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Binary ant colony algorithm with controllable search bias
HU Gang, XIONG Wei-qing, ZHANG Xiang, YUAN Jun-liang

(Institute of Electronic Commerce, Ningbo University, Ningbo Zhejiang 315211, China)

Abstract: Ant colony algorithm explores the solution space according to the bias produced by pheromone trail. How-

ever, most of the existing improvements concentrate in raising the population diversity, instead of controlling the search

bias. On the basis of the controllable search bias and by the update pattern of the current pheromone, we determine for

any given iteration the lower bound of the probability of no further improvement in solution up to the convergence. Using

the relation between the number of visitors and the ant population, and considering the population diversity, we develop a

binary ant colony algorithm with controllable search bias. In the test of function optimization and the application to the 0--1

multiple knapsack problem, the algorithm exhibits a good search ability and a high convergence speed.

Key words: ant colony algorithm; binary ant colony algorithm; pheromone update pattern; controllable search; function

optimization; 0--1 multiple knapsack problem
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2 (The basic

framework of ACO algorithm)
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(S,Ω, f) . : S

, Ω

, f : S → R
+ .

S Ω f

s∗.

S : n

Xi(i = 1, 2, · · · , n), Xi Di = {c1
i ,

c2
i , c

|Di|
i },

X i = cj
i (i = 1, 2, · · · , n), s,

S s .

Ω ,

, P

, .

s∗ ∈ S, f(s∗) � f(s), ∀s ∈ S, s∗

, S∗ ⊆ S.

S∗

, cj
i

τ j
i ,

τ . ,

. SP

, Xi ,

cj
i P (cj

i |SP )

P (cj
i |SP )=

(τ j
i )α[η(cj

i )]β∑
ck

i ∈σ(SP )

(τk
i )α[η(ck

i )]
β
, ∀cj

i∈σ(SP ), (1)

: σ(SP ) SP , Ω

Xi ; η(cj
i )

cj
i ; α, β

. ,

:

τ j
i (t + 1) = (1 − ρ)τ j

i (t) + g(s), (2)

: ρ , i = 1, 2, · · · , n, j = 1, 2, · · · ,

|Di|, 0 < g(s) < +∞, g : S → R
+.

: ∀s, s′ ∈ S, s �= s′, f(s) < f(s′)
g(s) � g(s′).

3 (The proba-

bility floor of finding no better solution)
, :

2
, .

3 τ j
i = τmin, τk

i = τmax(i = 1, 2,

· · · , n, 1 � k � |Di|, j = 1, 2, · · · , |Di| k �= j),

.

4 t ŝ(t), s1 ∈
S, f(s1) < f(ŝ(t)), s1 t .

5 t , t

, t , LPB(t).

, ,

[7]. ,

:

1[8] t′ � t∗ + t0 ,

, ∀(i, j) /∈ s∗, τ j
i = τmin.

t∗ s∗ ,

t0 = � lnτmin − lnτmax

ln(1 − ρ)
	. (3)

1 t ŝ(t), t̂

ŝ(t) , t′′ � t̂ + t1 ,

, ∃(i, j), τk
i > τmin,

τ j
i = τmin(i = 1, 2, · · · , n, 1 � j � |Di|, k = 1, 2,

· · · , |Di|, k �= j), t1 � t0.

t̂+1 , ŝ(t)= ŝ(t+1), ∀(i, j) /∈ ŝ(t),

τ j
i (t̂ + 1) � max{τmin, (1 − ρ)τmax}.

, t̂ + t1 , ŝ(t) = ŝ(t + t1),

τ j
i (t̂ + t1) � max{τmin, (1 − ρ)t1τmax}.

t1 (1 − ρ)t1τmax � τmin .

t1 = �(ln τmin−ln τmax)/(ln(1−ρ))	.
t̂ , f(ŝ(t + c)) � f(ŝ(t)), ŝ(t + c)

t + c , t + c

, , t1 � �(ln τmin −
ln τmax)/ ln(1 − ρ)	. .

2 t ŝ(t), t̂

ŝ(t) . ,

t̂ + tc , tc � t1.

∃(i, k), τk
i = τmax,

∀(i, j), τ j
i = τmin(i = 1, 2, · · · , n, 1 � k � |Di|,

j = 1, 2, · · · , |Di|, k �= j), tc = max{t1, tm},

tm τk
i = τmax . 1,

tc � t1. .

