://www.lamda.nju.edu.cn/qgianc/
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Model an EA process as a Markov chain
295
& E°/', ,
X 1{1
Markov chain?

$o

[Yu, Qian and Zhou, IEEE Trans. Evolutionary Computation 2015] http://www.lamda.nju.edu.cn/gianc/
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Model an EA process as a Markov chain

.\on
o’@‘
N &

The generation of the next
population only depends on
the current population

@

Markov property
$2 o PCevr | St $0) = P(Seaa [ 6e)

I

I

I

I

I

I

I

I

I

I

I

I

I

I
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A\

$o

[Yu, Qian and Zhou, IEEE Trans. Evolutionary Computation 2015] http://www.lamda.nju.edu.cn/gianc/
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Hard to be analyzed directly

Target chain ¢ [(%0 )—(& —(& )—(&)— (6 )—(&)— -+

[Yu, Qian and Zhou, IEEE Trans. Evolutionary Computation 2015] http://www.lamda.nju.edu.cn/gianc/
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Hard to be analyzed directly

Target chain ¢ [(%0 )—(& —(& )—(&)— (6 )—(&)— -+

Reference chain &' | (g @ @ @ &4

l

Easier to be analyzed

[Yu, Qian and Zhou, IEEE Trans. Evolutionary Computation 2015] http://www.lamda.nju.edu.cn/qianc/



Switch Analysis
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Hard to be analyzed directly

T

Target chain &

l

Easier to be analyzed

Reference chain &’ @

Expected running time

| | | | - - E[7]
A A ”

Po i+ PLiH P24+ P34+ Pai+ --- = Total time difference
A +

' \ff’\‘ \/5’\' \@ [z | ' ___ Expected running time
______ - www@ @ ; E[t']

How to estimate one-step time difference p;?

[Yu, Qian and Zhou, IEEE Trans. Evolutionary Computation 2015] http://www.lamda.nju.edu.cn/qianc/
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How to estimate one-step time difference p;?

&5 (&)
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0Q
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\INJJ oYy
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w

o 6
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[Yu, Qian and Zhou, IEEE Trans. Evolutionary Computation 2015] http://www.lamda.nju.edu.cn/gianc/
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How to estimate one-step time difference p;? Time difference between
adjacent intermediate chains

Target chain ¢ H ) /f_z\ % ]
N E[t] — E[T%°] = P

& (&) @ ()~ @ :
X - E Tt+1 —E Tt —
Interm.ediate g2 @ @ / O\ @ ' mapping ¢ _ | ] 7] = P\
chains v _ . One-step time
&t @ ‘v@; ¢ @ e cee . / difference
¢ E[z?
| SEO—E
! m - !
Reference p NeZ (D N .
chain $ @ \_/ El \5_2/ \5_3/ \5_4/ ceos

[Yu, Qian and Zhou, IEEE Trans. Evolutionary Computation 2015] http://www.lamda.nju.edu.cn/gianc/
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How to estimate one-step time difference p;? Time difference between
adjacent intermediate chains

Target chain ¢ FO \@ % - -

e (&) @ O @ :
Interhm.ediate £2 @ @ / \ @ imapping(,b .
chains |
v _
Jo ="

Total time
difference

- E[7r] — E[7']

' @ —@
DO —@—O—
T ¢ @O —O—@— -

[Yu, Qian and Zhou, IEEE Trans. Evolutionary Computation 2015] http://www.lamda.nju.edu.cn/gianc/
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How to estimate one-step time difference p;? Time difference between
adjacent intermediate chains

Target chain ¢ F@ @ &3 @ ces - =

:Theorem (SW|tch Analysns) Given two absorb/ng Markov chains ¢ € X and &' € Y, a series of values e
Ir| {p: € R} with p = Y/25py and a right (or left)-aligned mapping ¢: X — Y, if E[7 | 60 ~ To] is finite | e

Land Vt: ZXEXyEy T (X)P($tr1 € ¢~ 1(}’) 1 & =E[t" 1 & =y] < (or =) Xyyey 7} (U)P(ﬁ =yl IT]
'fo = WE[¢' 1 & =yl + p, where nf (y) = m,(¢p71(y)) = Yxep-1(y)Tt(X), we have E[T | $y ~ o] < |

I(or >) E[t' | &5 ~ (()'b] |
————————— S

G(DK @ &5 cee

Rf ! ! / !/
G @O @@ —@— -

[Yu, Qian and Zhou, IEEE Trans. Evolutionary Computation 2015] http://www.lamda.nju.edu.cn/gianc/




LAIViDA

. . . . Learning And Mining from DatA
Application of Switch Analysis http:/fwwwJamda.nju.edu.cn
Example: Analyze GSEMO solving the mCOCZ problem
GSEMO: mCOCZ : maxsero,1y (f1(8), f2(5), ..., fm(S))
1. s :=randomly selected from {0,1}"; P := {s} n
2. Repeat until some termination criterion is met o 02 — " o N
3. Choose s from P uniformly at random
L _ , 010011100110101001...1111|(001001[110001]---[101011]
4. apply bit-wise mutation on s to generate s rcooperative pard] - T fconflicingparts]
5. if Az € Psuchthatz > s’ PERIEREE A ¥
6. P:=({P—{z€eP|s'=z)u{s e T .
( { | DULs] COCZ: ~ (f,f) (£,f) £...£)  m objectives
. Previous results: . Switch analysis:
L'fTh‘e‘e h N tighter by n . Y
Professor, ETH Zuric m >
EDAA Lifetime 0 (Tl . ) 0 (Tl )
Achievement Award [Laumanns, Thiele [Bian et al., JCAI'18]

and Zitzler, TEC'04]

[Bian, Qian and Tang, IJCAI 2018] http://www.lamda.nju.edu.cn/qgianc/



Influence Analysis of Recombination Operator

LAIViDA

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

Mutation and recombination are two characterizing features of EAs

Parent

Parentl

0

1

Example of mutation

)
1E

0

0

1] 1

0

0

0

!

simulates the chromosome exchange phenomena in zoogamy reproductions

Offspring

Example of recombination

Offspringl

1

0

1

1] o]o]o

simulates the gene altering of a chromosome in biological mutation

More complicated

1

1

o[ 1]o]

http://www.lamda.nju.edu.cn/qgianc/
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Influence Analysis of Recombination Operator it/ . amdi. . ed.n

Our result:

Recombination can accelerate the filling of the Pareto
front by recombining diverse Pareto optimal solutions

Unique to multi-objective optimization

. i time
Example: MOEA solving the LOTZ Problem " omd) 0(n?)

recombination
Expected running time 0 (n3) > O(n%)

> problem size n

[Qian et al., Artificial Intelligence 2013, ACM GECCO’11 Best Theory Paper Award] http://www.lamda.nju.edu.cn/gianc/
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Influence Analysis of Population Update o st
’@’{\On
Population update: ¢ 50/',1,0”” oftspring o _
' o[i]lofo]t 1 Is deterministic population update
1ofl1]o always better?

Select theest-
ranked solutio

NO!

Current
population

Next
population

The prominent feature in population update of MOEAs: greedy and deterministic
* the next-generation population is formed by selecting the best-ranked solutions

* e.g., NSGA-Il (Google scholar: 52081), SPEA-II (Google scholar: 10384), SMS-EMOA
(Google scholar: 2145), MOEA/D (Google scholar: 9166), ...

http://www.lamda.nju.edu.cn/qgianc/
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Influence Analysis of Population Update it/ . amdi. . ed.n

Solution Space

Our result:
_ . . . g Pareto optimal
By introducing randomness into population solutions large jump
update, MOEASs can go across inferior regions s L

around Pareto optimal solutions more easily

AL

small jump
Example: SMS-EMOA solving the OnelumpZeroJump problem
c e . . time
; Deterministic Stochastic A
Expecte
: ) k k/4 /2 2,k /ok/4 the gap increases
running time ..Q(Tl ) accelerated by 277 '/t O(M n /2 ) exponentially w.rt. k
>k

[Bian, Zhou, Li, and Qian, Artificial Intelligence 2025] http://www.lamda.nju.edu.cn/gianc/



Influence Analysis of Population Update

Solution Space

Our result:

g Pareto optimal

By introducing randomness into population solutions

update, MOEASs can go across inferior regions
around Pareto optimal solutions more easily

* Challenge the common practice of MOEAs,
i.e., deterministic population update

* Encourage the exploration of developing For example, [Liang,
new MOEAs in the area :> Li and Lehre, GECCO’23]:

LAIViDA

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

_ n
large jump
k
'y n
‘Ei-‘/,1§;‘~._—— u
small jump

0.75
0704 ..:
~ 0651

o
2 0.60
o

0.55 -
NE-MOEA archive

NE-MOEA population .« % & $%@
0504 + NSGA-lI archive
. NSGA-II population

T T ™ T T
0.55 0.60 0.65 0.70 0.75
Objective 1

[Bian, Zhou, Li, and Qian, Artificial Intelligence 2025]

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



For details

Zhi-Hua Zhou - Yang Yu - Chao Qian

Evolutionary
Learning

Advances
in Theories
and Algorithms

P4

@ Springer

LAIViDA

Learning And Mining from DatA
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Zhi-Hua Zhou, Yang Yu, Chao Qian

Evolutionary Learning:
Advances in Theories and
Algorithms

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

* Proposes evolutionary learning algorithms with provable theoretical
guarantees

http://www.lamda.nju.edu.cn/qgianc/
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. Build theoretical foundation of EAs

» Theoretical analysis tools, influence analysis of major factors of EAs

(] Develop better EL algorithms

» Efficient EL, dynamic algorithm configuration, algorithm selection, universal EL

J Apply EL to complex optimization in learning, industry, and science

» Subset selection, electronic design automation, origin and evolution of life

http://www.lamda.nju.edu.cn/qgianc/
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High-dimensional Black-box Optimization e el adusn
The black-box optimization problems can be high-dimensional
Neural architecture search Macro placement Origin and evolution of life
conv max n
/] 3x3 3x3
r / o . ;_’ M
é K . . A [— “cat” 8l
NN z
\ avg conv -
3x3 5%5 ]
Thousands of hyper-parameters Thousands of macros Thousands of species

How to develop efficient EL for high-dimensional black-box optimization?

http://www.lamda.nju.edu.cn/qgianc/
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Current approaches usually solve high-dimensional BBO in a low-dimensional subspace:
1. Obtain a low-dimensional subspace
2. Optimize in the low-dimensional subspace

3. Project the low-dimensional solution back to the high-dimensional space

—+ Decomposition: f can be decomposed into the sum of low-dimensional functions
[Kandasamy et al., ICML'15; Rolland et al., AISTATS’ 18]

< * Embedding: only a few dimensions affect f significantly
[Wang et al., JAIR’16; Letham et al., NeurlPS’20]

-+ Variable selection: only a few axis-aligned dimensions affect f significantly
[Li et al., ICAI'17]

http://www.lamda.nju.edu.cn/qgianc/
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Variable Selection for High-dimensional Black-box Optimization  wimwwwiandaneder

