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Fig. 9. Proportion of time consumed by different components. (a) Ising spin
glass instance. (b) p-Median instance.

results than SOPHY, given the same number of local search
executions. Besides, it can be observed that over all the rep-
resentative instances, after 10 000 executions of local search,
both HIP-HOP and SOPHY tend to have converged, which
to some extent implies that the numerical results comparison
between the two algorithms is reasonable.

D. Efficiency Evaluation

In Section VI-C, we observe that given the same amount
of search effort (indicated by the number of local search
executions), HIP-HOP is able to achieve better solution quality
than SOPHY. However, due to the maintenance overhead intro-
duced by IPLLHs, HIP-HOP requires more time to terminate.
Hence, in this subsection, we intend to examine the runtime
behavior of both HIP-HOP and SOPHY. In more detail, we
first investigate the reason why HIP-HOP is slow, by com-
paring the average time cost by each LLH related component
over representative instances. Second, since SOPHY is faster
than HIP-HOP, we proceed to check whether the comparison
results in Section VI-C would change, if SOPHY is given more
running time. Finally, we employ the run-time distribution
analysis [51], [52] to investigate the runtime behaviors of the
two algorithms.

Fig. 9 presents the average time that each component in
the two algorithms spent over the representative instances.
For example, Fig. 9(a) illustrates the comparison between
HIP-HOP and SOPHY over the Ising Spin glass instance
19×19-3. The components include local search (indicated
by LOCAL), IPLLHs, SPLLHs, as well as auxiliary routines
(indicated by AUX, including the transfer operator and the
repair operator described in Section V, as well as other
data structure maintenance procedures). From Fig. 9(a), the
following observations could be found over the spin glass
instance 19×19-3. First, the time of local search in HIP-HOP
is almost the same as that in SOPHY. The local search operator
spends 0.94s and 1.18s in HIP-HOP and SOPHY, respectively.
Second, IPLLHs are more time consuming than SPLLHs.
IPLLHs and SPLLHs spend 14.94s and 8.35s in HIP-HOP
and SOPHY, respectively. In total, HIP-HOP is more time
consuming, but roughly of the same order of magnitude as
SOPHY. Meanwhile, over the p-median instance fl1400 with p

= 500, different observations could be drawn. 1) Surprisingly,
over the p-median instance, local search costs less time in
HIP-HOP than in SOPHY. In Fig. 9(b), local search consumes
36.89s and 61.84s in HIP-HOP and SOPHY, respectively.

Fig. 10. %gap comparison, HIP-HOP versus SOPHY-LONG. (a) Ising spin
glass instances. (b) p-median instances.

Although the IPLLHs are time consuming, with these LLHs,
local search could be conducted more efficiently. 2) IPLLHs
are more time consuming than SPLLHs. This phenomenon
mainly results from the complexity of these two types of
LLHs. Over fl1400 with p = 500, IPLLHs consume 206.08s
in average, while SPLLHs cost 43.32s in average. 3) Over
the p-median instance, the auxiliary routines consumes the
majority proportion of the time in HIP-HOP. For example, over
fl1400 with p = 500, these routines costs 652.50s in average.
The main reason for this observation is that for the p-median
instances, whenever a perturbed instance is constructed, an
auxiliary data structure has to be maintained so that the local
search could be conducted efficiently [47]. The complexity of
this maintenance routine is O(m2 log m). However, in SOPHY,
this maintenance routine is only executed once during the
preprocessing phase. As a result, the repeated executions of
this routine lead to the fact that HIP-HOP is much slower
than SOPHY over the p-median instances.

Thus, a question naturally arises whether SOPHY could
outperform HIP-HOP, if given more search effort. To in-
vestigate this issue, a set of experiments are conducted as
follows. Over each instance, we assign more search effort
to SOPHY, so that the maximum cut off time of SOPHY
equals the average running time of HIP-HOP. Note that
since SOPHY is given longer execution time, the variant
version of SOPHY is indicated by SOPHY-LONG in this
experiment. Meanwhile, the results of HIP-HOP are kept the
same as in Section VI-C. Through this comparison scheme, we
could properly answer the question. The comparison results
are organized in the same way as in Section VI-C, i.e.,
Figs. 10 and 11 present the visual comparisons between HIP-
HOP and SOPHY-LONG, and Table VI lists the p-values
of the Wilcoxon’s test, in which the null hypothesis states
that both algorithms in comparison have similar performances.
From the comparison results, we observe that with more search
effort, the performances of SOPHY could be improved over
several instances. For example, when we compare the %err

of HIP-HOP and SOPHY-LONG over p-median instances
[see Fig. 11(b)], the statistical test confirms that HIP-HOP
outperforms SOPHY-LONG. However, the confidence level
decreases to 90% (0.05<p-value<0.1). HIP-HOP also per-
forms better than SOPHY-LONG in other comparison scenar-
ios, except when we compare the %gap of the two algorithms
over Ising Spin Glass instances [see Fig. 10(a)]. In this case,
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Fig. 11. %err comparison, HIP-HOP versus SOPHY-LONG. (a) Ising spin
glass instances. (b) p-median instances.

