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Abstract

When tackling many NP-hard combinatorial optimiza-
tion problems, a lot of excellent metaheuristics must inte-
grate some kind of strategy of stochastic local search (SLS).
In literature, different PRNGs (pseudo-random number gen-
erator) are considered to have the same impact on SLS. By
comparing and analyzing the computing results of differ-
ent PRNGs being applied to two successful SLS algorithms,
this article gives the evidence to show that different PRNGs
have different impact on SLS. By saying “different impact”
we mean that such difference can not be simply explained as
a phenomenon of chanciness. In terms of results and perfor-
mance such difference can be obviously observed as a fact
of inevitability in statistical view. We achieve this conclu-
sion by two empirical studies. The first one is to compare
and analyze the different behaviors when a SLS, 3Opt, be-
ing applied to the Traveling Salesman Problem (TSP) with
different PRNGs. The second is about different behaviors
when another SLS, Reactive Local Search, being applied to
the Maximum Clique Problem. The secondary contribution
of this paper is, if the above impact being acknowledged,
to find a good PRNG for 3Opt-TSP. And our work illustrate
that such PRNG seems to exist.

1 Introduction

For many combinatorial optimization problems, it is
comparatively easier to find feasible solutions than to
find the optimum, especially for those NP-hard problems.
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Metaheuristics are usually considered practically success-
ful approaches to tackle these problems. Such exam-
ples of most popular and successful metaheuristics are Ge-
netic Algorithm [19, 17], Stimulated Annealing[23, 10],
Tabu Search[15, 16] and Ant Colony Optimization[12, 13].
Local-search-based metaheuristics[7] usually try to do the
optimization search in a reduced search space, which is
called neighborhood. The neighborhood is what the local
means in the term local-search. It is natural that even lo-
cal search cannot ensure to enumerate all the solutions in
the neighborhood in reasonable time. Therefore a lot of
approximation techniques are always employed to search
the neighborhood, e.g, 2Opt approximates to 2-exchange
and 3Opt to 3-exchange[20]. Such approximations gener-
ally take the usage of a pseudo-random number generator
(PRNG), if no other prior knowledge can be taken into guid-
ing the local search. So the strategy of local search always
results in some stochastic property of the performance when
running the search algorithms. This is what stochastic local
search (SLS) is meaning in this paper. We shall not con-
fuse the same term in literatur[20] although the two terms
are almost in general common, but the latter is with a more
general coverage.

In literature, different PRNGs are considered to have the
same impact on SLS[20]. By comparing and analyzing
the computing results of different PRNGs being applied to
SLS, this article gives the evidence to show that different
PRNGs have different impact on SLS. By saying “differ-
ent impact” we mean that such difference can not be sim-
ply explained as a phenomenon of chanciness. In terms of
results and performance such difference can be obviously
observed as a fact of inevitability in statistical view. We
happened to reveal this phenomenon when we were trying
to optimize ACOTSP package[1]. This package is about ap-



plying ACO to the Traveling Salesman Problem (TSP)[11]
sequently combining a local search named 3Opt, which
has been proved as a good approximation of the best local
search for TSP[18]. In this paper, we call this combination
solution 3Opt-TSP.

3Opt-TSP firstly generates a random permutation, whose
length is the number of the cities of the TSP instance, by
a PRNG. Each position in the permutation contains a city
number for the subsequent local optimization. Then 3Opt-
TSP tries to optimize the current solution by checking the
associated edges based on positions one by one in the per-
mutation. It is obvious that different permutation will result
in different final local optimization. This paper uses differ-
ent PRNGs to generate such permutations. The empirical
computing results show that different PRNGs have differ-
ent impact on 3Opt-TSP. And consequently we try to find
a good PRNG for 3Opt-TSP. Finally we provide another
computing results when another SLS, reactive local search
(RLS), solving the Maximum Clique Problem (MCP) to
show that the different impact also does exist for RLS-MCP
solution.

This paper is organized as follows: Section 2 gives a
very brief introduction of related work because there are
little discussions on our topic in literature. Section 3 de-
scribes the empirical approach of this paper and how we
evaluate the different impact. Section 4 is the main body
of this paper, which gives an empirical study on how differ-
ent PRNGs impact on 3Opt-TSP. Section 5 provides another
empirical evidence which shows such different impact exist.
We conclude our work in the final Section 6.

