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Expensive fitness evaluation

General structure of evolutionary algorithms

Solutionl |
Solution2

Solution3

S—

Solution
representation

Initial
population |

Parent
selection

Stop
criterion

End

Parent Mutation & Offspring
solutions recombination solutions
New Survivor Fitness
population selection evaluation

Very time-consuming in real-
world optimization problems
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Examples

Optimize the efficiency of the train head

:> f(xi)

test by simulation

U

time-consuming
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Examples
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I\ .
: of instances
= G ] - - -

Cor. Dis. IR = -  AC. BICy RF Sp Corr® Dis. | LR | = ~ AC. gBICy R
x1 028 046 1 o 022 0,63' 1 I a rse x1 IO?BI Oﬂﬁ: 1 : ------ IO?? lJG'! 1 I
x2 031 059 084 - - 058 036) 1 || . x2 Woai] 0598 084 I v JJoss bsd 11
asea o s TEGESSIoN — Siaisiea]: TRk
x5 002 015 033 - w0356 036'0,78' x5 0.07' 015 033 g IO?:E 3;078'
X6 036 002 001 - 03z oozfo2z] 6 |035| oozloon 1o Jo32 pod 022]
| 0202 o2 - | - 021 007011y x7 Jozg 02 Joar [ | - T ¥O1OJ‘1I
x8 01 003 032 - 033 051044 xB IOll 0.03I 032 I """ I033l)5304/|l
X 032 01 02 | - 006 056l 0 x %o32] 01 202 o - Hoos hosdl o . 2 . o
X0 024 0 002 v 06 003033 x10 |0.74| o looz b Jos pofo3s] ‘ Om ‘l ] tln the R Ob eCtl‘ 7e
x11 012 045 044 o 084 0.4; 1 I x11 IO.l? 0.45I0.44 I IOSAﬂA; 1 I
x12 036 058 012 = | - 0.73 0.58%067 x12 O.JSI O,SBI 0.12 I 8073 R0.56° 067
x13 02 002 024 - 034 oofoas] x13 |0?| 0028024 8w JJoaa bodossl . .
x4 024 092 033 | 024 093056 x14 |£4' 092 |£33_| ------ 1924 P53 259 IS Very eXpenSlve

1  Computing the influence
spread objective is #P-hard

" Influence

e maximization Influential users
&Rt oo J L
olag Y e .t ", : i: i .
adals e st 200 Estimated by the average of
'uunll¥ .,;H 5:“!‘!

10,000 random diffusions
Very expensive
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Surrogate models

Collect some data points to build a surrogate model

fitness
A
true fitness f(x)

4

7
/,

surrogate j163)

> X

Use the surrogate to approximate the true fitness function

However,

fitness

M true fitness f(x)

surrogate f(x) S~7
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How to use surrogates

We should use surrogate models carefully

Population Offspring solutions

o

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



How to use surrogates

We should use surrogate models carefully

Population Offspring solutions

o

® Evaluated by the true fitness function

Too expensive
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How to use surrogates

We should use surrogate models carefully

Population Offspring solutions

o

® Evaluated by the surrogate model

Too risky
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How to use surrogates

We should use surrogate models carefully

Population Offspring solutions

o

® Evaluated by the surrogate model

® [Evaluated by the true fitness function

Which solutions are e or e ?

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



How to use surrogates

We should use surrogate models carefully

Population Offspring solutions

o

Random strategy

» Select some offspring solutions randomly to be evaluated
using the true fitness function

» Evaluate the remaining ones using the surrogate model

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



Surrogate models during evolution

tram
Initially collected Surrogate model
data points

update

data points in
each iteration

AR
®
®
Truly evaluated update
® o ®
®

Selection: To make the
surrogate more accurate
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How to use surrogates

We should use surrogate models carefully

Population Offspring solutions

o

Best strategy

» Evaluate all N offspring solutions using the surrogate model

> Re-evaluate the best N’ < N offspring solutions using the
true fitness function

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



How to use surrogates

We should use surrogate models carefully

Population Offspring solutions

o

Clustering based strategy

» Group the offspring solutions into a number of clusters

» Select some representative solutions from each cluster to be evaluated
using the true fitness function

» Evaluate the remaining ones using the surrogate model
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How to use surrogates