Variable selection: Simpler than embedding and can reduce the runtime

Dropout [Li et al, 1Jcar17] select d variables randomly and optimize the selected variables

e Select d variables randomly

 Optimize the selected variables

* Use “fill-in” strategy to obtain the unselected variables

Select d variables
randomly

—

Select important
variables automatically

—

A metric for the
importance of variables

An algorithm to
select important variables

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



Can be combined with LAm

MCTS based Variable Selection any BBO algorithm ealrwitinf i
Importance :
. P 2.(M,D)eD Z(xi,yl')ei) y'-g(M) The sum of query evaluations using each variable
variable score s = =
2. p)ep! PI-g(M) The number of queries using each variable

MCTS X1, X2, vy X9

UCB-based selection

v+ ZCp\/Z(lognp)/n

exploitation

il

X1 X2 X3 X4 Xs5 Xe X7 Xg Xo xl) x2) x4, x7’ x8 x3, x5’ x6) x9
important unimportant

[Song, Xue, Huang, and Qian, NeurlPS 2022 Spotlight] http://www.lamda.nju.edu.cn/qgianc/
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MCTS based Variable Selection S e et s e

4'7Tt

Theorem: V§ € (0,1), let 8, = 2 log (T) + 2d, log(d,t2br Jlog(‘“%“)) and L = b \/mg‘w—“,

and {m; };», satisfies Y;»; ;1 = 1 and m; > 0. Let B7 = max B:. At iteration T,
SIS

x Regret from
<. CT + 2« +H 2 E E -
VGTBryr max _ unselected variables

Cumulative regret Ry = Zzl(f(X*) — f(xt))

v

If important variables are selected, the cumulative regret can be reduced

*: Importance of x;
a; . Importance ot X;

[Song, Xue, Huang, and Qian, NeurlPS 2022 Spotlight] http://www.lamda.nju.edu.cn/qianc/
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Experiments by combining with Bayesian optimization

Application to neural architecture search

= MCTS-VS-BO = MCTS-VS-TuRBO TuRBO = LA-MCTS-TuRBO
SAASBO = HeSBO = ALEBO = CMA-ES VAE-BO
R - NAS-Bench-201
e — et ——
0.73 L
0,940 AP H

Accuracy
o o o
O (Y=} e}
N w w
w o w

Accuracy
o o
~ ~
o -t

0.920 | 0.69 “H -:.—tk |> % {
0 100 0 '

20
Time (sec)

0 100 200
Time (sec)

Compared to state-of-the-art
methods, MCTS-VS reduces
runtime significantly

[Song, Xue, Huang, and Qian, NeurlPS 2022 Spotlight]

http://www.lamda.nju.edu.cn/qgianc/
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Leverage MCTS to divide search spaces

—_————,——— e e

« . o \ \

e Use K-Means to divide the samplesinanode ifs e« o | i[e oo /o | [efee /L
. ° o.° ° o. I o o°° ° °o L] e o.° o \°, |
into two clusters ISR 11 I ST | I A i

. . p | L L |

e Use a binary classifier to separate the two @ = @ O
| | |

clusters and divide the space into two nodes | @@ 99

. . . | N 1 OO |

e The left and right child nodes have higher L ROOT || NODE EXPANSION | | NODE EXPANSION |
and |Ower pOtentIal’ respeCtlvely SEARCH SPACE PRE-LERANING OPTIMIZATION INITIALIZATION

t—1 ZiSK wiyi,m

Potential of node m: p,, =|vy + Y1, Utilize data of source tasks

Zz’gK Wy
Yim: average objective values of the samples Yr.m: average objective values of the samples
of the i-th source task in node m of the target task in node m

[Wang, Xue, Song, Huang, and Qian, NeurlPS 2024 Spotlight] http://www.lamda.nju.edu.cn/qianc/



MCTS based Space Transfer

i1 ZigK WilY; m

ZigK W

Potential of node m: p,, =|v

LAIViDA
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+ Y1, Utilize data of source tasks

Yim: average objective values of the samples Yr.m: average objective values of the samples

of the i-th source task in node m

— Distance(D;,Dr),1 <i <K

v

Ranking 73,1 <i <K

of the target task in node m

Reflect the similarity

between the i-th

w;: weight of the i-th source task —

!

source task and the

1.0 —
w; =
— 0.1

T
alN,,

ity < ai,,
otherwise

target task

y: decay factor The influence of source tasks decays during the optimization process

[Wang, Xue, Song, Huang, and Qian, NeurlPS 2024 Spotlight]

http://www.lamda.nju.edu.cn/qgianc/
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MCTS based Space Transfer oy

Leverage MCTS to divide search spaces

—_————,——— e e

« . o \ \

e Use K-Means to divide the samplesinanode ifs s« o [t i[e co /o [l [e\o° /A, |
] ° o.° oo I o oo° R L] e o.° o \o, |
into two clusters ISR 11 I ST | I A i

. . pe | L o |

e Use a binary classifier to separate the two @ = @ O
| | |

clusters and divide the space into two nodes | O © | < R

. . . | N 1 OO |

e The left and rlght child nodes have hlgher l ROOT : | NODE EXPANSION /,' |_ NODE EXPANSION )
and |Ower pOtentIal’ respeCtlvely SEARCH SPACE PRE-LERANING OPTIMIZATION INITIALIZATION

t—1 ZZSK w’iyi,m

Zz’gK Wy

Potential of node m: p,, =|vy + Y1, Utilize data of source tasks

Select the node m with

‘A Pm
Node selection:  ucb,, = n. T 2le’\/z log (12,) /mm higher UCB from ROOT

[Wang, Xue, Song, Huang, and Qian, NeurlIPS 2024 Spotlight] hitp://www.lamda.nju.edu.cn/gianc/
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B GP ®m LA-MCTS W Box-GP ®m Ellipsoid-GP M Supervised-GP PFN B MCTS-tranfer-GP

Similar Similar
6 | 6 6
© @ 4 c 4
o ——’_M o 4
V
2 2 2
0 50 100 0 50 100 0 50 100 0 50 100
Number of evaluations Number of evaluations Number of evaluations Number of evaluations
(a) Design-Bench (b) Real-world problems

Similar/Mixed transfer: learning from the data of similar (or similar and dissimilar) tasks

MCTS-transfer achieves the best average rank in high-dimensional real-world problems

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

[Wang, Xue, Song, Huang, and Qian, NeurlPS 2024 Spotlight]
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Only a very limited number of

The black-box optimization problems can be expensive evaluations (e.g., 10) are allowed

Neural architecture search Macro placement
conv maXx
A 3x3 3x3
Il [} [ Q
r " /l [ ) [ ] 8 u ” Canvas
[ £ ° ° 120 Cat
&L >
avg conv - .
3x3 5%5 2 = modules

Objective evaluation requires neural
network training and testing, which may
cost at least several hours

Objective evaluation requires routing and
simulation, which are time-consuming

How to develop efficient EL for expensive black-box optimization?

http://www.lamda.nju.edu.cn/qgianc/
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Offline optimization: Generate good solutions only using a given static data set

No Additional Interactions

O YBa,Cu,0,

Superconductors

{(xi, i) hiv (jl Offline
> &l
; 'MBO

| ) NA Squeces
. P arg max f9<x>\
Real Data / o

1 ‘(\ / ~
o My @ -
“c " (L1 R 3
~ ) ¢

o
Molecules

[Trabucco et al., ICML'22]

Robot Morphologies

Current approaches:

* Forward approach (x — y, surrogate model)
[Chen et al., NeurlPS’22; Kim et al., NeurlPS’23]

* Backward approach (y — x, generative model)
[Kumar & Levine, NeurlPS’20; Krishnamoorthy et al., ICML 23]

No iterative online evaluation!

http://www.lamda.nju.edu.cn/qgianc/
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X — % 4+ 1V f (x)| Prior works try to eliminate OOD prediction
t+1 = Xt T1Vx]6 X=Xt error via regularization or ensemble learning

[Trabucco et al., ICML'21; Chen et al., NeurlPS’22;
Yuan et al., NeurlPS’23; Dao et al., ICML'24]

. . . . Learning And Mining from DatA
Offl I n e O ptl m |Zat| O n http://www.lamda.nju.edu.cn
: | :
Forward approaches (mainstream): : OOD issue
~ | 1.2 Offline Data.set . ol =
 Train a surrogate model fg to predict the | ol e 500
function values via regression: : o 4 " error
0 =argming AL (o) - )" ) | oo -
o argmlne NZL:]‘ fe xl yl I P In-distribution Prior
I 0.4 Suboptimal solutions
p1 Surrogate Model
. . . . . I 0.2 Black-box Objective Function
* Obtain the final solution that maximizes | 95 070 05
the model output via gradient ascent: : [Yuan et al,, arXiv'24]
|
|
|
|
|

http://www.lamda.nju.edu.cn/qgianc/
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Primary goal of offline optimization:

* to select promising designs, rather than
to predict their scores precisely

(a)

Score

Offline Dataset
Design Candidate

Pa Db

fo®) < fo@"
f@) >

p3

P2 Surrogate Model fp
D1 Ground-truth Function f

Design

(b)

Score

Offline Dataset
Design Candidate

Pa

P3
P2

12
fo@") > fo(@")
f@) > f@®"

P o

Surrogate Model fp
Ground-truth Function f

Design

OOD error in order-preserving is more
important than OOD prediction error

We propose a novel framework for offline
optimization based on learning to rank

e Utilize data augmentation to construct
training data for the ranking framework

* Train the surrogate model with ranking loss

* Search for the final solutions using gradient
ascent under output adaptation

[Tan, Xue, Lyu, Shang, Wang, Wang, Fu, and Qian, ICLR 2025]

http://www.lamda.nju.edu.cn/qgianc/
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Theorem 1 (Equivalence of Optima for Order-Preserving Surrogates). Let fo bea surrogate model
and f the ground-truth function. A function h : R — R is order-preserving, if Vy1,y2 € R, y1 < o

iff h(y1) < h(y2). If there exists an order-preserving h such that fo(x) = h(f(x)) Vx, then finding
the maximum of f is equivalent to finding that of fe, i.e., arg max, . » f(x) = argmax, . fo(x).