2 Related Work

The research of metaheuristics now aims at not only
empirically solving specific problems but also theoretically
predicating the possibility and performance of the run-
ning before a metaheuristic algorithm is applied to solve
a problem. The theory of fitness landscape[32, 33, 30]
can be used to describe the feature of the target prob-
lems. So the analysis of fitness landscape can be helpful
to design good metaheuristic algorithms for certain types of
problems[31, 8, 9]. Therefore the impact of landscape on
search algorithms has been acknowledged and well studied
in literature[21, 22, 14]. But since traditional perceive takes
it for granted that different PRNGs have the same impact
on SLS[20], literature seldom mentioned and studied the
impact of PRNGs on SLS.

3 Evaluation Criteria and Running Platform

The empirical study approach of this paper is like this:
for the same running platform, keep the same running pa-
rameters for ACOTSP, replace the PRNG of ACOTSP with

different PRNGs and test, analyze the ACOTSP running on
the problem instances from TSPLib[2].

Now the brief introduction of the running parameters is
summarized as follows:

• num-ants: number of ants, the default value is 25.

• num-neighbour: number of neighbour cities, the de-
fault value is 20.

• nn-list: number of neighbour cities of each possible
exchanged city in 3Opt-TSP, the default value is 20.

• max-tries: the maximum try number for every run, the
default value is 20. Due to the stochastic feature, the
computing results should be evaluated in some kind of
statistic way. So each run usually consists of several
repeats. Each such repeat is called a try.

• Alpha, Beta: the impact factor of pheromone and
heuristic information respectively. The default setting
is 1.0 and 2.2.

• rho: evalopement factor of pheromone, the default
value is 0.5.

For more detail semantic information about these parame-
ters, please refer to the ACOTSP package.

The running platform is: IBM P550 with 4 SMP 1.5GHz
powerPC CPU, 6GB memory and SuseLinux. The compiler
is gcc version 3.3.3.

In order to evaluate how different PRNGs impact on
3Opt-TSP, we must collect statistic data. As what ACOTSP
package did, Table 1 summarizes what we collected in the
running.

Table 1. Statistic items collected for evaluat-
ing different PRNGs impact on 3Opt-TSP

item explaination
optimum the optimum value given by the benchmark
bavg the average of best solutions of all tries
best the best solution among all the tries
eb the excess from the best solution to the optimum
bstd standard deviation of all the best solutions
tavg average time for getting all the best solutions
tstd standard deviation of time of all tries
Iteravg average iterations for getting all the best solutions
Iterstd standard deviation of iterations of all the tries
worst the worst solution of all the bests among all the tries
totalavg the average time of all the tries terminated
totalstd standard deviation of time used by all tries
ew the excess from the worst to the optimum
eavg the excess from bavg to the optimum



Based on the collected data in Table 1, the evaluating cri-
teria of different PRNGs’ behaviors in this paper, suggested
by [28], are summarized as follows:

1. If in a given same running time, only method A finds
the optimum in all tries on a specific problem instance,
then method A is dominant over other methods on that
instance.

2. If in a given same running time all the runs of different
methods can find the optimum, but only method A can
get it in all tries, then method A is the best among the
competitors.

3. If in a given same running time, all the runs of dif-
ferent methods can find the optimum but not in every
try, then eavg , eb and ew are used to rank the winner.
If method A wins in all the three performances, then
method A is better than the others. If no method wins
in all the above three performances in one run, repeat
several runs of each method. The method which wins
in average performances of the three is judged the win-
ner.

4. If no method can be judged as the winner based on the
above criteria, then all the methods are equivalently
well.

5. If method A is excellent on every tested problem in-
stance, then it is generalized to behave well on other
untested problem instances.

We think the above criteria can be adopted for evaluating
other metaheuristics which show stochastic features proba-
bly due to taking a PRNG as an algorithm component.

Regarding to the properties of PRNG which might be
factors of impacting on 3Opt-TSP, we just consider the fol-
lowing properties:

• Period: the length of a complete sequence of random
numbers generated by a PRNG without periodic repe-
tition.

• Speed: the speed of a PRNG producing a random num-
ber.

• Distribution: This might be the hardest property to an-
alyze since it involves the definition of what is a ran-
dom number? In this paper we tend to think all the
tested PRNGs here have the same uniform distribution.
But at the conclusion part of this paper, we suggest that
we should derive other property, similar to distribution
here, for a PRNG in terms of measuring how a PRNG
matches the fitness landscape of the neighborhood.