2 t ,

,

LBP(t) =

[|S<=|
n∏

i=1

τα
min

τα
min+ (|Di|−1)τα

max

]m·� lnτmin−lnτmax
ln(1−ρ) �, (4)

: S<= = {s ∈ S|f(s) � f(ŝ)}, i = 1, 2, · · · , n,

j = 1, 2, · · · , |Di|, α , m .

(1) , ,

s

Ps =
n∏

i=1

P (cj
i |Sp) =

n∏
i=1

(τ j
i )α

|Di|∑
k=1

(τk
i )α

,
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Ps�
n∏

i=1

τα
min

|Di|∑
k=1

(τk
i )α

�
n∏

i=1

τα
min

τα
min + (|Di| − 1)τα

max

. (5)

cl
i S<= l i

(i = 1, 2, · · · , n, l = 1, 2, · · · , |S<=|), τ l
i

, Pbs(t) t ŝ(t)
,

Pbs(t) = {
|S<=|∑
l=1

[
n∏

i=1

(τ l
i )

α

|Di|∑
k=1

(τk
i )α

]}m �

{
|S<=|∑
l=1

[
n∏

i=1

τα
min

τα
min + (|Di| − 1)τα

max

]}m =

{|S<=|
n∏

i=1

τα
min

τα
min + (|Di| − 1)τα

max

}m. (6)

,

Pbs(t + 1)�

{
n∏

i=1

[
(1 − ρ)τ j

i + g(ŝ(t))

(1−ρ)τ j
i + g(ŝ(t)) + (1−ρ)

|Di|−1∑
k=1

(τk
i )α

] +

|S<|∑
l=1

[
n∏

i=1

(1 − ρ)(τ l
i )

α

(1 − ρ)
|Di|∑
k=1

(τk
i )α + g(ŝ(t))

]}m, (7)

: cj
i ∈ ŝ(t), S< = S<= \ {ŝ(t)},

Pbs(t + 1)� {
n∏

i=1

[
(τ j

i )α

(τ j
i )α +

|Di|−1∑
k=1

(τk
i )α

] +

|S<|∑
l=1

[
n∏

i=1

τα
min

τα
min +

|Di|−1∑
k=1

τα
max

]}m �

{
n∏

i=1

[
τα
min

τα
min +

|Di|−1∑
k=1

(τmax)α

] +

|S<|∑
l=1

[
n∏

i=1

τα
min

τα
min +

|Di|−1∑
k=1

τα
max

]}m =

[|S<=|
n∏

i=1

τα
min

τα
min+(|Di− 1|)τα

max

]m. (8)

,

Pbs(t+k)�[|S<=|
n∏

i=1

τα
min

τα
min+(|Di−1|)τα

max

]m. (9)

,

LPB(t) =
tc∏

i=1

Pbs(t + i) �

tc∏
i=1

[(|S<=|
n∏

i=1

τα
min

τα
min + (|Di − 1|)τα

max

)m]. (10)

1 2,

LPB(t) =
tc∏

i=1

Pbs(t + i)�

[|S<=|
n∏

i=1

τα
min

τα
min + (|Di| − 1)τα

max

]m·� lnτmin−lnτmax
ln(1−ρ) �.

(11)

LPB(t) , .

4 (The

design of binary ant colony algorithm with

controllable search bias)
2 ,

|S<=| τmin τmax . |S<=|
, . ,

. ,

ŝ(t) , |S<=| . τmin τmax

[9],

.

ACO , ,

, . ,

,

, ,

.
[3] ( 1 ),

vj vr
j , r ∈ {0, 1}. vr

j

0, , vj

r, vr
j 1. vj

(12)(13) :⎧⎪⎨
⎪⎩

P 1
j =

h(v1
j ,m) · τ 1

j (t)
h(v1

j ,m) · τ 1
j (t) + (1 − h(v1

j ,m)) · τ 0
j (t)

,

P 0
j = 1 − P 1

j , q < w2,

(12)⎧⎪⎨
⎪⎩

P 0
j =

h(v0
j ,m) · τ 0

j (t)
h(v0

j ,m) · τ 0
j (t) + (1 − h(v0

j ,m)) · τ 1
j (t)

,

P 1
j = 1 − P 0

j , q�w2.

