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Abstract. The Storage Location Assignment Problem (SLAP) is to find an op-
timal stock arrangement in a warehouse. This study presents a scalable method
for solving large-scale SLAPs utilizing Genetic Programming (GP) and two sam-
pling strategies. Given a large scale problem, a sub-problem is sampled from the
original problem for our GP method to learn an allocation rule (in the form of a
matching function). Then this rule can be applied to the original problem to gen-
erate solutions. By this approach, the allocation rule can be obtained in a much
shorter time. When sampling the problem, the representativeness is a key factor
that can largely affect the generalizability of the trained allocation rule. To investi-
gate the effect of representativeness, two sampling strategies, namely the random
sampling and filtered sampling, are proposed and compared in this paper. The
filtered sampling strategy adopts more information about the problem structure
to increase the similarity of the sampled problem and the entire problem. The re-
sults show that the filtered sampling performs significantly better than the random
sampling in terms of both solution quality and success rate (i.e., the probability
of generating feasible solutions for the large problem). The good performance
of filtered strategy indicates the importance of sample representativeness on the
scalability of the GP generated rules.

Keywords: Scalability, Storage Location Assignment Problem, Sampling Strat-
egy, Genetic Programming.

1 Introduction

The Storage Location Assignment Problem (SLAP) [1] is an important optimization
problem in warehouse management. It improves the overall operational efficiency (e.g.
space utilization [2], total picking effort [3], relocation effort [4] or peak picking load
[5]) by rearranging the inventory layout in warehouses. There are many factors to be
considered in this problem. The popularity of products is crucial and has been used
to determine whether a product can be placed to locations close to a loading zone or
not. Also, products frequently ordered simultaneously are considered to have stronger
demand dependencies and should be assigned to closer locations [6]. Other factors such
as picking strategies [7], resource availability [5] or warehouse maintenance cost [8]
may also be included and the problem can be extremely hard to solve.
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There are many approaches for solving SLAPs in literature. Comprehensive surveys
are presented in [1] and [9]. The majority of the work in this area is focused on find-
ing the exact location for each product in a warehouse. Deterministic methods such as
branch-and-bound have been successfully applied to small instances [10]. Stochastic
approaches such as Simulated Annealing [11], Tabu Search [4] or Genetic Algorithms
[12] are more widely used for larger problems to get near-optimal results. These meth-
ods usually find a good trade-off between solution quality and computational budget.
However, the solution found is only applicable to particular scenarios. In reality, the
scenario can change dramatically and frequently. To cope with such changes, one of-
ten has to repeat the whole optimization procedure and get a completely new solution.
Undoubtedly, this is expensive in both time and resource. As a result, a Genetic Pro-
gramming (GP) approach has recently been proposed, which searches in the space of
allocation rules in the form of matching functions instead of solutions for this problem
[13]. In this way, one can optimize the matching functions for the past or current sce-
narios, and then apply it to any future scenario to generate decent solutions efficiently.
In contrast to the traditional Integer Linear Programming (ILP), where the size of the
search space becomes prohibitive when the problem size reaches 400, the GP method
can still achieve good optimization performance. However, the average elapsed time
increases from around 300 seconds to about 1700 seconds when the number of items
increases from 400 to 900. In other words, the efficiency of this method deteriorates
rapidly with increasing problem size. Based on the above preliminary studies, large
scale problems are defined as the problems with more than 1000 items.