4 Analysis of Impact of PRNGs on 3Opt-TSP

4.1 Does Period of PRNG Impact on
3Opt-TSP?

The most simple and typical PRNG is based on linear
congruential method[24]. That is the one which follows the
equation (1)

Xi+1 = (aXi + c) mod m i = 0, 1, . . . (1)

The main parameters are a, c and m. Only when a, c and
m are properly chosen, the period of the PRNG will be m.
We name the PRNG, which has the parameter settings like
a = 137,m = 256, c = 187 for equation (1), method T1
(with the period 256); and the one which ACOTSP package
adopts method A (with period 2147483647). Method A will
be described in next section. So we have a large gap of the
period between these two methods. Apart from the period,
the difference between method A and T1 is their generat-
ing speed. Our test shows that the ratio is A:T1=1:1.9, that
is method T1 is much faster than method A. For the TSP
problem instance lin318, the two different PRNGs result in
different behaviors of ACOTSP, summarized in Table 2 (the
running time is 100 seconds; the bold figures indicate the
best result.):

Table 2. Method A/T1 behave differently on
lin318

method bavg Iteravg bstd Iterstd best worst
A 42034.2 1548.6 16.01 1180.47 42029 42082
T1 42029 3357.95 0 407.32 42029 42029
tavg tstd totalavg totalstd eb eavg ew

34.19 26.11 36.98 30.64 0 0.000124 0.001261
80.58 9.6 80.58 9.6 0 0 0

From Table 2 we can see that method T1 always finds the
optimum in every try, while method A does not. Please note
that neither method T1 or A consumes all the given running
time. But method A guides 3Opt-TSP nothing to do further
search even if it can not find the optimum, while method
T1 tells 3Opt-TSP to do more iterations and as a result it
finds the optimum in very try. So we say that method T1
impacts more positively on 3Opt-TSP on instance lin318
than method A.

More problem instances are tested to compare method
T1 and A. Table 3 lists the results.

We just list the three items eb, eavg and ew for conve-
nience. From Table 3 we can see that method T1 still be-
haves well on small scale TSP instances, but method A wins
on thousand-city problem instances. It seems that the time
saved by method T1 does not help a lot for 3Opt-TSP to do
more efficient search. It is the period of method T1 who re-
stricts 3Opt-TSP getting more chance to optimize the input
solution.



Table 3. Method A/T1 behave on other TSP in-
stances

Instance method eb eavg ew

a280 A 0 0.000124 0.001261
T1 0 0 0

pr299 A 0 0.000109 0.000809
T1 0 0 0

gr666 A 0.00001 0.000481 0.001383
T1 0 0.000438 0.000938

fl1557 A 0.005134 0.007082 0.009458
T1 0.00572 0.008032 0.009818

d2103 A 0.006704 0.007268 0.008055
T1 0.006491 0.007438 0.009693

pcb3038 A 0.009064 0.015772 0.023712
T1 0.013421 0.018327 0.022841

We conclude that, from this set of experiments, the pe-
riod of PRNG will impact differently on 3Opt-TSP, either
positively or negatively. In section 5 we will give additional
evidence to support the conclusion given here.

4.2 How Does the Period of PRNG Im-
pact on 3Opt-TSP?

Another common PRNG is produced by multiplicative
congruential method[26], which follows

Ii+1 = aIi mod m i = 0, 1, . . . (2)

to produce random numbers. We name another PRNG,
which has the parameter settings like a = 23,m = 108 + 1
for equation (2), method T2. Obviously the period of
method T2 is a little bit smaller than that of method A.
Again method A and T2 applied to 3Opt-TSP behave dif-
ferently in Table 4(the running time is 100 seconds):

Generally speaking, method A and method T2 behave
equivalently well in statistic way. A slight difference of
the period is not enough to cause the different behaviors
when 3Opt-TSP is running. If we expect a “good” PRNG
for 3Opt-TSP, only the period property of a PRNG does not
seem to be the deterministic factor.