Identify the importance of the order-preserving surrogate
models for offline optimization

Theorem 2 (Generalization Error Bound for LTR (Lan et al., 2009)). Let ¢ be an increasing and
strictly positive transformation function (e.g., ¢(z) = exp(z)). Assume that: 1)Vx € X, ||x|| < M;
2) the ranking model f to be learned is from the linear function class F = {x — w ' x | |w|| < B}.
Then with probability 1 — 6, the following inequality holds: O(1/~/n)

where: 1) A stands for a specific LTR algorithm; 2) N (¢) = SUDP,¢[—BM,BM] @' (2), which is an

algorithm-independent factor measuring the smoothness of ¢; 3) C 4(¢) is an algorithm-dependent
faCtO'; eg., CRankCosine(d)) = \/H/(2¢(_BM))

 The.i.d. generalization error bound has a convergence
rate of O(1/+/n) where n is the number of training data

A special case where pairwise ranking loss is
more robust than MSE in OOD regions:

Assume the training data suffers from
heavy-tailed noise

Assume the model to be learned is a
linear model

10 Linear model obtained by different losses under heavy-tailed noise

e

f(x)

= Ground Truth: f(x) = x*
Training Data

-101 MSE: y =-2.10x +2.98

RankCosine: y = 0.79x - 0.85

0.0 05 1.0 15 20 25 3.0
X

[Tan, Xue, Lyu, Shang, Wang, Wang, Fu, and Qian, ICLR 2025]

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



Offline Optimization by Learning to Rank

Experiment on Design-Bench [Trabucco et al., ICML'22] :
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Method Ant D’Kitty Superconductor TF-Bind-8 TF-Bind-10 | Mean Rank
D(best) 0.565 0.884 0.400 0.439 0467 | /
BO-gEI 0.812+0.000 0.896+0.000 0.382+0.013 0.802+0.081 0.628+0.036 | 18.0/22
CMA-ES 1712 £0.754 0.725+0.002 0463 +0.042 0944 +0.017 0.641+0.036 | 11.4/22
REINFORCE 0248 +0.039 0.541+0.196 0478+0.017 0.935+0.049 0.673+0.074 | 14.0/22
Grad. Ascent 0273+0.023 0.853+0.018 0510+0.028 0.969+0.021 0.646+0.037 | 11.6/22
Grad. Ascent Mean 0.306+0.053 0.875+0.024 0.508+0.019 0.985+0.008 0.633+0.030 | 11.2/22
Grad. Ascent Min 0282+0.033 0.884+0018 0514+0.020 0979+0.014 0.632+0.027 | 11.5/22
CbAS 0.846+0.032 0.896+0.009 0421+0.049 0921 +0.046 0.630+0.039 | 15.5/22
MINs 0.906 +0.024 0.939+0.007 0.464+0.023 0.910+0.051 0.633+0.034 | 13.0/22
DDOM 0.908 +0.024 0.930+0.005 0452+0.028 0913+0.047 0.616+0.018 | 14.6/22 )
BONET 0921+0031 0949+0016 0390+0.022 0798+0123 0575+003 | 151/22 1he third method: on Iy ranks 5.9
GTG 0.855+0.044 0.942+0.017 0.480+0.055 0.910+0.040 0.619+0.029 | 13.9/22
COMs 09160026 0949+0016 0460+0040 0953+0038 064420052 | 95/22 | ON average
RoMA 0430+0.048 0.767+0.031 0494+0.025 0.665+0.000 0.553+0.000 | 18.3/22
IOM 0.889 +0.034 0928 +0.008 0.491+0.034 0.925+0.054 0.628 +0.036 = 13.1L22
BDI 0.963+0.000 0.941+0.000 0.508+0.013 0.973+0.000 0.658+0.000 | 5.9/22
ICT 0.915+0.024 0.947+0.009 0494+0.026 0.897 +0.050 0.659+0.024 |~ 94/22~ . .
Tri-Mentoring 08910011 094750005 0503:0013 09560000 066220012 | 77/22 Our method equipped with two
PGS 0.715+0.046 0.954+0.022 0.444+0.020 0.889+0.061 0.634+0.040 | 13.2/22 i | £ h
FGM 0923+0023 0944+0014 04810024 081120079 0611+0008 | 132/22 FanKINg losses outperrorms other
__Match-OPT_ _ | 0.933+0.016_ 0.952+0.008_ 0.504+0.021  0.824 +0.067_ 0.655+0.050 | _8.0/22 20 thod ith K
; RaM-RankCosine (Ours) | 0.940 +0.028 0951 £0.017 0.514+0.026  0.982+0.012 0.675+0.049 | 2.7/22 | MEeLtnods WIth average ranks
RaM-ListNet (Ours) | 0.949+0.025 0.962+0.015 0.517+0.029 0981 +0.012 0.670+0.035 | 2.2/22
e ) | AP eRe AR e rE s PR sl Rl SRe L of 2.7 and 2.2

[Tan, Xue, Lyu, Shang, Wang, Wang, Fu, and Qian, ICLR 2025]

http://www.lamda.nju.edu.cn/qgianc/
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Offline Optimization by Learning to Rank

Examine the versatility of ranking loss by replacing the MSE
term in regression-based methods with the best-performing
ranking loss, ListNet

Method | Type | Ant | D’Kitty | Superconductor | TF-Bind-8 | TF-Bind-10
| Score Gain | Score Gain | Score Gain | Score Gain | Score Gain
BOGEI MSE | 0.812 % 0.000 0.896 + 0.000 0.382 +0.013 0.802 + 0.081 0.628 + 0.036
q ListNet | 0.812+0.000 +0.0% | 0.896+0.000 +0.0% | 0.509 +0.013 +33.2% | 0.912+0.032 +13.7% | 0.653 +0.056 +4.0%
CMALES MSE | 1.712 +0.705 0.722 + 0.001 0.463 + 0.042 0.944 +0.017 0.641 + 0.036
ListNet | 1.923+0.773 +123% | 0.723+0.002 +0.1% | 0.486 +0.020 +5.0% | 0.960+0.008 +1.7% | 0.661 +0.044 +3.1% . .
REINFORCE | MSE | 0248 +0.039 0.344 +0.091 0.478 +0.017 0.935 +0.049 0.673 +0.074 The galns are a IWays positive
ListNet | 0.318 +0.056 +28.2% | 0.359 +0.139 +4.3% | 0.501 £0.013 +4.8% | 0.935+0.049 +0.0% | 0.673+0.074 +0.0%
Grad. Ascent | MSE | 0.273£0.022 0.853 + 0.017 0.510 + 0.028 0.969 + 0.020 0.646 + 0.037 exce pt tWO case S, C | ear | y
ListNet | 0.280+0.021 +2.6% | 0.890+0.019 +4.3% | 0.521+0.012 +2.0% | 0.985+0.011 +1.7% | 0.660+0.049 +2.2%
MSE | 0.846 + 0.030 0.896 + 0.009 0.421 + 0.046 0.921 + 0.046 0.630 + 0.039 i ih
CbAS ListNet | 0.854+0.037 +0.9% | 0.898 +0.009 +0.2% | 0.425+0.036 +1.0% | 0.956+0.033 +3.8% | 0.642+0.034 +1.9% d emonstratin g t h e versati l Ity
MSE | 0.906 + 0.024 0.939 + 0.007 0.464 + 0.023 0.910 +0.051 0.633 +0.032 :
MINs ListNet | 0.911+0.025 +0.5% | 0.941+0.009 +0.2% | 0477 +0.019 +2.8% | 0910+0.029 +0.0% | 0.638+0.037 +0.8% Of fan kl n g I 0SS
T Mentori MSE | 0.891 +0.011 0.947 + 0.005 0.503 + 0.013 0.956 + 0.000 0.662 + 0.012
[-VIentonng |y istNet | 0.915+0.024  +2.7% | 0.943 +0.004 -0.4% | 0.503+0.010 +0.0% | 0.971+0.005 +1.7% | 0.710+0.020 +7.3%
PGS MSE | 0.715 +0.046 0.954 + 0.022 0.444 + 0.020 0.889 + 0.061 0.634 + 0.040
ListNet | 0.723+0.032 +1.1% | 0962+0.018 +0.8% | 0.452+0.042 +1.8% | 0.886+0.003 -0.3% | 0.643+0.030 +1.4%
Match.opT | MSE | 0933+0.016 0.952 + 0.008 0.504 + 0.021 0.824 + 0.067 0.655 + 0.050
ateh- ListNet | 0.936+0.027 +0.3% | 0.956+0.018 +0.4% | 0.513+0.011 +1.8% | 0.829+0.009 +0.6% | 0.659 +0.037 +0.6%

[Tan, Xue, Lyu, Shang, Wang, Wang, Fu, and Qian, ICLR 2025]

http://www.lamda.nju.edu.cn/qgianc/
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Offline optimization: Generate good solutions only using a given static data set

No Additional Interactions

O YBa,Cu,0,

uperconducto
{(xi,yi) } (j! Offline

Mo T
¢

! P NA ScweceS
. P arg max f, G(X)\
Real Data / o

MyC 2 3 { flo “ \
o ~ » 48 .

o
Molecules

[Trabucco et al., ICML'22]

Robot Morphologies

Current approaches:

* Forward approach (x — y, surrogate model)
[Chen et al., NeurlPS’22; Kim et al., NeurlPS’23]

* Backward approach (y — x, generative model)
[Kumar & Levine, NeurlPS’20; Krishnamoorthy et al., ICML 23]

No iterative online evaluation!

However, current approaches only consider single-objective scenario,
while many real-world applications have multiple objectives

http://www.lamda.nju.edu.cn/qgianc/
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Offline Multi-objective Optimization