Unlike the solutions obtained by other methods in literature, the matching function
obtained by this GP approach is reusable and efficient and in most of the cases it can
get feasible and good solutions for similar sized unseen problems. In this paper, we
attempt to extend the GP approach to problems with distinct problem sizes and inves-
tigate the re-usability of the obtained matching function in this case. Specifically, a
subset of items is sampled from the entire item set to represent the original problem.
Then, the GP method is applied to the representative problem so as to obtain the allo-
cation rule in a much shorter time. Finally, the obtained allocation rule is applied to the
original problem to generate the corresponding solution for it. A similar approach has
been explored in [14] for bin packing problems on data drawn uniformly from one dis-
tribution. This experimental setup is not applicable when the representative problems
are sampled from the original problem. To investigate the representativeness of these
smaller problems, two sampling methods are developed and compared, namely the ran-
dom sampling and filtered sampling. As the name indicates, the random sampling is a
pure random sampling technique for the items. The filtered sampling, on the other hand,
filters the items based on some criteria before the sampling to obtain a more represen-
tative subset of items. The comparative results show that the filtered sampling performs
much better than the random sampling. This demonstrates the importance to consider
the characteristics of the representative problem when sampling the subset of items.

The rest of the paper is organized as follows: first, the problem description of SLAP
and the recently proposed GP approach are briefly introduced in Section 2. Section 3
discusses the two proposed sampling techniques that are used to generate the
representative problem. The experimental studies are carried out in Section 4. Finally,
the conclusions and future work are described in Section 5.
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2 Background

Our research is conducted in a warehouse storing garments. This section presents a brief
description of the problem and the recently proposed GP approach, which will be used
to solve the large-scale SLAPs in this paper.

2.1 Problem Description

Suppose we have a set of products, each consisting of a number of items in different col-
ors and sizes with their own picking frequencies, to be assigned to a set of locations in
the given warehouse. Intuitively, the same products are preferred to be stored together,
while putting items with huge popularity difference together can lead to inefficient so-
lutions. The grouping constraint was introduced to get rid of this dilemma by allowing
the split of one product into several subgroups so that they can be stored to different ar-
eas. The total picking-frequency-weighted distance is used as the approximation of the
overall picking effort. Frequently picked items are expected to be assigned to locations
that are closer to the loading zone of the warehouse. The Integer Linear Programming
(ILP) model [15] of the problem is stated in Eqs. (1) – (9).

min ς(x) =

N∑

i=1

N∑

l=1

2Pi (Vl +Hl)xil (1)
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Eq. (1) is the objective function, which is to minimize the total picking frequency-
weighted distance. Eqs. (2) and (3) indicate that each location is occupied by a unique
item. Eq. (4) means that each product can be split into at most two subgroups, where ysl
takes 1 if location l is the starting point of a subgroup of the product s, and 0 otherwise.
Eq. (5) ensures that items from the same subgroup are stored to adjacent locations,
where Ais equals 1 if item i belongs to product s, and 0 otherwise. Eq. (6) indicates
that the first bin of a shelf must be the staring point of a product. Eq. (7) is a tightening
constraint that states that the most popular item of a product is always at the start of a
subgroup. Finally Eq. (8) states that the start of a product group should actually have an
item from that product (this constraint is not strictly speaking necessary to get a valid
bound, but ensures that the y variables have the correct meaning). Table 1 lists all the
notations involved in this ILP model.

Table 1. Notations for the ILP Model

Notation Meaning Notation Meaning

i Index of items, i = 1, ...,N l Index of locations, l = 1, ...,N

s Index of products, s = 1, ..., S Pi Picking frequency of item i

M Number of shelves C Number of bins on a shelf

Vl Vertical distance of location l to the

loading zone

Hl Horizontal distance of location l to

the loading zone

Ais equals to 1 if item i is in product s;

0, otherwise.

Bis equals to 1 if item i is the most pop-

ular item in product s; 0, otherwise

xil equals 1 if item i is assigned to

location l, and 0 otherwise. (i =

1, ...,N ; l = 1, ...,N)

ysl equals 1 if location l is a starting

point of product s, and 0 otherwise.

(s = 1, ..., S; l = 1, ...,N)

2.2 A Genetic Programming Approach

The general idea of the GP approach is relatively simple. GP is used to evolve matching
functions which help to identify the most suitable subsets of product to an equally sized
set of locations. A matching function takes the set of items and consecutive locations
as input, and returns a value to reflect the degree of suitability to assign the given items
to the corresponding locations. Given a matching function, the solution is constructed
from scratch. At each step, the best-fit set of items to the nearest available location
is identified and allocated to the set of locations starting from the nearest available
location. The solution generation is completed after all the items have been assigned
into the locations. When evolving the matching functions, the fitness of a matching
function is set to the objective function value of the solution generated by it.