4.3 Period and Speed of PRNG Impact on
3Opt-TSP

It seems that larger period with faster speed of PRNG
will do well to 3Opt-TSP. Let’s make such PRNG by com-
bining two PRNGs to enlarge the period[25]. Let sequence
q1 = xa

1 , xa
2 , . . . , xa

m1
, . . ., with the period m1, and se-

quence q2 = xb
1, x

b
2, . . . , x

b
m2

, . . ., with the period m2, for
any ca, cb > 0, by the following equation

Ui =
caxa

i

m1
+

cbx
b
i

m2
, ui = Ui mod 1, i = 1, 2, . . . (3)

Table 4. Method A/T2 behave on some TSP
instances

Instance method eb eavg ew

a280 A 0 0.000039 0.000775
T2 0 0.000194 0.000775

2nd run A 0 0.000213 0.00349
T2 0 0.000078 0.000775

lin318 A 0 0.00036 0.001475
T2 0 0.000163 0.001475

gr666 A 0.000034 0.000624 0.001274
T2 0 0.000505 0.000968

fl1557 A 0.004008 0.007411 0.009593
T2 0.004864 0.007026 0.010313

pr2392 A 0.003238 0.005115 0.009743
T2 0.002672 0.004331 0.009346

we can produce a new sequence ui with a larger period. For
example, when m1 = 2147283563 and m2 = 2147483399,
the new sequence will have the period 2.3×1018. We name
such PRNG method D.

Since method D is slower than method A, Knuth pro-
posed a speed up technique[24]. Based on the following
formula:

Xn = (Xn−55 −Xn−24), 55 ≤ n ≤ 79 (4)

given by an initial value as seed, construct a table with 56
“random” numbers. By looking up the table, we can easily
produce random number with a very fast speed. We refer
the readers to [27] for the implementation. We name this
PRNG method E. The speed ratio of the three methods is
A:D:E=1:0.6:2[27].

The results of these different PRNGs impacting on 3Opt-
TSP on small TSP instances are listed in Table 5(running
time is 100 seconds):

From Table 5 we can not draw any conclusions about
which method behaves best. Method D has much larger pe-
riod but with half speed of method A. Method E also has
much larger period but with double speed of method A. But
both method D and E do not behave well or badly compar-
ing with method A. It seems that period and speed are still
not enough for a PRNG to impact on 3Opt-TSP.

How about distribution property? The discussion of dis-
tribution is beyond the scope of this paper. We have to pre-
tend to think that all the PRNGs have the same distribution.

4.4 A Good PRNG to 3Opt-TSP

Does a good PRNG exist for 3Opt-TSP? Let’s now check
the method A mentioned in the above subsections, which
3Opt-TSP adopts.

In real world, a most popular PRNG is based on equation
(2) which has the following settings[26]: a = 75 = 16807,



Table 5. Method A/D/E behave on small scale
TSP instances

Instance method eb eavg ew

lin318 A 0 0.00009 0.001285
D 0 0.000482 0.002379
E 0 0.00025 0.002237

2nd run A 0 0.000319 0.001475
D 0 0.000359 0.001475
E 0 0.000193 0.002379

ali535 A 0 0.000206 0.000534
D 0 0.000188 0.000534
E 0 0.000143 0.000366

p654 A 0 0.000289 0.000577
D 0 0.000303 0.000635
E 0 0.000277 0.000577

2nd run A 0 0.000281 0.000491
D 0 0.000315 0.000693
E 0.000173 0.000374 0.000577

m = 231 − 1 = 2147483647. But the implementation of
this PRNG is not efficient for 32-bit machine because a ×
(m − 1) usually is much much larger than a 32-bit integer.
So a practical PRNG is generated by decomposing m[29]:
Let m = aq+r, i.e., q = [m/a], r = m mod a, with square
brackets denoting integer part. If r is small, specifically
r < q, and 0 < z < m − 1, it can be shown that both
0 ≤ a(z mod q) ≤ m − 1 and 0 ≤ r[z/q] ≤ m − 1, and
that

az mod m =
{

a(z mod q − r[a/q], if it is ≥ 0;
a(z mod q − r[a/q] + m, otherwise.

(5)
So by choosing proper parameters a, q and r formula
(2) will produce a nice random number sequence. We
name such a PRNG, with such settings a = 16807, q =
127773 and r = 2836, method A. This is the PRNG
which ACOTSP package adopts. Similarly we name other
two PRNGs with different settings: method B with a =
48271, q = 44488, r = 3399 and method C with a =
69621, q = 30845, r = 23902.

Let’s begin with some simple TSP instances in Table
6(the running time is 100 seconds):

Table 6 repeats tests instance a280 for 3 runs, att532 for
2 runs, lin318 for 2 runs. Table 6 says that method B domi-
nates over other methods on the three instances.

