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Interval-fitness interactive genetic algorithms with
varying population size based on semi-supervised learning
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(School of Information and Electrical Engineering, China University of Mining & Technology,

Xuzhou Jiangsu 221116, China)

Abstract: In order to alleviate user fatigue and improve the performances of interactive genetic algorithms (IGAs)

in exploration, we present the interval-fitness interactive genetic algorithms with varying population size based on a co-

training semi-supervised learning(CSSL). According to the clustering results of a large population, we develop the strategy

for selecting unlabeled samples and labeled samples. Based on the approximation precision of two co-training learners, an

efficient strategy for selecting high reliable unlabeled samples for labeling is given. Then, the CSSL mechanism is employed

to train two radial basis function(RBF) neural networks in order to establish the surrogate model with high precision and

good generalization ability. In the subsequent evolution, the surrogate model is used to estimate the fitness of an individual;

in turn, the surrogate model is updated based on its estimation error. The proposed algorithm is analyzed and applied to a

fashion evolutionary design system. The experimental results show its efficacy.
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2 (Related work)
:⎧⎪⎨

⎪⎩
max f(x),

s.t. x = (x1, x2, · · · , xI) ∈ S,

S = g1 × g2 × · · · × gI .

(1)

: f(x) , x I

, xj ∈ gj(j = 1, 2, · · · , I), gj j

, S . ,
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, c1(t), c2(t), · · · , cNc(t), Nc

. [12]

, ,

f(c1(t)), f(c2(t)), · · · , f(cNc(t)),

f(ck(t)) = [f(ck(t)), f̄(ck(t))], (2)

: k = 1, 2, · · · , Nc, f(ck(t)) f̄(ck(t))
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3
(Obtaining surrogate model with

cotraining SSL and its application)
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3.1 (Selection of

labeled and unlabeled samples)
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P (0) = {x1, x2, · · · , xN1}, N1

. [10] ,

, P (0) , C(0) =
{c1(0), c2(0), · · · , cNc(0)},

, ck(0) f(ck(0)) =
[f(ck(0)), f̄(ck(0))](k = 1, 2, · · · , Nc),

L(0) = {(ck(0), f(ck(0)))|k = 1, 2,

· · · , Nc}, U(0) = P (0)\C(0).
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3.2 (Selection

strategy of unlabeled samples with high relia-
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h1 h2 ,

, .

, h1 h2 L1(t)
L2(t), |L1(t)| |L2(t)|, : Li(t) =
{(ci

k(t), f(ci
k(t)))|k = 1, 2, · · · , |Li(t)|}.

ci
k, f̂(ci

k(t))
ˆ̄f(ci

k(t))(i = 1, 2).

, (3)

:

ei =
1

2|Li(t)|

√
|Li(t)|∑
k=1

(e2
i (c

i
k(t)) + ē2

i (c
i
k(t))), (3)

: i = 1, 2, ei(ck(t)) = (f̂i(ck(t)) − f(ck(t)),

ēi(ck(t)) = ˆ̄fi(ck(t))− f̄(ck(t)). ei ,
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i , .

,

: j Uj = {xj
k},

U=
Nc⋃
j=1

Uj . Uj xj
k,

f̂i(x
j
k)=[f̂i(x

j
k),

ˆ̄f i(x
j
k)].

{(xj
k, f̂i(x

j
k))|k = 1, 2, · · · , |Uj|} Li(t) ,

hi, h′
i. (4)

hi h′
i :

Δi(Uj) = ei − e′i, i = 1, 2, (4)

ei e′i (3) .

Δ1(Uj) > 0, h1

Uj h1 ; ,

Δ2(Uj) > 0, h2 Uj

h2 . Δ1(Uj)
(Δ2(Uj)) h1(h2)

, L2(t)(L1(t)) ,

U . L1(t) L2(t) h1

h2, ,

U = ∅.