A standard tree-based representation is adopted by the GP. To handle item sets with
arbitrary size, statistical data of the picking frequencies of these items and distances
of locations to the loading zone are used as the terminal set of the GP method. Simple
arithmetic and logic operators are applied to connect these terminals to form the GP
tree. Details of this method can be found in [13].
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3 Methodology

The complexity of the optimization process of the allocation rule by GP depends on the
problem size, and is time consuming for large scale problems. Thus, it is impractical to
apply the proposed GP directly on the large scale problems. To address this scalability
issue, smaller sized problems are generated by sampling subsets of items out of the item
set of the original large scale problem as its representatives. The allocation rules are
evolved on the smaller sized representative problems, and then applied to the original
problems to obtain the solution. For example, given an 1000-item problem, one can
sample 200 items out of the total 1000 items to form a 200-item problem, and evolve
the allocation rules for this smaller problem by the GP. In this way, the allocation rule
can be obtained in a much shorter time.

As demonstrated in [13], the evolved allocation rules managed to obtain promising
performance on unseen problems with the same sizes. However, it is unknown whether
such property is maintained for those have different sizes, since the difference in prob-
lem size may lead to distinct problem structures, and thus different desirable properties
of the allocation rules. Therefore, one cannot guarantee that an allocation rule opti-
mized on smaller problems can be generalized well to larger problems. To evolve a
more generic allocation rule with better re-usability regardless of the problem size, we
propose and compare two sampling techniques, namely the random sampling and fil-
tered sampling, to generate representative problems for the original problem. Here, the
re-usability of an allocation rule is defined as its ability of getting feasible and high
quality solutions when applied to problems with different sizes.

3.1 Random Sampling

Random sampling is the most intuitive way of sampling. Given a list I of the items,
the algorithm of random sampling is as described in Algorithm 1. For example, given
the 8-item list shown in Table 2, a subset {1, 5} consisting of the first and fifth item
is randomly sampled. Ease of implementation is the main advantage of this method.
It simply places all the items in a giant sequence and picks the items randomly until
the size limitation Limit has been reached. The algorithm starts with an empty list X ,
the number of sampled items Limit and the original list of items. In each iteration,
a random number r is generated, and the rth item in the current item list is selected.
Then, the selected item is removed from the item list and is inserted into list X . The
procedure terminates after Limit iterations.

3.2 Filtered Sampling

In our previous study [13], we have observed the following behaviours of the proposed
GP:

1. It consistently obtained feasible solutions during the optimization.
2. It can obtain feasible and good solutions on most of the unseen problems.
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Table 2. Example Data Set

Item No. SKU Color Size Picking Frequency

1 AK001 BLACK S 221

2 AK001 BLACK M 1070

3 AK001 BLACK L 293

4 AK001 WHITE S 15

5 AK001 WHITE M 2200

6 AK001 WHITE L 378

7 BL78 BLUE XS 735

8 BL78 BLUE S 467

- - - - -

Algorithm 1. Random Sampling Procedure

1: Initialize an empty item list X;

2: Initialize Limit to a positive integer;

3: repeat

4: Assign r with a random number between [0 , size(I )];

5: Add Ir to item list X;

6: Remove Ir from I ;

7: Limit := Limit − 1;

8: until Limit == 0;

9: return X;

3. When there exists a product containing a large number of items, and if a smaller
number of items in this product is firstly picked and the rest is not allowed to be
split. Then none of the shelves is capable of holding the rest items without violating
any constraint. As a result, an infeasible solution occurs.