TABLE VI

p-Value Obtained by Paired Wilcoxon’s Signed Rank Test,

HIP-HOP Versus SOPHY-LONG

the null hypothesis could not be rejected, which means that the
two algorithms perform similarly over this problem domain. In
summary, the statistical test implies that HIP-HOP compares
favorably to, or at least similar as SOPHY, even if more
search effort is assigned to SOPHY. To further investigate the
dynamic characteristics of HIP-HOP and SOPHY, we would
examine the efficiency characteristics of the two algorithms,
by comparing the runtime behavior of HIP-HOP with that of
SOPHY.

To achieve this, the runtime distribution analysis is in-
troduced. More specifically, the analysis is conducted over
two typical instances, i.e., 19×19-3 for the Ising spin glass
problem, as well as fl1400 with p = 500 for the p-median
problem, respectively. Given an instance, the runtime distri-
bution is illustrated as follows. Each algorithm is executed
for 100 independent trials. For both HIP-HOP and SOPHY,
the parameters in the high level strategy are set with respect
to Table I, except for the stopping criterion. In the runtime
distribution analysis, the stopping criterion is changed from the
maximum number of local search executions to the maximum
cut off time (50s for the Ising spin glass problem, and 1000s
for the p-median problem, respectively). Besides, the LLH
parameters are set with respect to Tables II and III.

For each algorithm, its runtime distribution is represented by
a set of cumulative probability distribution curves determined
from the 100 runs of each algorithm. For example, Fig. 12(a)
illustrates the runtime distribution curves of HIP-HOP and
SOPHY over the Ising spin glass instance 19×19-3. In the
plot, the x-axis specifies the runtime, the y-axis indicates the
upper bound threshold, and the z-axis represents the proba-
bility that the algorithm achieves the corresponding solution
quality threshold (denoted as prtd). For each algorithm, the
point (x, y, z) in the plot indicates after time x, the algorithm
could achieve the solution quality better than y above the best
known upper bound with probability z.

Taking the p-median instance fl1400 with p = 500 as an
example [see Fig. 12(b)], the following observations can be
drawn. First, for different values of threshold, the runtime

Fig. 12. Run-time distribution plots. (a) Ising spin glass, 19×19−3.
(b) p-meidan, fl1400, p = 500.

distribution curves of HIP-HOP and SOPHY exhibit similar
trend as time elapses. At the beginning of the search process,
the runtime distribution curves of HIP-HOP lie below those of
SOPHY. This phenomenon holds for most values of threshold.
For example, when the value of threshold equals to 0.1%, prtd

of HIP-HOP is always less than that of SOPHY before 90s.
This implies that HIP-HOP converges slower than SOPHY,
which is mainly due to the relatively high complexity of the
IPLLHs and the auxiliary routines in HIP-HOP. However, as
the search proceeds, HIP-HOP is able to achieve higher prtd

compared with SOPHY. For example, over fl1400 with p =
500, after 122s, the prtd of HIP-HOP is always higher than
SOPHY, when the value of threshold equals to 0.1%. Another
interesting observation is that, even if the threshold is very
small (e.g., 0.01%), prtd of HIP-HOP could still reach 31%,
while prtd of SOPHY is 0. This to some extent demonstrates
the effectiveness of the IPLLHs. Over the Ising spin glass
instance 19×19-3, similar observations could also be obtained.
Over these instances, HIP-HOP tends to less effective than
SOPHY for the beginning of the search process. However,
if given sufficient time, HIP-HOP is able to achieve better
solution quality.
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VII. Conclusion

In this paper, we systematically investigate how to incor-
porate the instance perturbation methodologies into hyper-
heuristics. In particular, we propose the HIP-HOP framework,
which combines the generality of hyper-heuristics and the po-
tential ability of instance characteristics exploitation provided
by the instance perturbation methodologies. The contributions
of this paper could be summarized as follows.

1) We propose a set of instance perturbation-based low
level heuristics (IPLLHs), which are able to provide
the diversification mechanisms, meanwhile provide an
interface of exploiting the information of the problem
instances.

2) We develop a grammar guided high level strategy. Un-
like many existing instance perturbation-based method-
ologies [13], [17] in which the perturbation schedules are
predetermined, with a simple grammar, the feasibility
constraints of the output solution could be implicitly
satisfied.

3) We demonstrate the generality of the HIP-HOP frame-
work by the applications to two problem domains, i.e.,
the Ising spin glass problem and the p-median problem.

4) Extensive experiments validate the effectiveness of the
framework. Comparisons with SOPHY, as well as the
state-of-the-art results demonstrate that HIP-HOP is able
to achieve competitive results over various benchmark
instances.

Despite the promising results and the generality of the
HIP-HOP framework, there are still several limitations within
the framework, which deserve more future work. For example,
in this paper, the complexity of the proposed IPLLHs is
relatively high, especially for the p-median problem. This
drawback might be overcome by mechanisms, such as the
surrogate model [53]. Meanwhile, in this paper, the LLH pa-
rameters are offline-tuned with an automatic tuning tool. In
the future, we shall investigate the impact of the online-
adaptation of the parameters [4]. Finally, we shall investigate
the possibility of combining the IPLLHs and the SPLLHs, using
methodologies, such as coevolution [54], hybridization, etc.
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