(13)

1

Fig. 1 Simplified binary network

(12)(13) , p1
j , p0

j vj 1

0 , m , τ r
j (t) vj

r , h(vr
j ,m)= |1 − w1v

r
j /m|, r ∈

{0, 1}. q (0, 1) , 0 � w1 � 2,
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0 � w2 � 1. w1, w2 ,

.

:

Step 1 ;

Step 2 (12)(13) 1

, 1;

Step 3 ;

Step 4 ;

Step 5 , ,

Step2;

Step 6 .

5
(Analysis of binary ant colony algorithm

with controllable search bias)
(12)(13) . (12)

P 1
j =

h(v1
j ,m)·τ 1

j (t)
h(v1

j ,m)·τ 1
j (t)+(1−h(v1

j ,m))τ 0
j (t)

⇔

[h(v1
j ,m)·τ 1

j (t)+(1−h(v1
j ,m))τ 0

j (t)]P 1
j =

h(v1
j ,m)τ 1

j (t) ⇔
P 1

j

1−P 1
j

=
h(v1

j ,m)
1−h(v1

j ,m)
τ 1

j

τ 0
j

. (14)

P 0
j = 1 − P 1

j ,

P 1
j

P 0
j

=
h(v1

j ,m)
1 − h(v1

j ,m)
·τ

1
j

τ 0
j

.

h(vr
j ,m) = |1 − w1v

r
j

m
|, r ∈{0,1}

P 1
j

P 0
j

=
|1 − w1v

1
j

m
|

1 − |1 − w1v
1
j

m
|
·τ

1
j

τ 0
j

. (15)

, (13)

P 0
j

P 1
j

=
|1 − w1v

0
j

m
|

1 − |1 − w1v
0
j

m
|
· τ 0

j

τ 1
j

. (16)

.

h(vr
j ,m) = |1 − w1v

r
j /m| 2 ,

:

1) w1�1, h(vr
j ,m) vr

j

. h(vr
j ,m) 1 . w1 1,

h(vr
j ,m) . w1 = 1, h(vr

j ,m)
1/m , w1 = 0, h(vr

j ,m)≡1.

2) w1> 1, w1·vr
j m.

w1·vr
j m, h(vr

j ,m) vr
j ,

vr
j . , w1

, w1 , h(vr
j ,m) .

2 h(vr
j , m) (m = 80)

Fig. 2 Figure of h(vr
j , m), where m = 80

MBS(model-based search)[10]

. MBS ,

,
[11]. ,

, vj : 0 1.

τ 1
j τ 0

j .

3 : τ 1
j 
τ 0

j , τ 1
j �τ 0

j , τ 1
j ≈τ 0

j .

1) τ 1
j ≈τ 0

j .

τ 1
j /τ 0

j ≈1, (14)(15) :

P 1
j

P 0
j

=
|1 − w1v

1
j

m
|

1 − |1 − w1v
1
j

m
|
, (17)

P 0
j

P 1
j

=
|1 − w1v

0
j

m
|

1 − |1 − w1v
0
j

m
|
. (18)

, v1
j =0, v0

j =0, (16) P 1
j /P 0

j =
∞, P 1

j = 1, P 0
j = 0. P 1

j = P 1
j = 0.5,

h(vj
j ,m) = |1−w1·v1

j /m| = 0.5, w1v
1
j = 0.5m

w1v
1
j = 1.5m. w1 = 1 , v1

j = 0.5m ,

P 1
j = P 1

j = 0.5. v1
j = 0.5m,

vj 1 ,

, w1 = 1 , 1

0 . w1 , 1

, w1 = 0 , 1.

w1 = 2, vj 1 0

. , (16)

1. , (17)

0. w2 (16)

1, (17)

0.

2) τ 1
j 
τ 0

j , τ 1
j �τ 0

j .

, τ 1
j 
τ 0

j , τ 1
j /τ 0

j
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, (14), v1
j ,

P 1
j = P 1

j = 0.5, , τ 1
j ≈τ 0

j

1. (15), P 1
j = P 1

j

∞ 0 , τ 1
j ≈τ 0

j

0. , τ 1
j �τ 0

j ,

.

, vj ,

τ 1
j /τ 0

j , w1 w2 ,

vr
j . : v1

j ,

0; v0
j , 1.

w1 P 1
j P 0

j 0→1 1→0 ,

w2 1, 0. ,

, , w1

, w2 .