7 \
, Tasks \ Various benchmark tasks
e |
I I
I { Synfheﬂc Fu"d'on ‘ | MO-NAS : ! Task Name | Dataset size Dimensions # Objectives Search space
I I I
I f f f I @ : I Synthetic Function 60000 2-30 2-3 Continuous
I 1221 m, I ;| MO-NAS 9735 6 3 Categorical
: _________ N . g MO-Swimmer 8571 9734 2 Continuous
I m———————— N ,mmmm—————= <! MO-Hopper 4500 10184 2 Continuous
: [ MORL (I MOCO 1 : MO-TSP 60000 500 2 Permutat{on
1 (5B ! | o MO-CVRP 60000 100 2 Permutation
v ] N Lo E - MO-KP 60000 200 2 Permutation
P ro p O S e ! '\ 9‘ 1 '\ o— 1 : Molecule 49001 32 3 Continuous
: ST i S 2 | Regex 420438 4 2 Sequence
[ AP N PR PR S 1 RFP 4937 4 2 Sequence
Off | i ne I | Scientific Design ' | RE 1 : Real-world Application 60000 3-6 2-6 Continuous & Mixed
I I I
I I
I ¢ ) I 1ol
I ) I [ My | . I .
I I S -
ulti-objective ! et Bl > Extensive analysis
r r l - e _ S A
y, - T-T- == === === ====== 1
I Methods I Methods | Synthetic MO-NAS MORL MOCO Sci-Design RE | Average Rank
I
t 1 1 t S | D(best) 1217£027 1211+£0.05 9.00+050 2.00+014 838+0.38 13.13+0.07 | 10.03 £ 0.07
optimization N ' [ Learning ! End-to-End 6914003 837+005 7504200 675+046 675+112 7.50+057 | 7.32+001
' Data : ! AI h : End-to-End + GradNorm 825+056 7.71+£008 450+1.00 7.61+0.18 8.62+0.50 10.53+0.07 | 8.34+0.01
. . I D 7 I 99':'! _"_\ S End-to-End + PcGrad 7.88 + 0.06 7.18+ 039 1050+1.50 6.07+0.64 8.69+2.69 823+0.17 7.51 £0.14
I I
fO r th e f| rst time -~ Model " {— S cerrehi 1 Multi-Head 638+050 537+037 625+225 829+021 9.19+044 833+040 | 7.00+038
| ode al”c ! Multi-Head + GradNorm 7.78 £0.53 1020+0.04 11.00£3.00 998+0.30 9.06+1.19 10.63+0.17 | 9.63 +£0.04
: I : : Multi-Head + PcGrad 8.61£0.14 692+055 1050+£3.50 8.21+036 9.38+0.50 8.50=+0.17 8.09 +0.20
| | Multiple Models 405+011 493+028 9754+0.75 634+027 5624075 4.504+0.10 5.02 + 0.03
1 1 Multiple Models + COMs 9.81 £ 0.31 592+034 7.00£2.00 636+050 8.38+2.00 10.50+0.50 | 8.09 £0.32
! | : Multiple Models + RoMA 8.95 £ 0.05 5.00£0.00 4.75+225 8.14+£021 8.00+1.38 6.30+£0.10 7.07 £0.02
: : | Multiple Models + IOM 6.11+036 434+034 375+275 425+004 7.19+044 3.23+0.03 4.61 + 0.05
| 1 1 Multiple Models + ICT 9.11+0.27 1192+029 4754+025 9.89+046 8.62+0.75 8.43+0.30 9.64 £ 0.11
| 1 1 Multiple Models + Tri-Mentoring | 7.83 +£0.05 11.37+047 525+2.75 9.50+0.00 9.38+1.00 6.73+0.20 8.77 £0.21
: o ! : MOBO 9.09 + 0.47 7.18+£0.55 10.50+0.00 13.69 £0.08 5.44+0.56 6.11+0.29 8.64 +0.37
: i & .:} 00 . : ] MOBO-ParEGO 10.27 £0.23 1147 £0.32 N/A 13.62 +0.04 9.44+0.44 12.71+0.33 | 11.68 + 0.20
« '_ Performance Rank | Visualization ' MOBO-JES 1248 +£0.05  16.00 % 0.00 N/A 3004000 7.50+650 8.04+037 | 10.30 + 0.44

[Xue, Tan, Huang, and Qian,

n, ICML 2024]

http://www.lamda.nju.edu.cn/qgianc/
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Evolutionary algorithms often have multiple heterogeneous hyper-parameters, whose
configuration can influence the performance largely

multiple tasks
o0

Algorithm Parameter Tasks Objective

Algorithm Configuration (AC)

Algorithm

multiple tasks

Per-instance AC

Q

4

a single task

Dynamic AC (DAC)

Can we adjust multiple hyper-parameters of EAs automatically and dynamically?

http://www.lamda.nju.edu.cn/qgianc/
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7.2 Limitations and Further Research

Frank Hutter W s LV z&28  While these case studies and other previous applications provide a “proof of concept” for
( :.‘ ;;Cfszsnffff;g;gzg;g;;g;éfggfﬁw%mg Germany - 70::; 2‘”"?2 automated DAC.7 we point out that much remz.nns to be done to unlock its.full p(?tential,. a.nd
3 AutoML  Meta-Leaming Neural Architecture Search Deep Learning Machine Learning h 55 8 s we hope that this work may serve as a stepping stone for further exploring this promising
O o * ™ line of research. In what remains, we will discuss some of the limitations of contemporary
o JERE EH w0 work and provide specific directions for future research.
Decoupled weight decay regularization 18607 2017 10

Jointly configuring many parameters: While static approaches are capable of jointly
configuring hundreds of parameters, the configuration space in contemporary DAC is typ-

| Loshchilov, F Hutter

: 9500
arXiv preprint arXiv:1711.05101

Sgdr: Stochastic gradient descent with warm restarts 7829 2016 4750

| Loshchilov, F Hutt i 1 3 ] 3 3 - 3

e s06.0308 -nl , ically much smaller, often considering only a single parameter. While the configuration
2017 2018 2019 2020 2021 2022 2023 2024 . . . . . N . . .,

Sequential model-based optimization for general algorithm configuration st 2011 space is smaller, the candidate solution space (i.e., the dynamic configuration policy space)

grows exponentially with the number of reconfiguration points, in the worst case, and is
thus typically drastically larger than static configuration policy spaces. Although modern
Automated Dynamic Algorithm Configuration techniques from reinforcement learning scale much better than ever before, we still know too
little about the internal structure of DAC problems to handle this exploding space of pos-
sible policies. For example, not much is known regarding interaction effects of parameters

Steven Adriaensen ADRIAENS@CS.UNI-FREIBURG.DE . . . .

André Biedenkapp BIEDENKA@GS. UNI-FREIBURG . DE in the DAC setting. If there should be only a few interaction effects between parameters as
Gresa Shala SHALAG@CS. UNI-FREIBURG.DE in static AC (Hutter et al., 2014; Wang et al., 2016), learning several independent policies
Noor Awad AWAD@CS.UNI-FREIBURG.DE might be a way forward.

University of Freiburg, Machine Learning Lab

Theresa Eimer EIMER OTNT.UNI-HANNOVER.DE O pe N p ro b I em: H ow to 3 dJ ust mu Itl p | e
Marius Lindauer LINDAUERQTNT.UNI-HANNOVER.DE
Frank Hutt FHQCS.UNI-FREIBURG.DE heterogeneous hyper_parameters

Leibniz University Hannover, Institute for Information Processing
University of Freiburg, Machine Learning Lab € Bosch Center for Artificial Intelligence Si m u |ta n e O u S Iy?

http://www.lamda.nju.edu.cn/qgianc/
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Open problem: How to adjust multiple heterogeneous hyper-parameters simultaneously?

| Instance ...
Instance 2

One direct method: Action a

Treat multiple hyper-parameters as a whole,
and apply RL methods

Action space

L]
Very difficult

because of the large action space! :

a

Reward

Instance set

State Encoder
3 State

http://www.lamda.nju.edu.cn/qgianc/
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Open problem: How to adjust multiple heterogeneous hyper-parameters simultaneously?

| Instance ...

. . . | Instance 2
Our solution: Action a Instance 1

Algorithm 1: MOEA/D
Parameters: Population size N, number 7 of iterations

Initialize a population {z()}¥ | of solutions, and a corresponding set W = {w®}Y | of
weight vectors ;

Reward t=0:

* Cooperative Qrot (s, @)

° . . N
mU|tI-agent Mixing Network < fori=1: N do - _ .
Randomly select parent solutions from the neighborhood of w® , denoted as ©®"" ;
L]
modeling t t

Use crossover and mutation operators to generate an offspring solution z’*/;
Qi(s, a;)

v

Evaluate the offspring solution to obtain F'(z'(*));
Update the ideal point z*. That is, forany j € {1,2,..., m}, if fj(z'®) < z;, then
z; = £i(@'®);

Update the corresponding solution of each sub-problem within ©*" by /(). That is,

\ for each w) € O*" | if g(a'® | w1, 2*) < g(x) | w"), 2*), then () = 2'®
[ ]
Each agent agent 1 [l Agent2 [ Agent s [l Agent 4

handles one s s
hyper-parameter

Instance set

State Encoder

1 State

[Xue, Xu, Yuan, Li, Qian, et al. NeurlIPS 2022 Spotlight] http://www.lamda.nju.edu.cn/gianc/
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Table 2: IGD values obtained by MOEA/D, DQN, MA-UCB and MA-DAC on different problems. Each result
consists of the mean and standard deviation of 30 runs. The best mean value on each problem is highlighted in
bold. The symbols ‘4, *—" and ‘=’ indicate that the result is significantly superior to, inferior to, and almost

equivalent to MA-DAC, respectively, according to the Wilcoxon rank-sum test with confidence level 0.05.

Problem M | MOEA/D DQN MA-UCB MA-DAC
3 || 4.605E-02 (3.54E-04) —  4.628E-02 (2.96E-04) —  4.671E-02 (3.70E-04) — | 3.807E-02 (5.05E-04)
DTLZ2 5 || 3.006E-01 (1.55E-03) —  3.016E-01 (1.34E-03) —  3.041E-01 (1.69E-03) — | 2.442E-01 (1.26E-02)
7 || 4.455E-01 (1.41E-02) —  4.671E-01 (1.15E-02) —  4.826E-01 (9.59E-03) — | 3.944E-01 (1.17E-02)
3 || 5.761E-02 (5.41E-04) —  6.920E-02 (1.20E-03) —  7.165E-02 (1.83E-03) — | 5.200E-02 (1.19E-03)
WFG4 5 || 3.442E-01 (1.21E-02) —  2.810E-01 (6.86E-03) —  2.859E-01 (6.77E-03) — | 1.868E-01 (2.81E-03)
7 || 4.529E-01 (1.79E-02) —  3.725E-01 (1.14E-02) —  3.868E-01 (1.54E-02) — | 3.033E-01 (3.66E-03)
3 || 6.938E-02 (5.50E-03) —  6.834E-02 (1.78E-02) —  6.601E-02 (1.00E-02) — | 4.831E-02 (8.95E-03)
WFG6 5 || 3.518E-01 (2.82E-03) —  3.160E-01 (2.40E-02) —  3.359E-01 (1.47E-02) — | 1.942E-01 (6.90E-03)
7 || 4.869E-01 (3.03E-02) —  4.322E-01 (2.95E-02) —  4.389E-01 (3.41E-02) — | 3.112E-01 (4.93E-03)
Train: +/—/~ | 0/9/0 0/9/0 0/9/0
3 | 6.231E-02 (8.85E-02) ~  5.590E-02 (5.77E-03) —  6.011E-02 (5.08E-03) — | 6.700E-02 (6.14E-02)
DTLZ4 5 | 3.133E-01 (445E-02) ~  3.457E-01 (1.61E-02) —  3.492E-01 (1.69E-02) — | 2.995E-01 (2.10E-02)
7 | 4.374E-01 (2.57E-02) —  4.552E-01 (1.47E-02) —  4.756E-01 (2.01E-02) — | 4.182E-01 (1.21E-02)
3 | 6.327E-02(1.10E-03) —  6.212E-02 (5.54E-04) —  6.118E-02 (7.03E-04) — | 4.730E-02 (7.89E-04)
WFG5 5 | 3.350E-01 (9.77E-03) —  3.077E-01 (6.36E-03) —  3.036E-01 (8.83E-03) — | 1.811E-01 (3.02E-03)
7 | 4.101E-01 (2.08E-02) —  4.996E-01 (1.32E-02) —  5.024E-01 (1.38E-02) — | 3.206E-01 (8.04E-03)
3 | S.811E-02(6.31E-04) —  5.930E-02 (7.32E-04) —  6.014E-02 (7.11E-04) — | 4.066E-02 (5.31E-04)
WFG7 5 | 3.572E-01 (547E-03) —  2.993E-01 (1.43E-02) —  3.207E-01 (1.71E-02) — | 1.858E-01 (2.12E-03)
7 | 5.236E-01 (2.19E-02) —  4.576E-01 (2.38E-02) —  4.879E-01 (2.75E-02) — | 3.258E-01 (1.25E-02)
3 | 8.646E-02 (3.44E-03) —  9.280E-02 (1.06E-03) —  9.612E-02 (1.48E-03) — | 7.901E-02 (1.19E-03)
WFGS 5 | 4.258E-01 (842E-03) —  3.969E-01 (1.26E-02) —  3.956E-01 (1.32E-02) — | 2.479E-01 (7.20E-03)
7 | 5.816E-01 (1.30E-02) —  5.575E-01 (1.39E-02) —  5.642E-01 (1.38E-02) — | 4.127E-01 (5.93E-03)
3 | S.817E-02 (1.24E-03) —  5.628E-02 (7.29E-04) —  7.953E-02 (2.45E-02) — | 4.159E-02 (6.10E-04)
WFG9 5 | 3.633E-01 (1.20E-02) —  3.258E-01 (1.61E-02) —  3.396E-01 (1.55E-02) — | 1.832E-01 (7.10E-03)
7 | 5.538E-01 (2.63E-02) —  S.115E-01 (2.15E-02) —  5.227E-01 (1.79E-02) — | 3.278E-01 (7.21E-03)
Test: +/—/~ | 0/13/2 0/15/0 0/15/0