How about the larger instance? Let’s study the individual
TSP instance d2103 in more detail. Since none of method
A, B or C can find the optimum, let’s repeat 5 runs for test-
ing all the three methods on instance d2103. Table 7 lists
the results:

Table 7 just states that method B is better than the other
two variants on this problem instance. Table 8 averages the

Table 6. Method A/B/C behave differently on
small scale TSP instances

Instance method eb eavg ew

a280 A 0 0.000116 0.000775
(10s) B 0 0 0

C 0 0.000562 0.008143
2nd run A 0 0.000078 0.000775

B 0 0 0
C 0 0.000155 0.001551

3rd run A 0 0.000523 0.008143
B 0 0.00033 0.00349
C 0 0.001047 0.010081

Att532 A 0 0.000706 0.001806
(100s) B 0 0.000477 0.001011

C 0.00065 0.000858 0.00112
2nd run A 0.000253 0.000585 0.001517

B 0 0.000511 0.001625
C 0 0.000518 0.0013

lin318 A 0.000253 0.000591 0.001336
(100s) B 0 0.000455 0.001084

C 0 0.000435 0.000975
2nd run A 0 0.000214 0.002165

B 0 0.000074 0.001475
C 0 0.00029 0.001475

Table 7. Method A/B/C behave on instance
d2103

Instance method eb eavg ew

d2103 A 0.006917 0.007745 0.00893
(100s) B 0.006616 0.007399 0.009018

C 0.006554 0.007579 0.010194
2nd run A 0.006491 0.007399 0.009143
(100s) B 0.006229 0.007426 0.00878

C 0.006554 0.007579 0.010194
3rd run A 0.006291 0.007416 0.008668
(100s) B 0.006654 0.007399 0.009518

C 0.006566 0.00751 0.008955
4th run A 0.006429 0.007042 0.007592
(200s) B 0.006366 0.006847 0.007805

C 0.006729 0.007171 0.007905
5th run A 0.006291 0.006869 0.007342
(300s) B 0.006229 0.006821 0.007755

C 0.006729 0.00731 0.007905



results of Table 7.

Table 8. Average of method A/B/C tested on
d2103

method eb eavg ew

A 0.00648 0.00729 0.00834
B 0.00642 0.00718 0.00858
C 0.00663 0.00743 0.00903

Table 8 shows that in statistic view, method B is better
than method A and C.

Table 9 summarized the different results of method A,
B and C tested on more TSP instances. Basically Table 9
shows the same conclusion which Table 7 and 8 reveal.

Now it seems to us that we would like to draw the con-
clusion that method B is the best PRNG for 3Opt-TSP upon
the tested problem instances.

5 Impact of PRNGs on RLS-MCP

RLS is based on local search complemented by a feed-
back scheme to enhance the diversification. MCP is an NP-
hard problem with strong negative results on its approxi-
mation properties[4]. Battiti proposed a RLS algorithm to
solve MCP[6], which has been considered one of the best
state-of-art solutions to MCP. Although the recent studies
have improved this state-of-art to a higher level[28], Bat-
titi quickly responded it with more categories of problem
instances[5]. The empirical study shows that RLS still re-
mains in the state-of-art in terms of robustness and speedi-
ness. The test instances of the next part are all the same as
the ones tested in [6], from DIMACS challenges[3].

We compare two different PRNGs here, one is method
T2, the other is from RLS-MCP package, which is a regular
gcc library implementation. We name the latter PRNG as
method MO. All the runs are terminated by the same crite-
ria: getting the best record, time out or reaching the specific
maximum iterations. Typical 36 DIMACS MCP instances
were tested in [6]. We also run the RLS-MCP, with the two
different PRNGs, on the same 36 instances. 27 of them have
the same behavior for this RLS-MCP with different PRNGs.
But for other 9 instances, interesting results are listed in Ta-
ble 10.

In Table 10, Instance column shows the problem in-
stance name, with running seconds in parentheses; br col-
umn stands for the best record of the maximum clique num-
ber, with a star for saying this is a proved optimum. The
running platform is the same as the one on which 3Opt-TSP
is tested.