, ,

, ,

, (exploit), (explore).

6
(Analysis of complexity of binary

ant colony algorithm with controllable search

bias)
6.1 (Analysis of time

complexity)

,

,

. ,

, (

) ,
[12].

m , n ,

Nc, C1, C2, C3, C4 . 4

.

Step1, n ,

, , 2n

. 1 , 2n

. n w1, w2 C1·n ,

, Step1 2n +
2n + C1·n = O(n). Step2 , m n

, C2·m·n , C2·m·n =
O(m·n). Step3 , C3 , m

C3·m .

, O(m). Step4 , n

, ,

2n , 2n , Step4

2n + 2n = O(n). Step5

Step6 O(1).

Step2∼Step5 Nc ,

O(n) + Nc·O(m·n) + Nc·O(m) +
Nc·O(n) + Nc·O(1).

T = O(Nc ·m ·n). (19)

: 1)

(12)(13) , w1, w2

, 3·Nc·m·n . 2)

,

1, Nc·m·n . 3) ,

C4·n . 4) , Nc·2n .

, ,

O(Nc·m·n).

6.2 (Analysis of space

complexity)
,

[12].

: 1)

. 2) .

, n

, 4n. 2

w1, w2, 2n, ,

, n·m.

,

,

S = O(n) + O(m·n). (20)

2n ,

2n w1, w2,

4n , O(n) + 4n = O(n),

O(n),

.

7 (Experiment and results )
7.1 (Settings of parameters)

w1, w2 ,

[3] .

[11]. , w1, w2

: 1) . 2)

.

, 1)

, 7.3 ,

. 2), ,

:

1) . w1, w2 2,
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0.5. 5 , w1 , P 1
j P 0

j 0→1 1→0

, w1 = 0, w2 = 0.5 ,

.

, ,

w1 , w1 2,

,

. , w2 0.5, (12)

(13) . w2 2

h(vr
j ,m) , h(vr

j ,m) = | cos(w1v
r
j /m)|,

w1 , w1 ,

.

2) .

. vj

(j = 1, 2, · · · , n) w2 w2j . (12)

(13) , w1 ,

, w1 , 2

, w1 0.6∼1.0 . w2 ,

Y ( 106) ,

, vj = 1 C1
j , C̄1

j

, vj = 0 C0
j ,

C̄0
j . θ0

j C0
j �α·C0

j 	
, α∈(0, 1) , |C0

j | ,

θ1
j .

θ̄0
j = (

|θ0
j |∑

i=1

yi)/|θ0
j |, (21)

: yi = f(xd
i ), {xd

i } ∈ θ0
j , f(·) ,

d . ,

θ̄1
j = (

|θ1
j |∑

i=1

yi)/|θ1
j |. (22)

w2j

w2j =
C̄1

j ·θ̄1
j

C̄1
j ·θ̄1

j + C̄0
j ·θ̄0

j

. (23)

7.2 (Function optimization prob-

lem)
, 1

. ,

,

. :

[13].

1

Table 1 The compared algorithms

ACOR [13] CIAC [16]

ACORSES [14] API [17]

MACO [15] CACO [18]

, . 2 3

,

. 2 3

50 ,

|f − f∗| < ε1f + ε2,

: f∗ , ε1 = ε2 = 10−4.

2

Table 2 Average numbers of function evaluations

ACOR CIAC API CACO

R2 416 820 11480 9840 6806

R5 2376 2487 39792 — —

SM 683 781 49984 10153 21868

GP 110 392 23424 — —

B2 136 559 11968 — —

ES 738 772 — — —

DJ 142 392 — — —

3

Table 3 Average numbers of function evaluation

MACO 0 3600

R2 ACORSES 0 2174

0 1012

MACO −10 3750

fno1 ACORSES −10 2167

−10 992

MACO — —

fno2 ACORSES −837.9658 1176

−837.9658 1198

MACO −2 235

fno3 ACORSES −2 1610

−2 512

MACO 1 36000

fno4 ACORSES 1 1576

1 1232

MACO — —

fdj ACORSES 0 4850

0 488

2 ,

,

. 3 , fno2

ACORSES, fno3 MACO,

, ,

.
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3 ,

, R2

( ),

106.

,

,

,

, .