Task: Adjust four hyper-parameters of
MOEA/D (a popular MOEA) dynamically

Train on DTLZ2, WFG4, and WFG6 with
m objectives, and test on the other
problems with m objectives

Significantly better on almost
all the 24 problems

Good generalization ability

[Xue, Xu, Yuan, Li, Qian, et al. NeurlPS 2022 Spotlight]
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The most
proper Algorithm

Algorithm
dq*

Algorithm selection has been applied in many fields, e.g., machine learning and

black-box optimization

But it’s new for neural combinatorial optimization!

http://www.lamda.nju.edu.cn/qgianc/
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Diversity of Neural Combinatorial Optimization Solvers /o Jamda v

Different neural solvers demonstrate complementary performance at instance level

10

EEl Scale-related capacity
Bl Capacity from triangular distributions
8
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G \
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Optimality Gap (%)

Percentages of Winning (%)
o
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o
o

(a) Percentages of Winning (b) Optimality Gap (Average)

The change of problem distribution

Different solvers win on different instances
almost reverses the rank of solvers

[Gao, Shang, Xue, and Qian, ICML 2025] http://www.lamda.nju.edu.cn/gianc/
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We introduce the idea of solver selection into the field of NCO for the first time

Feature
Extraction

Selection
Model

The most proper solver(s)

Selection
Strategy

[Gao, Shang, Xue, and Qian, ICML 2025]

http://www.lamda.nju.edu.cn/qgianc/
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As an instantiation, we apply neural solver selection to two widely studied problems:
Traveling Salesman Problem (TSP) and Capacitated Vehicle Routing Problem (CVRP)

Omni jicvi23]
BQ [NeurlPS’23]

Omni jicvi23)

BQ Nneurlps'23
LEHD [neurips23) Q (Neurips'23]

DI FUSCO [NeurlPS’23]

T2T [Neurips23] .
- INVIT (1cvivaa
ELG [1caras

LEH D [NeurlPS’23]
INVIT [icvivaa

ELG [icarg
MVMOE [icviv24]

Neural solver pool for TSP Neural solver pool for CVRP

[Gao, Shang, Xue, and Qian, ICML 2025] http://www.lamda.nju.edu.cn/gianc/
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Feature extraction

A hierarchical graph encoder

* Adapt graph pooling to construct multi-level local views of problem instances
* Leverage the similarity of local views to boost OOD generalization

Selection model

A MLP to predict scores of neural solvers, trained by

* C(Classification: Treat the best solver as the ground truth label
* Ranking: Rank solvers according to their performance metrics

Selection strategies
* Greedy, top-k, rejection-based, and top-p selection

[Gao, Shang, Xue, and Qian, ICML 2025] http://www.lamda.nju.edu.cn/gianc/



Experimental Results

Results on synthetic dataset with Gaussian distribution and N € [50,500]

State-of-the-art

D —

individual solvers

/

Run all the solvers
and select the best

Methods | pd Methods H ik

| Gap | Time | Gap | Time
BQ (3rd) 3.00% 1.40s LEHD (3rd) 7.37% 1.01s
T2T (2nd) 2.40% 1.58s BQ (2nd) 7.20% 1.59s
DIFUSCO (Ist) 2.33% 1.45s Omni (/st) 6.82% 0.24s
OPT 1.24% 8.93s OPT 4.64% 4.38s
Selection by classification Selection by classification
Greedy 1.94% (0.02%) | 1.36s (0.01s) Greedy 5.35% (0.02%) | 0.64s (0.01s)
Top-k (k = 2) 1.53% (0.01%) | 2.52s (0.04s) Top-k (k=2) | 4.81% (0.01%) | 1.87s(0.03s)
Rejection (20%) | 1.81% (0.01%) | 1.63s (0.01s) Rejection (20%) | 5.19% (0.03%) | 0.77s (0.01s)
Top-p (p = 0.5) | 1.84% (0.03%) | 1.55s (0.06s) Top-p (p = 0.8) | 5.16% (0.03%) | 0.87s (0.08s)
Selection by ranking Selection by ranking
Greedy 1.86% (0.01%) | 1.33s (0.01s) Greedy 5.31% (0.01%) | 0.62s (0.01s)
Top-k (k = 2) 1.51% (0.02%) | 2.56s (0.03s) Top-k (k = 2) 4.82% (0.01%) | 1.90s (0.04s)
Rejection (20%) | 1.75% (0.02%) | 1.63s (0.01s) Rejection (20%) | 5.15% (0.02%) | 0.74s (0.015s)
Top-p (p = 0.5) | 1.68% (0.02%) | 1.86s (0.07s) Top-p (p = 0.8) | 4.99% (0.02%) | 1.03s (0.03s)

LAIViDA

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

Our method is close
to OPT, but achieves
significant speedup

Our method outperforms the best individual solvers on TSP and CVRP,
and can even consume less time on TSP

[Gao, Shang, Xue, and Qian, ICML 2025]

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

Generalization results on out-of-distribution datasets
* Training: Synthetic dataset with Gaussian distribution and N € [50,500]
* Test: TSPLIB/CVRPLIB with more complex distributions and N € [50,1002]

| TSPLIB

Methods |

CVRPLIB Set-X

Methods
| Gap | Time | Gap | Time
State-of-the-art BQ (3rd) 3.04% 1.44s BQ (3rd) 10.31% 2.60s
. — ¥
ingl lver DISFUCO (2nd) 2.13% 1.44s Omni (2nd) 6.21% 0.38s
SINgIe SOIVers T2T (Ist) 1.95% 1.74s ELG (Ist) 6.10% 1.31s
OFT 0.89% 9.14s OPT 5.10% 6.81s
Selection by classification Selection by classification

Run all the solvers  Greedy 1.54% (0.05%) | 1.33s (0.02s) Greedy 5.96% (0.12%) | 1.06s (0.08s)
Top-k (k= 2) | 1.22% (0.10%) | 2.47s (0.02s) Top-k (k= 2) | 5.44% (0.08%) | 2.40s0.259)  Qur method is
and select the best  Rejection (20%) | 1.42% (0.11%) | 1.54s (0.03s) Rejection (20%) | 5.83% (0.12%) | 1.31s (0.09s)
Top-p (p = 0.5) | 1.49% (0.11%) | 1.37s (0.02s) Top-p (p=0.8) | 5.79% (0.09%) | 14250179  robust a gainst the

Selection by ranking

Selection by ranking

Greedy 1.33% (0.06%) | 1.28s (0.03s) Greedy 5.76% (0.04%) | 1.31s (0.10s)
Top-k (k =2) | 1.07% (0.03%) | 2.48s (0.02s) Top-k (k=2) | 5.39% (0.06%) | 2.56s (0.13s)
Rejection (20%) | 1.26% (0.03%) | 1.51s (0.04s) Rejection (20%) | 5.63% (0.05%) | 1.60s (0.08s)
Top-p (p = 0.5) | 1.28% (0.04%) | 1.46s (0.06s) Top-p (p = 0.8) | 5.61% (0.03%) | 1.72s (0.08s)

distribution shifts

[Gao, Shang, Xue, and Qian, ICML 2025]

http://www.lamda.nju.edu.cn/qgianc/
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Comparison between top-k selection and solver portfolio with the same size
* Solver portfolio: The optimal solver subset obtained by enumeration

Optimality gap (%)
S R
o 00 o N

=
»

=
N

TSP

TSPLIB

CVRP

CVRPLIB Set-X

1.8

1.6

1.4

1.2

1.0

2.0

6.5

6.0

5.5

5.0

5.8

5.6

5.4

5.2

\
6.0

————— - OPT

—— Solver portfolio with size k

—+— Top-k selection

Our top-k selection
consistently outperforms
the size-k solver portfolio

We hope this work can open a new line for NCO. Many future works: Neural solver
feature, runtime-aware selection, complementary solvers, etc.