Based on the above observations, we deduce that the number of items in the products
plays an important role in the generalizability of the obtained allocation rule. In order
to increase the probability of obtaining an allocation rule that can deal with products
with a large number of items, a filtered sampling method is proposed to remove the
products with single item. It is described in Algorithm 2. In Step 3, products with one
item are firstly deleted as those products are not required to be split and thus can hardly
provide information for the learning procedure. In the algorithm, at each step, a set of
λ consecutive items are picked instead of only one item so as to increase the probabil-
ity of selecting the items in the same product. The parameter λ can be specified to a
sufficiently large integer, e.g., 20 or 30, in practice.

4 Experiments and Results

The test problems are generated from two raw data sets, each with more than 10, 000
items. Each raw data set is randomly split into five exclusive subsets of items, each



Scaling Up Solutions to Storage Location Assignment Problems 697

Algorithm 2. Filtered Sampling Procedure
1: Initialize X to an empty item list and I to the list of all items;

2: Initialize Limit to a positive integer;

3: Delete from I those products with only one item;

4: Initialize parameter λ;

5: inter = λ;

6: repeat

7: Assign r with a random number between [0 , size(I )− inter ];

8: Add Ir , ..., Ir+inter to item list X;

9: Remove Ir , ..., Ir+inter from I;

10: Limit := Limit − inter;

11: inter := min{inter , Limit};

12: until Limit == 0 ;

13: return X;

consisting of over 2, 000 items. Overall, 10 test problems have been generated for ex-
perimental studies, labelled from p1 to p10 (p1 ∼ p5 for the first raw data set, and
p6 ∼ p10 for the second). When sampling the subsets to form the representative prob-
lem for each test problem, the number of sampled items is set to 400. The sampling
is repeated five times and thus five representative problems are generated. During the
optimization process, the fitness of an allocation rule is defined as the average fitness of
the solutions generated by applying the rule to the five representative problems. Finally,
the obtained best-fit allocation rule is evaluated by applying it to the original problem
and calculating the objective value of the corresponding solution. Thirty independent
runs were conducted for each test problem, and the best, worst and average results are
recorded.

4.1 Random Sampling

Table 3 shows the experimental results for the random sampling method. It lists the
number of infeasible solutions obtained in the 30 independent runs and the best, worst
and average fitnesses achieved when applying the allocation rule obtained from the
representative problems to the original problem. For each test problem, the best known
fitness α is obtained by optimizing the allocation rules on the full problem without using
representative subproblems. It can be seen that on p6 ∼ p8, the obtained allocation
rules failed to get feasible solutions in all the 30 runs. p10 shows the best performance
in terms of feasibility. In terms of the percentage deviation of the best fitness from
the best-known fitness Diff α

Min , it can be observed that the random sampling obtained
promising results on p1, p3 and p5, which are less than 1%. Due to the high success
rate, the random sampling achieved the best average results on p10.
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Table 3. The Results of Random Sampling

Set α β Min Diff α
Min Max Diff α

Max Avg ± (Stdv) Diff α
Avg

p1 3059169 23 3078208 0.62% 6673130 118.14% 3716687.90 ± (3.48E05) 21.49%

p2 2977428 24 3029585 1.75% 3877362 30.23% 3133622.43 ± (2.73E06) 5.25%

p3 3092760 25 3120909 0.91% 4463370 44.32% 3254232.40 ± (5.10E06) 5.22%

p4 2912623 27 2943177 1.05% 4259747 46.25% 3036241.17 ± (1.91E06) 4.24%

p5 3114503 12 3130649 0.52% 10086239 223.85% 3530287.10 ± (1.42E05) 13.35%

p6 1900213 30 2337416 23.01% 3898660 105.17% 2788313.30 ± (9.90E05) 46.74%

p7 3265076 30 4135615 26.66% 17004364 420.80% 7389082.73 ± (1.92E05) 126.31%

p8 3686151 30 4339916 17.74% 23698704 542.91% 7331767.53 ± (2.32E05) 98.90%

p9 3400729 27 3436107 1.04% 13076871 284.53% 4313234.23 ± (2.38E05) 26.83%

p10 3006363 8 3059604 1.77% 3844230 27.87% 3118322.03 ± (1.32E06) 3.72%

1. α is the best fitness known so far, obtained by optimizing the set directly.
2. β is the number of infeasible solutions achieved in total 30 runs.
3. Diff B

A = A−B
B

× 100%.