3

Fig. 3 Comparison between two different parameter settings

7.3 (Multiple knapsack problem)
(Multiple knapsack problem, MKP)

, :

V a[1], V a[2], · · · ,V a[n] n

1 m m , C[1], C[2], · · · ,

C[m]; ,

:

V O =

⎛
⎜⎜⎜⎜⎝

V o1,1 V o1,2 . . . V o1,n

V o2,1 V o2,2 . . . V o2,n

...
...

...

V om,1 V om,2 . . . V om,n

⎞
⎟⎟⎟⎟⎠ , (24)

V oi,j j i

, V oi,j = 0 j i .

, :

max
m∑

i=1

n∑
j=1

xi,j·V a[j],

s.t.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

∀j∈{1, 2, · · · , n},
m∑

i=1

xi,j�1;

∀i∈{1, 2, · · · ,m},
n∑

j=1

xi,j·V oi,jj�C[i];

∀i∈{1, 2, · · · ,m}, ∀j∈{1, 2, · · · , n},
V oi,j − xi,j > −1,

(25)

xi,j∈{0, 1}, xi,j = 1 j i ,

xi,j m×n X .

7.3.1 (Parameters settings

in multiple knapsack problem problem)
,

, , ,

. [11] ,

,

, ,

, . ,

V a[j]/V oi,j .
[19] w2.

:

Nm(A,B) =

n∑
i=1

A(xi)∧B(xi)

n∑
i=1

A(xi)∨B(xi)
, (26)

: A(xi) B(xi) A, B , ∧, ∨
.

V aoi,j = V a[j]/V oi,j , V aoi,j(j = 1, · · ·,n)
, Nm(i,j) =Nm(V aoi,j, V aoi,j), w2ij

w2ij =

⎧⎪⎪⎨
⎪⎪⎩

0.5, V aoi,j = V aoi,j,

0.5·Nm(i,j), V aoi,j < V aoi,j,

1 − 0.5Nm(i,j), V aoi,j > V aoi,j,

(27)

: i = 1, · · · ,m, j = 1, · · · ,n,

. w1 ,

w1 = 0.75.

7.3.2 (Results of multiple

knapsack problem)

http:

//elib.zib.de/pub/Packages/mp-testdata/ip/sac94-suite/

index.html .

1 pb4.

m = 2, n = 29.

:

V a = (7074, 5587, 5500, 3450, 367, 4235, 9262,

6155, 32240, 1600, 4500, 6570, 7010, 16020,

8000, 2568, 2365, 4350, 4975, 29400, 7471,

3840, 3575, 1125, 1790, 2450, 540, 445, 220).

V o = [B1 B2]T, 0

.

B1 = (25, 17, 20, 22, 15, 10, 50, 10, 150, 0, 0, 0, 40,

60, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0),

B2 = (0, 0, 0, 0, 0, 2, 5, 6, 40, 2, 6, 10, 13, 30, 15, 5,

5, 10, 15, 91, 24, 15, 15, 5, 10, 15, 10, 10, 10).
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C = (153, 154)T. (26)

w2 = [w21 w22]T, :

w21 = (0.18, 0.85, 0.82, 0.68, 0.12, 0.88, 0.73,

0.92, 0.76, 0, 0, 0, 0.71, 0.81, 0, 0, 0, 0,

0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0),

w22 = (0, 0, 0, 0, 0, 0.89, 0.88, 0.78, 0.72, 0.72,

0.70, 0.65, 0.58, 0.57, 0.57, 0.56, 0.52,

0.48, 0.36, 0.36, 0.34, 0.28, 0.26,

0.25, 0.20, 0.18, 0.06, 0.05, 0.02).

4 .

4 pb4

Table 4 Results of pb4

95168 136567 136567 0 772.8

X :

X =

(
1 1 1 1 0 0 0 0 0 0 0 0 0 1 0
0 0 0 0 0 1 1 1 1 1 1 1 1 0 1

0 0 0 0 0 0 0 0 0 0 0 0 0 0
1 0 1 1 0 1 0 0 0 0 0 0 0 0

)
.

, 5

.

5 pb4

Table 5 Results of pb4 of balanced search bias

95168 136567 136561 16.49 896

2 weing2.

m = 2, n = 28.

:

V a = (1898, 440, 22507, 270, 14148, 3100, 4650,

30800, 615, 4975, 1160, 4225, 510, 11880,

479, 440, 490, 330, 110, 560, 24355, 2885,

11748, 4550, 750, 3720, 1950, 10500).