[Gao, Shang, Xue, and Qian, ICML 2025]

http://www.lamda.nju.edu.cn/qgianc/
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BBO: Optimize an objective function f(x), with the only permission of querying f (x)

End-to-end learning for BBO: Utilize data from the task distribution P(F) to pre-train a
model M, which performs like an algorithm to optimize unseen objective functions

Task 1 Algorithm T
f A, (Data 1
Pre-trained Unseen
"t [] tt - Model M f(x)
Task N Algorithm P “Algorithm”
fn Ag W

http://www.lamda.nju.edu.cn/qgianc/
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Google, NeurlPS'22] makes the first attempt on learning end-to-end black-box optimizers

e Convert the metadata (description of the
problem and algorithm) into text

of classical algorithms into text

* Train the OPTFormer to learn the converted
trajectories from datasets

Training L(6;m,h) = Z log Pg(h™|m, h(tin=1)

 Convert the historical optimization trajectory

O/)

7 O/)l\, Q O/Jf a /,\ [\
/( CC\()( 02)] (‘0§07
%
Outputs: Q QO QQQ Q Q
OptFormer
ar,Dt/, l V/ WDy & |/ /[\ I/
, g, s N Cos &S (O N
oy e, 13 Sap, g ey g, 05 ey
/‘ 7 > /7, s
I t a//"&ggize
npu SI :"'O/,'
'3’77’7

Metadata Trial 1 Trial ¢

1:d-1
Inference m(x¢|lm, hy_q) = npe (xf|m, ht—lrxt( )

Imitate the behavior of algorithms
with an identifier of algorithm

Cannot select proper algorithms automatically

http://www.lamda.nju.edu.cn/qgianc/
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Source task: f; ~ P(F) fi AMU‘Q
Behavior algorithm: A;,j =1, K f1:v CJ :

M Ax
' 7. . = | pblm
Offline dataset: Dy ; {hT }mzl Collected by executing a behavior BBO

algorithm A; on f;

“,] hr = {x1,y1, %2,y .. %r,yr} | Dy}

Re=Ypopry OF = ¥er)

M‘ET = {xO;}’o;:_IEP_: X1, V1) 0 XT) yTjRT:}\ {T)i,j}

Augment histories by regret-to-go (RTG)
T *
Re = 2pret 11 (V" = yer)

[Song, Gao, Xue, Wu, Li, Hao, Zhang, and Qian, IJCAI 2025] http://www.lamda.nju.edu.cn/qianc/



Reinforced In-context BBO

[PAD]|IPAD]| Ry | X1 | ¥1 | Ry Xt | Ve | Re
e \
Causal Transformer
- y
samp/ingﬂ samplingﬂ samplingﬂ

X1 X2 Xt+1

(b) Training and Inference

Naive RTG update strategy for inference

LAIViDA
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Lrippo(0) = — ,h_T:1_)_ [z:t 1108 Mg (x¢|he— 1)]

h————

Augmented Histories

Re = Z’:t+1(y* — V')

Bring identifiability of algorithms
and help generate user-desired
algorithms automatically

Ri=Ri_1 — (" —y¢) Fall below O

[Song, Gao, Xue, Wu, Li, Hao, Zhang, and Qian, 1JCAI 2025]

http://www.lamda.nju.edu.cn/qgianc/
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Hindsight Regret Relabeling (HRR) for inference

Algorithm 1 Model Inference with HRR
Input: trained model My, budget 7', optimum value y*

Process: . _ .
1: Tnitialize context ho = {(zo, o, Ro)}, where g and The immediate RTG is set as 0 to generate
yo are placeholders for padding and Ry = 0; the most advantageous solutions

2: fort=1,2,...,T do A
Generate the next query point &; ~ Mg(+|hs—1);
Evaluate x; to obtain y; = f(x);

3

4

5:  Calculate the instantaneous regret r = y* — y;; Previous RTG tokens are updated by
6: Relabel R; < R; + r, for each (x;,y;, R;) in h;_1;

7

8:

hy = by U{(xs,:,0)}; adding the current regret
end for

Re = Nprepr (V" — ) = 0
x - T *
Ri = Xi—ip (V" = yer) - Ri=Y¢—i " —ye)

[Song, Gao, Xue, Wu, Li, Hao, Zhang, and Qjan, [JCAI 2025] http://www.lamda.nju.edu.cn/qianc/
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Behavior algorithms

* Heuristic search, e.g., random search, shuffled grid search, hill climbing
* Evolutionary algorithms, e.g., regularized evolution, eagle strategy, CMA-ES
* Bayesian optimization, e.g., GP-EI

Benchmarks

 BBOB functions [Elhara et al., 2019]

e HPO [Arango et al., 2021]

* Robot control problems [Wang et al., 2018]

A series of transformation are used to construct training and test data sets for BBOB and
robot control problems, and a training and test split is provided by the authors for HPO

[Song, Gao, Xue, Wu, Li, Hao, Zhang, and Qian, IJCAI 2025] http://www.lamda.nju.edu.cn/gianc/
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= Hill Climbing

GriewankRosenbrock

1.00
So0.98 K% L1 |
> ’ /
T 0.967 |/
N
© 0.941 |
= ‘
o
= 0.92 //

0.90

0 50 100 150
Number of evaluations
SharpRidge

1.04
o —
209 i
> ="
° L1

=—==1] L

Nos P
© L
:
o 0.7
2 /

0.6 y T u

0 50 100 150

Number of evaluations

1.00

° o
© ©
o wu

Normalized value
o o
2] 0]
o w

o
N
u

o
S
o

RIBBO BC o
Regularized Evolution

Lunacek

0 50 100 150

Number of evaluations

SVM

° S =
o o <)

Normalized value
o
B

o
N]

0 50

100
Number of evaluations

LAIViDA

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

BC Filter = Optformer
Eagle Strategy = CMA-ES GP-El
Rastrigin RosenbrockRotated

1.00 1.001 — ' —
=| 3 | A7
T /// T 0.98 /
T 0.96 o
N / N 0.96
© 0.94 ©
g9 ‘ £
5 S 0.94
= 0.92 / =z

0.90 0.92 /

0 50 100 150 0 50 100 150
Number of evaluations Number of evaluations
XGBoost Rover
1.0

1.2
) o 0.9
3 3 L—] |
5 1.0 L 5 0.8 il R e v B
8 0.8 et . '8 0.7 //L//{T/_
N = | —1T1T N |1
— | —1 H—
© 0.6 L ] © 0.6
£ =t [ E
S o041 5:: E—f——= 6 0.5
= L— 2

0.4
0.2
0 50 100 0 50 100 150

Number of evaluations

Number of evaluations

RIBBO outperforms the behavior algorithms and baselines

[Song, Gao, Xue, Wu, Li, Hao, Zhang, and Qian, 1JCAI 2025]

http://www.lamda.nju.edu.cn/qgianc/
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Cross-distribution generalization Influence of initial RTG token
GriewankRosenbrock GriewankRosenbrock
1.00- 30.
—— HRR (Ry=0)
S 0.98- 25+ HRR (Ry=5)
D 0.96- 9 L
N =151 [
0 0.94- f v
E J D 10+
2 0.92] / & . ’ J[ |
0.90 ! . , 0 —
50 100 150 . . i ,
Number of evaluations 0 50 100 150

Number of evaluations
RIBBO can generalize to

unseen function distributions By incorporating RTG tokens into the

optimization histories, RIBBO can automatically

train on 4 other function distributions and test on : Ce : :
generate user-desired optlmlzatlon traJectorles

GriewankRosenbrock, which has different properties

[Song, Gao, Xue, Wu, Li, Hao, Zhang, and Qian, IJCAI 2025] http://www.lamda.nju.edu.cn/qgianc/
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Different source tasks may have heterogenous search spaces [Google, TMLR'24]

i.e., different dimensionalities, variable types

f Search Space \ X: {lr=le-3, opt="SGD”}
Name: model Name: optimizer

Name: convnet on cifarl0
CATEGORIES: [‘svm’, ‘mlp’] CATEGORIES: [‘sgd’, ‘adam’] .
Metric: accuracy

Name: learning_rate / \ i
DOUBLE: [0, 1.0] GaRNSei s et TR et oo >

1 optimizer = ‘adam’ | I

————— ; s— — —— — —— - — o o e o
Name: batch size l I Y = 0 9
(e 2 Name: kernel Name: num_layers Name: beta
CATEGORIES: [‘rbf’, ‘poly’] INT: [1, 5] DOUBLE: (0.0, 1.0]

\ X: {tiles=5, windows=10}
4 N Name: tpu design

Trial 1: | learning rate:0.5 || batch size:128 || model: ‘svm’, kernel: 'rbf’ || optimizez: ‘sgd’ | Metric: latency

Trial 2: I learning rate:0.2 " batch size:14 " model: ‘mlp’, num layers:2 " optimizer: ‘adam’, beta:0.6 I >
\ y Y = 0.00015

Heterogenous and dynamic search spaces Divergent objectives

Traditional BBO algorithms cannot handle inputs from heterogeneous spaces

[Tan, Chen, Xue, Wang, Wang, Fu, and Qian, ICML 2025] hitp://www.lamda.nju.edu.cn/gianc/
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Use string-based representation to train a language-model-based universal regressor

|
!
!
!
!
!

\

\J

~

textual metadata

for task distinguishment
Source Data 8

r

(" Name: TF Bind 8 )

|
Name: Superconductor \ :
|

Description: DNA opt.

( \
: m |1 “x0”:0.1,“x1”:0.2, ... y
|

——, | m |1 “x0":5.4,"x1":9.2, ... y | —
1

e — IR AR R — - m

. . . . . . . ’
Obj.: Maximize binding affinity I 1 “20”:“0”, “x1":“1”, ...

y

\ (X1JY1T» &Z»YZ)r -, (XN YND y \—5

{ Online BBO
Offline BBO

Universal Downstream
— . . .
Regressor optimization

Key-value like solution string: overcome the heterogeneity

Textual string input representation example

X "x1":0.3241,"x2":64.0012,"x3":7.1285...

Name:"Ant Morphology".
morphology optimization”.

Description:"a quadruped robot
Objective:"to run as fast as possible"

<+><7><2><5><E-1>o0r72.5

[Tan, Chen, Xue, Wang, Wang, Fu, and Qian, ICML 2025]

http://www.lamda.nju.edu.cn/qgianc/
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Two variants of universal end-to-end regressor based on how to deal with y
(@) UniSO-T: Token-targeted (b) UniSO-N: Numeric-targeted
P10 numeric encoding 0.4375982 | 04375982 1 MSE
[Charton, TMLR’22] Numeric Tokenizer 1-dim MLP
_______________________________ Regressor
I{ ‘: Cross-Entropy
y=1.31=131 x 102 e ;
@ Language Model Language Model Embedder
<] ><3><]S<E-2> (e.g., T5) (e.g., T5 Embedder)
Language Model Tokenizer Language Model Tokenizer
m | “x0”:0.1,“x1”:0.2, . m | “x0”:0.1,“x1”:0.2, ..