We should use surrogate models carefully

Population Offspring solutions

o

Uncertainty based strategy 0; = 2 1 = x|
=1

» Select some “uncertain” offspring solutions to be evaluated
using the true fitness function

» Evaluate the remaining ones using the surrogate model

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



How to use surrogates

Population Offspring solutions

® Offspring solutions evaluated
by the surrogate model

Next lati ® Offspring solutions evaluated
ext poptiation by the true fitness function

® Parent solutions evaluated by
the surrogate or true fitness

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



How to use surrogates

Preselection strategy

Population N offspring solutions

|$ Evaluate using

the surrogate
model

@ Select the best N’ ones
— J

Re-evaluate

Next. using the true
population fitness function

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



An example of preselection-based EA

Algorithm 1 EA Framework With Preselection

Input: N: the population size;

M: the trial vectors size;
MaxFES: maximum number of function evaluations;

Output: the best found solution in the population;

[Hao et al., TEvC’20]

——— Initialization

Train and update the
surrogate model

—~, Genenerate M offspring solutions

for each parent solution
\ Use the surrogate to select

the best offspring solution

1: Initialize the population P = {x;,---, Xy} and evaluate
them by the real objective function f:
2: Set number of fitness evaluations fes = N;
3:_while fes < MaxFES do
4:  Train a surrogate model based on P :
9 = SurrogateTrain(P);
5:  for each x € P do
6: Generate M trail solutions uj, ua, ..., uys for the
parent solutions x by generation operators:
7: Choose the potential trial solution :
u”* = PreSelection({u;, us, ..., uy ), M);
8: Evaluate u* by the real objective function f;
9: iff(u*) < f(x) then
10: Set x = u*;
I_ll: end if
12: Set fes = fes + 1;
13:  end for
14: end while
15: Output the best solution in P.

Re-evaluate the best offspring

Replace the parent if the
offspring is better
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What surrogate models can we use?

Truly evaluated data points Surrogate model

train fitness

N

true fitness f(x)
o =

-~ 2.
7
/

surrogate j163)

> X

Any machine learning
Neural Network model which can be used

SVM Decision Tree |/ for regression

AdaBoost Gaussian Process

Random Forest ---...

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



How to use surrogates - Preselection

Population N oftspring solutions

|$ Evaluate using

the surrogate
model

@ Select the best N’ ones
— J

Re-evaluate

Next. using the true
population fitness function
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Binary classification based preselection

to be predicted
YA @ Training point
¥ Target point /
—— Real function D
----- Classification model | B

Good | Bad

Surrogate model:

Predict whether a
solution is good or bad

How to get the training data?

true

/ “ fitness
/1fof1]|1]1|o[\23  bad
" lolol1lolo]|1] 22 bad
lo|t]1]1]1]o]| 28 good
Vitfoft|1]1|1] 24 pad
“\\ 0[{O0[0]0]1]1 :'IZO good
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Binary classification based preselection

An example

from Aiming Zhou’s talk

Algorithm 1: Framework of CPS-EA

1

2

[5]

10

11
12
13

14
15

// Initialization

Initialize the population P = {z' 22, --- 2™}
// Main loop

while termination condition is not satisfied do

// Sample definition
Assign each x € P alabel [ € {+1,-1}:
// Model building
Train a classifier [ = Belass(x) based on the data set {< .1 > |r € P}
oreach r € F do
// O0ffspring generation
Generate M candidate offspring individuals ¥ = {y.... 4™}
// Offspring solutions labeling and selection
Predict their labels by the classifier;
Set V = {y € Y|Bclass(y) == +1};
Reset V=Y if V = 0;
Randomly choose y € V' as the offspring individual of x:
// Environmental selection
if f(y) < f(z) then
| Set z=y;
end
end
end

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



Fuzzy classification based preselection

| to be predicted
YA @ Training point

¥ Target point /

—— Real function D

----- Classification model | B

Good | Bad

Surrogate model:

Predict the probability
of a solution being
good

How to get the training data?