V o = [B1 B2]T, 0

.

B1 = (45, 0, 85, 150, 65, 95, 30, 0, 170, 0, 40, 25, 20,

0, 0, 25, 0, 0, 25, 0, 165, 0, 85, 0, 0, 0, 0, 100),

B2 = (30, 20, 125, 5, 80, 25, 5, 73, 12, 15, 15, 40, 5,

10, 10, 12, 10, 9, 0, 20, 60, 40, 50, 36, 49,

40, 19, 150).

C = (500, 500)T, w2 =
[w21 w22]T, :

w21 = (0.44, 0, 0.91, 0.02, 0.89, 0.34, 0.84, 0,

0.04, 0, 0.3, 0.86, 0.26, 0, 0, 0.18, 0, 0, 0.05,

0, 0.84, 0, 0.83, 0, 0, 0, 0, 0.77),

w22 = (0.17, 0.06, 0.49, 0.15, 0.48, 0.34, 0.90,

0.78, 0.14, 0.72, 0.21, 0.29, 0.28, 0.92, 0.13,

0.10, 0.13, 0.10, 0.00, 0.08, 0.77, 0.20, 0.61,

0.34, 0.04, 0.25, 0.28, 0.19).

6 .

6 weing2

Table 6 Results of weing2

130883 164045 164045 0 1770.4

X :

X =

(
1 0 1 0 1 1 1 0 0 0 0 1 0 0
0 1 0 1 0 0 0 1 1 1 1 0 1 1

0 1 0 0 1 0 0 0 0 0 0 0 0 1
1 0 1 1 0 1 1 1 1 1 1 1 1 0

)
.

, 7

.

7 weing2

Table 7 Results of weing2 of balanced search bias

130883 164045 164020 20 1790.4

3 weish01.

m = 5, n = 30.

:

V a = ( 360, 83, 59, 130, 431, 67, 230, 52, 93, 125,

670, 892, 600, 38, 48, 147, 78, 256, 63, 17, 120,

164, 432, 35, 92, 110, 22, 42, 50, 323).

V o = [B1 B2 B3 B4 B5]T, 0

.

B1 = (7, 0, 30, 22, 80, 94, 11, 81, 70, 64, 59, 18, 0,

36, 3, 8, 15, 42, 9, 0, 42, 47, 52, 32, 26, 48,

55, 6, 29, 84),

B2 = (8, 66, 98, 50, 0, 30, 0, 88, 15, 37, 26, 72, 61,

57, 17, 27, 83, 3, 9, 66, 97, 42, 2, 44, 71, 11,

25, 74, 90, 20),

B3 = (3, 74, 88, 50, 55, 19, 0, 6, 30, 62, 17, 81, 25,
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46, 67, 28, 36, 8, 1, 52, 19, 37, 27, 62, 39, 84,

16, 14, 21, 5),

B4 = (21, 40, 0, 6, 82, 91, 43, 30, 62, 91, 10, 41, 12,

4, 80, 77, 98, 50, 78, 35, 7, 1, 96, 67, 85, 4,

23, 38, 2, 57),

B5 = (94, 86, 80, 92, 31, 17, 65, 51, 46, 66, 44, 3,

26, 0, 39, 20, 11, 6, 55, 70, 11, 75, 82, 35, 47,

99, 5, 14, 23, 38).