[Tan, Chen, Xue, Wang, Wang, Fu, and Qian, ICML 2025] http://www.lamda.nju.edu.cn/gianc/



t-SNE dimension 2
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Issues of Vanilla UniSO and Improvement Techniques nttp:/ wwrJamda.niu.edu.cn

UniSO cannot effectively distinguish dissimilar tasks| . . _
Similar tasks remain close

tSNE of vanilla UniSO . . . )
bedd > Solution: Embedding alignment via Dissimilar tasks are far
embeddings .
8 metadata guidance | |
t-SNE plot of Vanilla UniSO-T embeddings ( / ) t-SNE plot of UniSO-T embeddings
G 1 exp(sy;/T -
/v‘con = — §;n log v x P
50 > N(N —-1) 1§;§N J (Zk;ﬁz eXp(Sik/T)> [;-_\

Encourage input embeddings to exhibit similar cross-
task patterns to the metadata embedding

o
t-SNE dimensio
n
o

-50

CERRIRTERIN Non-smoothness of intra-task embeddings DN
Eiee = 60 —-40 -20 0 20 40 60 80
T one dimension 1 ’\L> > Solution: Local Smoothness Enhancement of [/\/ e nss + rramso
Embedding
= Y max (0, BBl g g S~ 2o N L Minimizing Lyp,. is
lip ’ ||Z — Z|| ’ lip N. llpTi . .
1<i<j<Nr i Zll2 iz T: theoretically important

for optimization

Regularize the embedding to preserve its local Lipschitz
[Lee et al., NeurlPS’23]

continuity w.r.t. the objective score y

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

[Tan, Chen, Xue, Wang, Wang, Fu, and Qian, ICML 2025]
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Experiments on offline BBO (since there is a large amount of data to train the model)

e Model structure: T5-small encoder-decoder structure

* Training: Train for 200 epochs, using AdamW with a batch size of 128

 Model-inner search: Evolutionary algorithms (EAs)

Training tasks: Tasks from Design-Bench [Trabucco et al.,, IcmI’22] and SOO-Bench [qian et al., ICLR’25]

Benchmark Suite | Task | Dataset size Variable type # dimensions
Ant 10004 CONTINUOUS 56
D’Kitty 10004 CONTINUOUS 60
Design-Bench Superconductor 17010 CONTINUOUS 86
TF Bind 8 32898 CATEGORICAL 8 (3 categories)
TF Bind 10 10000 CATEGORICAL 10 (3 categories)
GTOPX 2 22000 CONTINUOUS 22
GTOPX 3 18000 CONTINUOUS 18
SOO-Bench GTOPX 4 26000 CONTINUOUS 26
GTOPX 6 22000 CONTINUOUS 22

[Tan, Chen, Xue, Wang, Wang, Fu, and Qian, ICML 2025]

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

Comparison on UniSO methods to single-task expert methods

Single-task Experts | UniSO-T | UniSO-N
Task | Di(best) \ BN + EAs BN + Grad | Vanilla Improved | Vanilla Improved
Ant 165.326 | 118.877 +127.688 229.462 + 165.869 | 275.216 £ 90.820 374.665 + 56.057 | 268.399 + 82.858  269.691 + 77.425
D’Kitty 199.363 111.205 + 66.986 183.263 £ 62.436 | 216.070 +23.209  225.752 +8.521 | 130.655 +£83.106 173.911 +46.662
Superconductor | 74.000 93.951 + 7.039 97.137 £ 6.113 86.795 £+ 13.466 92.200 £ 15.209 81.266 + 16.073 67.333 + 16.838
Best TF Bind 8 0.439 0.984 + 0.007 0.959 + 0.023 0.940 £ 0.027 0.903 +£0.041 0.944 £ 0.016 0.833 +£0.005
TF Bind 10 0.005 0.905 = 0.326 0.888 + 0.229 0.830 £ 0.539 0.823 + 0.542 0.603 + 0.005 0.959 + 0.115
Runner up GTOPX 2 -195.586 | -88.054 +20.878  -128.310+ 15.616 | -132.023 £ 63.084 -72.848 £9.576 | -117.022 +51.671 -124.995 + 56.170
GTOPX 3 -151.190 | -64.028 +22.678 -151.190 + 0.000 -60.941 + 17.235 -45.602 + 8.433 -88.601 £31.865  -62.622 +22.261
GTOPX 4 -215.716 | -96.432 + 10.868 -215.716 £ 0.000 | -100.943 + 15.044  -84.271 + 8.307 -99.834 £20.837 -110.284 + 17.559
GTOPX 6 -112.599 | -64.217 £+ 14.602 -112.599 + 0.000 -71.749 £28.497  -47.794 £11.943 | -71.174 £12.932  -57.435 + 18.832
Avg. Rank | / | 3.111+1.728 4111£1.792 | 3.667+1.333 2111+£1.663 | 4.222+1.030 3.778 £1.618
s T T TSI E TS T T A S TSI TS A TSI EEEEEEEEEEEEEEEEEEEEEEEES S \
Findings:

——————————\

1. All the UniSO methods outperform D(best), showing their feasibilities

2. Performance comparison: UniSO-T > single-task experts = UniSO-N

3. Our proposed techniques consistently show improvements

[Tan, Chen, Xue, Wang, Wang, Fu, and Qian, ICML 2025]

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



Experimental Results

Performance of zero-shot and few-shot fine-tuning on 3 unseen tasks

Comparison of Zero-shot and Few-shot Performance Comparison of Zero-shot and Few-shot Performance
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Finetune Setting

optimizer: SGD
learning rate: 2e-5
# few-shot data: 100

loss: main loss

1.75 1 --- D(best) 1.75+ ==== D(best)
Zero-shot Zero-shot
o 1.501 BN Few-shot o 1.504 B Few-shot
é 1.25 é 1.25
% 1.00 g 1.00
g 0.50 E’ 0.50
§ 0.25 § 0.254
0.001 -===mmmme- o mmmmmmeees 0.00] =========e  mmmmmemm— mee—e——
| Epochs:5
Improved UniSO-T Improved UniSO-N
'/ ______________________________________________________________________ ~
. Findings: UniSO generalizes well to unseen tasks
|
:\ Few-shot fine-tuning significantly improves the performance

———————————————————————————————————————————————————————————

[Tan, Chen, Xue, Wang, Wang, Fu, and Qian, ICML 2025]

http://www.lamda.nju.edu.cn/qgianc/
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. Build theoretical foundation of EAs

» Theoretical analysis tools, influence analysis of major factors of EAs

J Develop better EL algorithms

» Efficient EL, dynamic algorithm configuration, algorithm selection, universal EL

J Apply EL to complex optimization in learning, industry, and science

» Subset selection, electronic design automation, origin and evolution of life

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



Application I: Subset Selection

There are many applications of selecting a good subset from a ground set

observation variables
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There are many applications of selecting a good subset from a ground set
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There are many applications of selecting a good subset from a ground set

Sparse regression Influence maximization Document summarization Sensor placement

Document Summary

e'dr: 2?0 ] WJ o ﬂi.|
1 X EEEE—— o i \& 'l
:: “Ange'ﬂ - __- [ % f \X}gjf ?’253
789 ‘e - Ha LY | — — < %% T §§R§
i a8 «” "3 — 7 L
2] g 8 ™ nPn ) > > [ 1. e
ol N e —— 5 s T
1 "i% a0 &8 & g 0 P— ’
g;: ﬂﬁi o "“f“ﬂ : :“z:!-‘ — TS B sose “m=
Ee ; Touchaea )

max f(S)
Ground set V =@
S| < b

Subset Selection: Given all items V = {v,, ..., v,}, an objective function f: 2V S R
and a budget b, to select a subset S € V such that

maxscy f(S) s.t. |S|<bh NP-hard

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



Application I: Subset Selection

Comparison on
sparse regression

observation variables predictor variable

X 028 046 1

1
x2 031 059 084 -
x3 011 002 053

A 0.1 01 084
x5 002 015 033
x6 036 002 001

7 02 02 021 -

3 01 003 032
X3 032 01 02
x10 024 0 002 -
x11 | 012 045 044 -
x12 036 058 012
x13 02 002 024 -
x14 | 024 082 033 -

— | ac. pcl RS

w022 064 11
w058 05 1 g
- 043 ool 1

~ 073 097 1
~ 056 03 ovml
- 032 004022
~ 021 007011
- 033 051044'
-~ o006 osd o
- 08 0.0;033'
- 064 049 1
w073 os?oml
++ 034 007 089
w024 o.srlo.ss-l
-

\ /

| T na_l ﬁc-mcnr-
x1_Jozs oas ] 1 v @022 Ioe? 1
x2 ~031] 059 g 064 I Io.sa F.s 1
x3 o112 oo2Mosz g - Joas ool 1

] Foss g ]
xa Io.1| 01 J 064 o | - go73 gg N |
x5 Noozg 015§ 033 - | - lloss pa o8]
x6 Joash 00zl oo M lo.a?Eo?'o.??
x7 goz| o2 Jozn g e g021 07|0“|
w 1oi J ooz g oz 1~ - losspsi osap
xa [oaz¥ 01 Io2 1= Ions sef o
x0 go2a] o gooz ¥ . Fos qu:lo.a:s'
xi1 Noazg 0458 04a | o - Josa goash 1
x12 |0.36I 0.58 § 0.12 I - Io.?3 530.67'
x13 02 g 024 0 - 034 ooz 089]
x4 Bo2ay 0928 033 | |o._24‘o.9J055

a subset of observation variables

7/

2 _
maxscy Rzs =

Var(z) — MSE,
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<<
Var(2) ISI<b

EA is always
significantly better

exhaustive search EVOIUt',Onary greedy algorithms relaxation methods
algorithm
Data sef }m POSS [IR FoBa OMP REE_] [ MCP]
housing 7437£.0297 | .7437£.0297 | 742903008  7423£.0301e  7415£.0300e .7388+.0304e | .7354£.0297e
eunite2001 | .8484+.0132 | .8482:.0132 | .8348+.0143e 8442+ 0l44e .8349+.0150e .8424+.0153e | .83204+.0150e
svmguide3 | .27054+.0255 | .27014.0257 | .2615+£.0260e .2601+.0279 .2557+.0270e .2136+.0325e | .2397+.0237e
ionosphere | .5995+.0326 | .5990+.0329 | .5920+£.0352e .59294.0346e .5921+.0353e .5832+.0415e | .5740+.0348e
sonar - 536540410 | .5171+.04408  .51384.0432e 5112404250  .4321+.0636e | .4496+.0482e
triazines - 430140603 | .4150+.0592¢  .4107+.0600e .4073+.0591e .3615+.0712¢ | .3793+.0584e
c0il2000 - 062740076 | .0624+.0076e .0619+.0075 .0619+.0075e .0363+.0141e | .0570+.0075e
mushrooms - 9912+.0020 | .9909+.0021e .99094.0022¢  .9909+.0022e .6813+.1294e | .8652+.0474e
clean! - 4368+.0300 | .4169+.0299e  .41454+.0309¢ 413240315 .1596+.0562¢ | .3563+.0364e
w5a - 337640267 | .3319+.0247e  .3341+.0258¢  .3313+.0246e .3342+.0276e | .26944.0385e
gisette - 7265+.0098 | .7001+.01168 .6747+.0145e .6731+.0134e .5360+.0318¢ | .5709+.0123e
farm-ads - 421740100 | .4196+.0101e 4170401130 4170401130 - 3771£.0110e
POSS: win/tie/loss = [2/0/0 12/0/0 12/000 [170/0 [2/000

e denotes that POSS is significantly better by the t-test with confidence level 0.05

[Qian, Yu and Zhou, NeurlPS 2015]

http://www.lamda.nju.edu.cn/qgianc/
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EA can achieve the optimal polynomial-time approximation guarantee

Theorem 1. For subset selection with monotone objective functions, POSS with E[T] < 2eb?n and
I1(-) = 0, i.e., a constant function, can find a solution s with |s|; < b and|f(s) = (1 — ¢7Ymin) . OPT,
where Ymin = rrlins:|s|1=b—1ys,b-

Proved to be the optimal polynomial-time approximation [Harshaw et al., IcML'19]

Under noise, EA achieves better approximation guarantees than conventional algorithms

Theorem 2. For subset selection under multiplicative noise with the assumption Eq. (17.29),

with probability at least (1/2)(1 — (12nb? log 2b) /1?%), PONSS with @ > e and T =
A approximation ratio