It is shown in Table 10 that method T2 is prior to method
MO on 7 of the 9 instances in terms of both solution quality

Table 9. Method A/B/C tested on more TSP in-
stances

Instance method eb eavg ew

gr666 A 0 0.000511 0.000992
(100s) B 0 0.000421 0.001271

C 0 0.000412 0.001155
2nd run A 0 0.000485 0.000989

B 0 0.00044 0.000917
C 0 0.000474 0.001029

3rd run A 0 0.000538 0.001355
B 0 0.000571 0.001257
C 0.000605 0.000839 0.001383

4th run A 0 0.000477 0.00178
B 0 0.000371 0.000883
C 0 0.000569 0.002099

pr299 A 0 0.000108 0.000685
(50s) B 0 0.000098 0.001017

C 0 0.000108 0.000685
2nd run A 0 0.0002 0.001826

B 0 0.000189 0.001598
C 0 0.000285 0.001826

3rd run A 0 0.000146 0.001473
B 0 0.000204 0.001349
C 0 0.000227 0.001038

4th run A 0 0.000194 0.001764
B 0 0.000081 0.000706
C 0 0.000173 0.000913

fl3795 A 0.003236 0.005254 0.008315
(100s) B 0.003236 0.005016 0.009663

C 0.003236 0.004695 0.008809
2nd run A 0.003873 0.00603 0.007881

B 0.004639 0.005902 0.007926
C 0.005044 0.006199 0.009638

3rd run A 0.004594 0.006069 0.008107
B 0.004233 0.005904 0.007521
C 0.00572 0.008199 0.012385

p654 A 0 0.000268 0.00052
(100s) B 0 0.000255 0.000751
2nd run A 0 0.000328 0.000693

B 0 0.00028 0.000635
3rd run A 0 0.000221 0.000635

B 0 0.000257 0.000577
4th run A 0 0.000286 0.00052

B 0 0.000258 0.00052



Table 10. Two different PRNGs result differ-
ently on RLS-MCP

Instance method solution iteration br
brock200 4 MO 16 319903 17*
(19.49s) T2 17 10966
gen400 p0.9 55 MO 53 35017 55
(1.2s) T2 55 1193
p hat700-2 MO 43 140 44*
(0.028s) T2 44 78
C250.9 MO 43 1340 44*
(0.029s) T2 44 378
C1000.9 MO 67 1964 67
(41.6s) T2 68 379873
gen200 p0.9 44 MO 39 1865 44*
(0.037s) T2 40 1865
keller5 MO 26 2990 27
(0.171s) T2 27 2529
keller6 MO 59 79152 59
(189s) T2 58 1173480
p hat700-3 MO 62 252 62
(0.035s) T2 61 333

and running speed. Only 2 of the 9 gives the reverse re-
sults. Can this result be interpreted as a chanciness because
of stochastic property of the PRNG? We don’t think so, al-
though we now can not prove the opposite guess. The pur-
pose of this section is just to provide additional “statistic”
evidence to support the presentation of the above sections.

6 Conclusion and Future work

In this paper, we investigate whether different PRNGs
have impact on SLS or not. Right now only three prop-
erties of a PRNG are considered as the possible factors of
such impact. We evaluate all together 8 PRNGs, T1, T2, A,
B, C, D, E, MO. And we find that different PRNGs do im-
pact differently on 3Opt-TSP and RLS-MCP on our tested
instances. Further more we find that method B is overall
better than other methods for 3Opt-TSP.

It is well understood that the fitness landscape of neigh-
borhood deeply impacts on the performance of a SLS algo-
rithm. In our current understanding, the distribution (and
other possible unrevealed properties?) of a PRNG will also
affect the search behavior of a SLS algorithm. If such influ-
ence matches the landscape and search trajectory, the SLS
algorithm will benefit a lot when it completes walking the
trajectory.

In the near future, the agenda of our work will focus on
the following two issues. Firstly we need more empirical
studies to provide more evidences to prove that the impact
we mentioned does exist. Secondly, we want to derive more
properties of a PRNG which might differentiate enough to

analyze the different impact on SLS. We believe that if the
impact we proposed exists for general SLS algorithms, it
will be an interesting new research topic to choose a “good”
PRNG when one designs metaheuristic algorithms. And
when evaluating metaheuristics the potential impact from
a PRNG should also be considered. We just want to bring
up the awareness of detecting the possible impact of PRNG
on SLS algorithms.

Researchers usually acknowledge the approach to classi-
fying the problem instances by the fitness landscape in order
to design an efficient and robust metaheuristic algorithm. So
why not do the similar research work to study how a PRNG
matches the landscape?
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[12] M. Dorigo and T. Stützle. Handbook of Metaheuris-
tics, volume 57 of International Series in Operations
Research and Management Science, chapter The ant
colony optimization metaheuristic: Algorithms, appli-
cations and advances., pages 251–285. Kluwer Aca-
demic Publishers, Norwell, MA, 1999.
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