, h1 h2

, xk ∈ U , h1 h2

, (5) :

f̂(xk) =
f̂1(xk) + f̂2(xk)

2
=

[
f̂1(xk) + f̂2(xk)

2
,

ˆ̄f1(xk) + ˆ̄f2(xk)
2

], (5)

3.3 (Application and up-

dates of surrogate model)
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2, · · · , Q), f(cr(t)) = [f(cr(t))
f̄(cr(t))].
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. (6) , :

1
Q

√
Q∑

r=1
(f(cr(t))−f̂(cr(t)))2+(f̄(cr(t))− ˆ̄f(cr(t)))2 >

f0, (6)

f0 .
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, . ,
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L(t)=L(t−1) ∪ {(cr(t), f(cr(t)))|r=1, 2, · · · , Q},
. T (6) ,
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4 (Performance analy-

sis and implementation)
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NU
SSL, VPS NU
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NU
SSL = Nc(0) + TgQ, VPS NU
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Tg∑
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NSSL. , TSSL =
NU−Nc(0)

Q
+ 1, NSSL = N1TSSL;

VPS , TVPS,

NVPS. [10] ,

TVPS∑
t=1

Nc(t) =
TSSL∑
t=1

Q = NU − Nc(0).

Nc(t) > Q, , TVPS � TSSL,

NVPS = N1TVPS .

, Nc(t) Q, , TVPS < TSSL.

, IIFSM ,

[16] , Q

, TSSL ,

NIIFSM,

NIIFSM = NIIFSMTSSL, NIIFSM = Nc(0),

Nc(0) � N1 , NIIFSM � NSSL.

, VPS IIFSM ,
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.
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Step 1 t = 1, ,
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Step 2 ,

, , L(0)
U(0);

Step 3 L(t) RBF h1, h2;

Step 4 3.2 ,
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5 (Applica-

tion in fashion evolutionary design system)
5.1 (Background)
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5.2 (Parameters setting)
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1

Fig. 1 Evolutionary interface
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Fig. 2 Optimized result

5.4 (Experimental results and

analysis)
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, ,

50, IIFSM

,

. ,

. 20 3 , ,

, IIFSM ,
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3 , ,

20 , ,

5 IIFSM,

IIFSM. 20 ,

, 0.0180, 20

0.0043, IIFSM

0.0276, 20 0.0102. ,
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IIFSM 35%,

1/3. , t ,

, 10% , |t| = 28.6 >

t1− 0.05
2

(20−1) = 2.1, ,

.

3

Fig. 3 Fitting errors of surrogate model under the same

number of individuals evaluated by the user

, ,

VPS--SSL IIFSM

, .

,

:

0.03,

IIFSM (

). 20

4 , ,

IIFSM .

4

Fig. 4 The number of individuals evaluated by the user under

the same fitting error

4 , 20 ,

, IIFM.

, 0.0227 ,

30.90, 6.61;

IIFSM , 0.0261(

) ,

58.65, 12.99.

,

, .

,

,

,

, .

, ,

2 ,

VPS, IIFSM

3 ,

, 5(a)(b)(c)

1 . 5 , ,

IIFSM , VPS .

5 , , 20 ,

,

VPS, VPS, ,

.

5(a)

Fig. 5(a) The number of individuals evaluated by the user

5(b)

Fig. 5(b) Time-consuming of the user evaluation
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5(c)

Fig. 5(c) Evolutionary generations
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, , 43.90; VPS

, 134.00, 3 ; IIFSM

, 174.15, 4 .

, ,

,

. ,

, VPS

,

, ,

. 20 ,

6.21; VPS 22.57,

3.5 ; IIFSM 60.67,

10 . , .

1

Table 1 Statistical results of user fatigue

/s

VPS--SSL 43.90 394.70 17.95

VPS 134.00 849.00 13.40

IIFSM 174.15 654.30 62.75

VPS--SSL 6.21 66.65 3.10

VPS 22.57 171.29 2.26

IIFSM 60.67 179.52 29.35

,

394.7 s, 66.65; VPS ,

849.00 s, 171.29,

2 ; IIFSM ,

654.30 s, 1.5 , 179.52,

3 . , VPS--SSL
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, ,

, ,

, ,

.

,

17.95, VPS 13.40, ,
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. , IIFSM ,

62.75, 29.35,
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VPS IIFSM ,

, , 4 ;
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, 2

, VPS--SSL IIFSM ,

,

6 , ,

IIFSM .

6 VPS--SSL IIFSM

Fig. 6 Searching performance comparisons between

VPS--SSL and IIFSM
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