. true

“ fitness
of1|t1]|1]o|\23  Dad
o|t|olo|1| 22  bad
1(1{1|{1]0] 18 good
of1|1|1|1| 24  pgd
0|0f(0]1]1 /IZO gOOd
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Fuzzy classification based preselection

An example

Algorithm 1: FCPS-EA Framework

[ Initasalization
1 Initialize the population P = {z*,z2,--- ,z™};
// Main loop
2 while termination condition is not satisfied do
// Training Set definition
3 Assign each individual z € Palabel [ € {+1,—1};
// Model building
4 Train a fuzzy classifier model m = Fclass(z)
based on the data set {< z,l > |z € P};
5 | foreachz € Pdo
// Candidate solution generation
6 Sample candidate solutions
Y = {y1$" % 3UM}s
// Candidate solutions labeling
and selection

7 Predict the membership of y € Y by
m = Fclass(y);
8 Let V C Y contain candidate solutions with

maximal membership degree belongs to
’promising’ class;

9 Randomly choose y € V as offspring z;
// Environmental selection
10 if f(y) < f(z) then
11 | Setz =1y;
12 end
13 end
14 end [Zhou et al., AAAI'19]
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Binary relation classification based preselection

YA @ Trining point

Y Target point

~— Real function D
<= Binary relation pair :

Surrogate model:

Predict whether a
solution is better than
another one

How to get the training data?

. true
\ .
\fitness

1({1]0]\23
)bad
ofof1] 21
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Binary relation classification based preselection

An example [Hao et al., TEvC’20]

Algorithm 1 EA Framework With Preselection
Input: N: the population size;
M: the trial vectors size;
MaxFES: maximum number of function evaluations;
Output: the best found solution in the population;
1: Initialize the population P = {xi,---, Xy} and evaluate
them by the real objective function f;
Set number of fitness evaluations fes = N;

5. while fes < MaxFES do / M = ClassifierTrain({([x;. X2]. )|X]. X2 € P})
4:

Train a surrogate model based on P :

9 = SurrogateTrain(P);

5:  for each x € P do

6: Generate M trail solutions uj, up, ..., uy for the
parent solutions x by generation operators;

7: Choose the potential trial solution :

u* = PreSelection({u;, us, ..., uyr ), M);
8: Evaluate u* by the real objective function f;
9: if f(u*) < f(x) then

10: Set x=u"; .

i1:  end if u” =arg max E Predict([u, u;], 901
12: Set fes = fes + 1; uefu,,..., Uy}
13:  end for

14: end while

15: Output the best solution in P.
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Advantage of surrogate models

Surrogate-assisted EA A variant of EA
~ ~

Using surrogate models
can improve the
performance of EAs

Better/Worse/Similar, compared with CoDE

Instance | n | Btree-CoDE CoDE
Median mean,,,; Median | mean,,,
LZGO1 | 5(2.83e-160(+) | 3.54e—1599 83,159 (+) | 5.32e-75 | 1.72e~743 40074
10 [ 2.65e-61(+) |3.94e—60g90e-60 (+) | 3.74e-33 | 6.50e—337 53,33
20|3.17e-29(+) |4.84e-29590.-60 (+) |8.01e-17 |7.61e-17753.-33
30(5.95e-20(+) |[9.46e-20; 42.-10 (+) [9.20e-12 | 8.57e—125 18,12
LZG02 | 5|0.00e+00(~ ) | 0.00e+00¢ 00e+00 (~) | 0.00e+00 | 0.00e+000.00e+00
10 [ 0.00e+00(+) |7.68e-29;:360—28 (+) |9.17e-15|6.61e-14; 71013
20| 4.63e-03(+) |6.38¢-037.190—03 (+) | 5.16e+00 | 5.07e+006 240—01
30| 1.32e+01(+) | 1.32e+011 210500 (+) | 2.00e+01 | 1.99e+015 31,01
LZGO03 | 5(8.88e-16(~) |8.88e—16000c:00 (~) |8.88e—16 |8.88e—160 000100
10 | 4.44e—15(~) | 4.09e~15) 120—15 (~) | 4.44e-15 | 4.44e—-15¢ 00e+00
20| 6.13e-14(+) |7.37e-145710-14 (+) |2.73e-08 | 2.87e-089 38,09
30|4.90e-10(+) |5.73e-105g5.—10 (+) | 3.74e-06 | 4.27e-06, 54.—06
LZG04 | 50.00e+00(~) | 0.00e+00¢ goes00 (~) | 0.00e+00 | 0.00e+004 goe+00
10| 0.00e+00(+) | 0.00e+00g goes00 (+) | 5.12e-10 | 3.83e-07, 20.—06
20| 0.00e+00(+) |1.23e-03389.—03 (~) |4.24e—13 | 1.64e-102.51.—10
30| 0.00e+00(+) |9.86e—043 12,03 (~) | 8.07e-10 | 2.00e—092 5609
@ 5|1/0/3 1/0/3
10| 3/0/1 3/0/1
20 [ 4/0/0 3/0/1
30| 4/0/0 3/0/1