4.2 Filtered Sampling

Tables 4 and 5 give the results using the filtered sampling method. Four experiments
with λ = 10, 20, 50 and 100 are conducted for each set to compare with random
sampling. The tables record the number of infeasible solutions in 30 runs for each set
and for each λ configuration. The λ value of the row for random sampling is denoted
by “−”. The minimum, maximum and average fitness values and the differences of
these fitnesses to the best known result for the corresponding test problem are also
calculated. In addition, some statistical data related to the representative problems are
presented for further discussion. Each representative problem is to allocate 400 items
into a warehouse with 8 shelves, each consisting of 50 bins.

To have a clearer understanding of the results in Table 4 and 5, we firstly compare the
overall performance of the random sampling method and the filtered sampling method.
Table 6 shows the average number of infeasible solutions, the average difference of the
best, worst and average fitness obtained by the filtered sampling with different λ set-
tings. It shows that the filtered sampling can get more feasible solutions in general. For
p1, p2, p3, p4, p5, p6 and p9, the number of infeasible solutions obtained by the filtered
sampling is nearly half of that of random sampling. In addition, the solution quality is
much better when using filtered sampling. This can be observed by columns Diff α

Min ,
Diff α

Max and Diff α
Avg as the filtered method consistently achieved smaller percentage

deviation from the best known results.
Then we investigate the impact of parameter λ on the performance of the method.

This parameter is used in Algorithm 2 to determine the size of chunks taken after ran-
domly selecting a start point in the data set. The larger the λ is set, the more likely it
can generate representative problems with products containing larger number of items.
This can be observed in Table 4 and 5 where γ3 increases with λ for most of the test
problems.
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Table 4. Performance Comparison Using Different Representative Problems Generated using
Different λ Configurations for Filtered Sampling Method