C = (400, 500, 500, 600, 600)T,

w2 = [w21 w22 w23 w24 w25]T,

w21 = (0.92, 0, 0.12, 0.37, 0.34, 0.04, 0.81, 0.04,

0.08, 0.12, 0.65, 0.92, 0, 0.07, 0.75, 0.78, 0.33,

0.38, 0.44, 0, 0.18, 0.22, 0.52, 0.07, 0.22, 0.14,

0.03, 0.44, 0.11, 0.24),

w22 = (0.80, 0.04, 0.02, 0.07, 0, 0.06, 0, 0.02, 0.17,

0.09, 0.65, 0.35, 0.27, 0.02, 0.08, 0.15, 0.03,

0.90, 0.20, 0.01, 0.03, 0.11, 0.96, 0.02, 0.04,

0.28, 0.02, 0.02, 0.02, 0.45),

w23 = (0.95, 0.04, 0.03, 0.10, 0.31, 0.14, 0, 0.34,

0.12, 0.08, 0.84, 0.43, 0.73, 0.03, 0.03, 0.20,

0.08, 0.80, 0.90, 0.01, 0.25, 0.17, 0.60, 0.02,

0.09, 0.05, 0.05, 0.12, 0.09, 0.90),

w24 = (0.52, 0.06, 0, 0.62, 0.16, 0.02, 0.16, 0.05,

0.05, 0.04, 0.88, 0.62, 0.84, 0.29, 0.02, 0.06,

0.02, 0.16, 0.02, 0.01, 0.52, 0.95, 0.14, 0.02,

0.03, 0.70, 0.03, 0.03, 0.67, 0.17),

w25 = (0.31, 0.08, 0.06, 0.11, 0.77, 0.69, 0.28,

0.08, 0.16, 0.15, 0.79, 0.99, 0.86, 0, 0.10,

0.57, 0.56, 0.93, 0.09, 0.02, 0.71, 0.17, 0.42,

0.08, 0.16, 0.09, 0.35, 0.24, 0.17, 0.63).

8 .

8 Weish01

Table 8 Results of Weish01

4554 5829 5829 0 182.7

X :

X =

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

0 0 1 0 0 0 0 0 0 0 0 0 0 0 1 0 1 0 0 0 1 0 0 1 0 0 0 1 0 0
0 0 0 1 0 0 0 0 0 1 0 0 1 0 0 1 0 1 0 0 0 1 1 0 0 0 0 0 0 0
1 0 0 0 1 0 0 1 1 0 1 0 0 1 0 0 0 0 1 1 0 0 0 0 1 0 0 0 0 1
0 1 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 0 1 0
0 0 0 0 0 1 1 0 1 0 0 1 0 0 0 0 1 0 0 0 0 0 0 1 0 0 0 0 0 0

⎫⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎭

.

, 9

.

9 Weish01

Table 9 Results of Weish01 of balanced search bias

4554 5829 5829 0 353.8

,

,

.

8 (Conclusion)

, ACO

LPB(t). LPB(t) ,

.

,

.

,

.

,

,

. w1,

w2 , ,

,

. h(vr
j ,m)

h(vr
j ,m) = |1 − (w1·vr

j/m)|,
, h(vr

j ,m) ,

.
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(Appendix Test problems in this paper)

10

Table 10 Test problems in this paper

Rosenbrock(Rn) f(�x) = 100(x2
1 − x2)

2 + (1 − x1)
2, �x∈[−5, 10]n, n = 2, 5 f(1, 1, · · · , 1) = 0

Goldstein and Price(GP), f(�x)=[1 + (x1 + x2 + 1)2(19 − 14x1 + 3x2
1 − 14x2 + 6x1x2 + 3x2

2)]·
�x∈[2, 2]n [30 + (2x1 + 3x2)

2(18 − 32x1 + 12x2
1 + 48x2 − 36x1x2 + 27x2

2)]
f(0,−1) = 3

Sphere Model(SM) f(�x) =
nP

i=1
x2

i , �x∈[−3, 7]n, n = 6 f(0, 0, · · · , 0) = 0

Bohachevsky 2(B2) f(�x) = x2
1 + 2x2

2 − 0.3 cos(3πx1) − 0.4 cos(4πxx) + 0.7, �x∈[−100, 100]n f(0, 0) = 0

Easom(ES) f(�x) = − cos(x1) cos(x2)e
−(x1−π)2−(x2−π)2 , �x∈[−100, 100]n f(π, π) = 1

De Jong(DJ) f(�x) = x2
1 + x2

2 + x2
3, �x∈[−100, 100]n f(0, 0, 0) = 1

fno1 f(�x) = x1/(1 + |x2|), �x∈[−10, 10]n f(−10, 0) = −10

fno2, �x∈[−500, 500]n, f(420.9687n) =

n = 2
f(�x) =

Pn
i=1 −x · sin(

p|xi|)�x∈[−500, 500]n

−418.9829n

fno3 f(�x) = x2
1 + x2

2 − cos(18x1) − cos(18x2), �x∈[−2, 2]n f(0, 0) = −2

fno4, �x∈[−5, 5]n f(�x) = e(0.5(x2
1+x2

2−25)2) + sin4(4x1 − 3x2) + 0.5(2x1 + x2 − 10)2 f(3, 4) = 1
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