[Hao et al., ICIC’18]
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Bayesian Optimization

Algorithm 1 BO Framework

Input: iteration budget 7’
Process:

: let Do = 0;

2 fort=1:Tdo

3: |x; = argmaxgzey acq(x);
4: evaluate | at x; to obtain ;.
5:  augment the data D, = D,_, U {(x;,y;)} and update

| the GP model |
6: end for

regards the f value at each data point
as a random variable, and assumes
satisfying a joint Gaussian distribution

—_—

Surrogate model: Gaussian process

arg maxg f (s)

n=2

-
Se o
-~

-

-

-

- /
e I N —=="___ objective fn (f(*)
observation (x)

V¥ acquisition max

acquisition function (u(-))

n=3

=
S~
~
>~
~

new observation (x,)

~ -
- -
S m . _---

posterior mean (u(-))

posterior unccrlaini;’
(p(-) =o( ) v

Solid line: surrogate

Dotted line: true fitness
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Bayesian Optimization
Typical acquisition functions
PI: prob. of a new x better than the best x™ genereated-so-far

PI(x) = P(f(x) = f(x™))
_p (f(x) —u() _ fGF) - u(x))

o(x) o(x)
(f(x+) — u(x)>
=1—-0
o(x)
u(x)—f (x™) @: cumulative distribution
= ( ) function of standard
oix Gaussian distribution
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Bayesian Optimization

Typical acquisition functions

EI: expectation of improvement, i.e., max{0,f (x) — f(x ™)}

L ?

(1(x) = F(xN)P(Z) + a(x)p(Z) ifa(x) >0

EI) =10 hax(0, 1(x) — FG) if () = 0

®: cumulative distribution function of
u(x) — f(x™) standard Gaussian distribution
Z = o(x) @: probability density function of
standard Gaussian distribution
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Bayesian Optimization

Derivation of EI: Since f(x)~N (u(x), o(x)?),for o(x) > 0,

EI(x) = E[max{0,f(x) — f(x™)}]

L C(FG) = )
V2mo(x) P 20(x)?

= f (fx) = fF(xH) )df(x)
f@t)

400

1 Y2 _
B jf(x*)—u(x)(a(x)y +pu(x) — f(x-l-))\/T_neXp (— 7) dY (LetY = f(x)a(xgl(x))

a(x)

= (k) = f(N)P(@) - fftﬁ)—u(x)ﬁ(x)\/%—n d exp (— sz) (Let Z = ﬂ(x)a—(i)(xﬂ)

o (x)

= (u(x) — f(xh))P(Z) — (a(x)\/%T exp (— 1;—2))|}F((;O+)—,,L(x)

a(x)
= (u(x) — f(xD))P(2)+0(X)p(2)
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Bayesian Optimization

Derivation of EI: ~ Since f(x)~N (u(x), o(x)?), for a(x) = 0,
f(x) = u(x), almost surely,

L

El(x) = max{0, u(x) — f(x™")}

(1) = f(xN))@(2) + o (X)9(Z) if a(x) > 0

EIX) =10 ax0, 1) — FH)) if g(x) = 0

®: cumulative distribution function of
u(x) — f(x*t) standard Gaussian distribution
- o(x) @: probability density function of
standard Gaussian distribution

Z
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Bayesian Optimization
Typical acquisition functions

UCB: weighted sum of posterior mean and variance

Exploitation Exploration

UCB(x) = u(x) + k- o(x)
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Summary

* How to use surrogate models

Random strategy
Best strategy

Clustering based strategy
Uncertainty based strategy

Preselection

* Bayesian optimization
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Assignment - 5

Task: apply evolutionary algorithms or Bayesian
optimization to solve macro placement problems

Deadline: June. 30

For reference:

Yungi Shi, Ke Xue, Lei Song, and Chao Qian. Macro Placement by
Wire-Mask-Guided Black-Box Optimization. In: Advances in Neural
Information Processing Systems 36 (NeurIPS'23), New Orleans, LA,
2023.
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