2elnb?log 2b finds a solution s with |s|; < b and f(s) > ;—E(l —e” V). OPT.
EA: O(1)
EA Best known [Horel and Singer, NeurlPS’16]
(o) 1 Significantly better ) . N Begt En%wnl
— E J—
= (1—e77) |:> f > 1_( E) e~V (1/b)
OPT " 1+4e€ OPT 1+ 2¢eb 1+e€ > b
(1-e)y constant y and €

[Qian, Yu and Zhou, NeurIPS 2015; Qian, et al. NeurIPS 2017] http://www.lamda.nju.edu.cn/qianc/
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IhREW TT: %1+ RTL FIEIEE IhEE (3CHE —» RTL)

BB E: WRTLIZITIRET AMRER (RTL - MFR)

IR BT MR IZITGDSYIIEREE (M %& — GDS)

oA HlE: BideZ U:EUIT}AGDSH&" BlE T/ (GDS - &/ 7~ mm)

Ry S A Ve RTLIZ &t IZES GDS#IEEhi & a5 Y et
mo d le alu32(Result, ALUOp, A, B, Zero) ;
e
re?’ " Bero, D
input [2:0] ALUOp; Q

input [‘ALULEN:0] &, B;

always @(A or B or ALUOp)
begin
case (ALUOp)
3’b000: Result = & & B ;//and
3’b001: Result = & | B ;/for
1/ add your code here for addition, subtrac

Ol

http://www.lamda.nju.edu.cn/qgianc/
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Figures are from http://www.or.uni-bonn.de/~vygen/files/buda.pdf http://www.lamda.nju.edu.cn/gianc/
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MEBERFRELE: kKK

Table 1:{HPWL values (x10°) obtained by ten compared methods on seven chips. Each result
consists of the mean and standard deviation of five runs. The best (smallest) mean value on each
chip is bolded. The symbols ‘+’, ‘=" and ‘~’ indicate the number of chips where the result is
significantly superior to, inferior to, and almost equivalent to WireMask-EA, respectively, according
to the Wilcoxon rank-sum test with significance level 0.05.

Method Type adaptecl adaptec2 adaptec3 adaptecd bigbluel bigblue3 bigblued (x107) | +/ — / =~ |JAvg. Rank
SP-SA [30] Packing 18.84+4.62 11736+8.73 11548+7.56 12003+425 5.12+143 164701955 2549+2.73 0/7/0 6.86
NTUPlace3 [10]  Analytical 26.62 321.17 328.44 462.93 22.85 455.53 48.38 0/7/0 9.00
G 1 RePlace [11]  Analytical 16.19£2.10 15326+29.01 11121+11.69 37.64+105 245+006 11984+34.43 11.80+0.73 1/6/0 5.28
[ 00glIc, DREAMPlace [25] Analytical 1581+ 1.64 140.79+26.73 121.94+2505 37.41+0.87 244+006 107.19+2991 1229+ 1.64 1/6/0 4.86
¥~ Graph [29] RL 30.10+2.98 351.71+3820 358.18+13.95 151.42+9.72 1058129 357.48+47.83 53.35+4.06 0/7/0 9.00
Nature 2021 ] DeepPR [13] RL 1991+2.13 203.51+627 347.16+432 311.86+56.74 2333+3.65 43048+12.18 68.30+4.44 0/7/0 8.86
MaskPlace [23] RL 638+035 7375+635 8444+360 7921+0.65 239+005 91.11+7.83  11.07+090 0/7/0 428
e s s WireMask-RS Ours 6.13+£0.05 5928+148 60.60+045 6206022 2.19+001 62.58+2.07 8.20 +0.17 0/5/2 257
&1 | ] E ~2'E WireMask-BO Ours 607+0.14 59.17+394 61.00+208 6386+101 2.14+003 67.48+6.49 8.62+0.18 0/3/4 2.86
/ WireMask-EA Ours 591+0.07 52.63+223 5775+1.16 S5879+102 2.12+0.01  59.87 +3.40 8.28 +0.25 _ 1.43

EMRR 7 sk E, 2D 6 MEZELF; B [Google, Nature’21], ZeiKHEZE80%

[Sh|’ Xue’ Song’ and S zlan’ NeurlPS 2023] http//wwwlamdanjueducn/qlanc/
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NMAZERF2-1: R TER,

ajll

MEREfRFRELAR: HE BAFE

(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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(a) RTL-MP (b) Hier-RTLMP

(c) DREAMPlace
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(d) ReMaP (ours)

BAGE

[Shi, Lin, Xu, Kai, Xue, Yuan, Qian, and Zhou, DAC 2025]

http://www.lamda.nju.edu.cn/gianc/
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NMAZEF2-1: SR TEm,

i

MEREHEAREL S P

Tn— DREAMPlace* [20] DREAMPlace 4.0% [18] Differentiable-TDPt [12] Distribution-TDP§ [19] Ours
I TNS WNS TNS WNS TNS WNS TNS WNS TNS WNS
superbluel -262.44 -18.87 -85.03 -14.10 -74.85 -10.77 -42.10 9.26 -17.44 775
superblue3 -76.64 -27.65 -54.74 -16.43 -39.43 1237 -26.59 -12.19 -20.40 1182
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 2591 -70.35 -31.64 -62.18 -24.65
superblue? -141.55 -19.75 -63.86 -15.22 -46.43 1527 -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 -453.57 774 -124.18 1211 -87.03 -10.85 -55.99 1291 -22.90 -8.63
superbluel8 -96.76 -20.29 -47.25 -11.87 -19.31 -7.99 -19.23 -5.25 -16.16 -6.92
Average Ratio | 6.90 207 | 275 1.40 | 2.00 1.09 | 1.68 111 | 1.00 1.00
=
BB TNS B =0T F WNS
= — 48 1]
SEAEEFH 40.5% SEREHA 8.3%

[Shi, Xu, Kai, Lin, Xue, Yuan, and Qjian, DATE 2025, Best Paper Award] http://www.lamda.nju.edu.cn/gianc/
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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"?

http://www.lamda.nju.edu.cn/gianc/
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31 March - 2 April 2025
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>ty

P e
DATE=~
», T
Ay H
Design, Automation & Test in Europe

DATE Best Paper Award 2025

in Track D: Design Methods and Tools
Timing-Driven Global Placement by Efficient Critical Path Extraction
Yungqi Shi’, Siyuan Xu?, Shixiong Kaf, Xi Lin’,

Ke Xue', Mingxuan Yuan®, Chao Qian’
Nanjing University, CN; 2Huawei Noah's Ark Lab, CN; 3Huawei Noah's Ark Lab, HK

_ 1 April 2025 —_—
Aida Todri-Sanial Jirgen Teich
DATE 2025 General Chair DATE 2025 Awards Chair

University, CN; 2Huawei Noah's Ark Lab, CN;
SHuawei Noah's Ark Lab, HK

gy

% EDA Siis I 2k

FREIL DATE’25

BEPICAZ

http://www.lamda.nju.edu.cn/qgianc/
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B4 . C 7E 6 MBI LIS LESOTATI R 1JIRF PPA 1HAEL 18.9%, F1Y
iﬁmﬂ4. EE"E&%%E* RIHBEIERA 46.3%, FUUARREM (99%)
HERA: BE/BETHATIIRE BOEXR: iFEE xusiyuan520@huawei

EAESR
SHERRERL (BBSA) BT (i) NI, SRRBANEERRmeityE
BRI —, BEMISHRIHGEESN. BT SAHBBRANENP-
Completeffiials, EILANTHRECERA R RIS BEmBREN BT, T | o) LanPace

= f) ReMaP ($:i8)
] ]

casram - e
/ (d) )
75 R H A5 B B A
\\\\
: L
o) wAERENSH

Chip Design Flow Auto Placement and Route (APR) Flow

a) RTL-MP

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

|

SRR LS VAR TR TR MIERR R, AHARDETH i
RN EITEF, R, i, BN, [ETEERRRES M e, e - - REpRG =

EDATERE—HA EDAZR TRTREAAR BRAEATERFR HRABHUR

DEF/LEF/TF||| ™ | Placement | mb Multi-Goal P
L/J” [_J E:: ::; = HNEEE Bha oI 03 e =T SEE R 0%

i3I DESS 525N
WNS -1.2ns WNS -0.2ns =

TNS -3.3ns TNS -0.3ns =150 575
A BHam HPCIIFFSRERE

ITAF R F EERARR

Overflow 0.35 Overflow 0.95
HRETE
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MIEREIE 2D FHXMERR
W4 : HREEMMER

HERRA: BEAETHALIRE EOSXR: iFEE xusiyuan520@huawei

1=
BABESR
ShRBEERL (BE5E) BT (%) BFA, RNREXESEREERIT R
BitnEtN—F, BEVRCHRIHERES. BT SRhEHEANENP-
Completef9iaE, HItAAITNEEMBREICHHEEMBIDENEEILL,

RTL Design

Logical Synthesis /

DRC & LVS )
Signoff

Chip Design Flow Auto Placement and Route (APR) Flow

IR & 1E R R B A ATA M3 DIER /5
oA 3DEE M EBAR

O R3DEME—MFRNIRITEN, BEECHREETS
BRATVORRIZERIE, R T7TEF2DFEICSEIED
BRI AR,

Diel

1 T1sv

[ Silicon

[ Metal Layer

Bl Hybrid Bonding

Original 2D Die

Diel

Die2

| Die2 Face-to-Face Bonding

et it & SRitEHliE TZRVER
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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
2

OpenROAD
Floorplan

DREAMPlace ===~"""

3D Placement
2 \

TritonCTS '\

CTS and Optimization
4

OpenDP
Legalization

4

FastRoute
Global Routing
2

TritonRoute
Detailed Routing
2

OpenRCX

RC Extraction >

LAVIDA
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OpenROAD built-in tool
Develop based on existing tool

Employ existing tool

3D Partition
7

Macro Placement <

Cell Placement ~--

OpenSTA

3D Timing Analysis

HotSpot
Thermal Analysis

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

http://www.lamda.nju.edu.cn/qgianc/
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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 in area, routing

overflow, timing and power. 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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@ A high-resolution summary of Cambrian to Early
) Triassic marine invertebrate biodiversity

Jun-xuan Fanw'z, Shu-zhong Shenw"“", Douglas H. Erwin”, Peter M. Sadlerf’, Norman MacLeod1, Qiu-min...

Science: “HTRIBIBEMG L, HEDENELE
YFRTE”

Nature: “EHEFIFER R AT L TR3MZ
FHE”

2020 FHRERZ=+XKiHERE
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] Build theoretical foundation of EAs

» Theoretical analysis tools, influence analysis of major factors of EAs

(] Develop better EL algorithms

» Efficient EL, dynamic algorithm configuration, algorithm selection, universal EL

J Apply EL to complex optimization in learning, industry, and science

» Subset selection, electronic design automation, origin and evolution of life
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