Results for the Original Sets Representative Problems

set λ β Min Diff α
Min Max Diff α

Max Avg Diff α
Avg γ1 γ2 γ3 γ4 γ5

p1

10 19 3049702 −0.31% 3256170 6.44% 3144771.80 2.80% 123.00 3.26 16.60 21 13

20 19 3044269 −0.49% 4719413 54.27% 3261829.43 6.62% 115.40 3.49 21.20 25 18

50 7 3031050 −0.92% 3106600 1.55% 3066181.73 0.23% 103.60 3.97 25.40 31 22

100 5 3046582 −0.41% 3100820 1.36% 3062909.17 0.12% 64.80 6.20 34.00 37 32

− 23 3078208 0.62% 6673130 118.14% 3716687.90 21.49% 210.20 1.92 8.20 9 8

p2

10 1 3004222 0.90% 3064512 2.92% 3037839.73 2.03% 130.80 3.07 16.20 21 11

20 4 2996131 0.63% 3051311 2.48% 3025666.50 1.62% 129.00 3.14 18.80 25 15

50 26 3020389 1.44% 3745966 25.81% 3145886.40 5.66% 125.40 3.29 18.40 22 15

100 7 2989703 0.41% 3072195 3.18% 3034130.20 1.90% 60.00 6.69 34.60 38 28

− 24 3029585 1.75% 3877362 30.23% 3133622.43 5.25% 202.40 1.99 8.20 10 7

p3

10 13 3109296 0.53% 4278922 38.35% 3223621.93 4.23% 134.40 2.99 13.40 17 11

20 10 3106868 0.46% 7285031 135.55% 3342338.00 8.07% 130.60 3.09 19.40 23 17

50 20 3099309 0.21% 3261410 5.45% 3177372.20 2.74% 124.40 3.24 18.40 28 15

100 13 3102046 0.30% 3756533 21.46% 3171127.93 2.53% 62.00 6.51 32.80 35 30

− 25 3120909 0.91% 4463370 44.32% 3254232.40 5.22% 204.80 1.97 8.80 11 7

p4

10 22 2926350 0.47% 3307064 13.54% 2990174.07 2.66% 134.60 2.97 15.60 18 12

20 22 2919410 0.23% 3177614 9.10% 2964727.20 1.79% 123.80 3.29 17.40 22 15

50 11 2926303 0.47% 3257099 11.83% 2962987.50 1.73% 122.80 3.30 22.20 28 17

100 3 2925870 0.45% 2967114 1.87% 2942840.63 1.04% 63.00 6.38 31.00 34 27

− 27 2943177 1.05% 4259747 46.25% 3036241.17 4.24% 213.60 1.89 8.60 10 7

p5

10 7 3129402 0.48% 3446347 10.65% 3161727.47 1.52% 132.80 3.05 15.60 18 12

20 7 3128977 0.46% 3403266 9.27% 3168708.33 1.74% 124.40 3.23 20.80 26 16

50 5 3131274 0.54% 3732355 19.84% 3166259.27 1.66% 127.60 3.20 21.00 33 16

100 1 3131965 0.56% 3165643 1.64% 3148795.97 1.10% 65.00 6.18 34.60 37 28

− 12 3130649 0.52% 10086239 223.85% 3530287.10 13.35% 211.60 1.91 8.00 9 7

1. For each representative problem, the number of products, the average number of items a product has and the maximum
number of items a product contains are already known and can be denoted as φ, ϕ and Ω correspondingly. γ1 is the average
of φ for 5 representative problems. γ2 is the average ϕ for 5 representative problems. γ3, γ4 and γ5 are respectively the
average, maximum and minimum of Ω.
2. The definition for α, β and Diff are the same as in Table 3.

The assumption of proposing filtered sampling is that the GP method can learn to
deal with grouping constraints if enough information is provided in representative prob-
lems. In other words, when the representative problems include products containing a
larger number of items, the GP method can handle the grouping constraint better. The
results shown in Tables 4 and 5 are consistent with this assumption. For each of the test
problems, we have four rows for different λ configuration in filtered sampling. In terms
of β, Diff Min

α ,Diff α
Max and Diff α

Avg , the row with the smallest value is considered as
the winner. The comparative results are shown in Table 7. It is obvious that λ = 100 ob-
tained the best performance, as it was the winner for 7 out of the total 10 test problems
in terms of β, Diff α

Max and Diff α
Avg .
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Table 5. Performance Comparison Using Different Representative Problems Generated using
Different λ Configurations for Filtered Sampling Method (Cont.)

Results for the Original Sets Representative Problems

Set λ β Min Diff α
Min Max Diff α

Max Avg Diff α
Avg γ1 γ2 γ3 γ4 γ5

p6

10 30 2015539 6.07% 3338767 75.70% 2853695.37 50.18% 74.40 5.39 25.40 31 21

20 20 1911381 0.59% 2709338 42.58% 2008070.67 5.68% 66.40 6.07 28.40 40 23

50 15 1923527 1.23% 2034104 7.05% 1953522.73 2.81% 57.20 7.28 42.20 52 29

100 4 1924827 1.30% 4206497 121.37% 2024823.67 6.56% 25.60 15.77 69.40 77 57

− 30 2337416 23.01% 3898660 105.17% 2788313.30 46.74% 107.60 3.75 16.60 19 15

p7

10 30 3386434 3.72% 13010004 298.46% 5235240.37 60.34% 60.20 6.66 33.00 38 29

20 30 3348193 2.55% 8896970 172.49% 4538060.60 38.99% 59.20 6.86 39.60 53 28

50 30 3285883 0.64% 6158601 88.62% 3900587.93 19.46% 50.60 8.25 52.80 66 41

100 24 3325634 1.85% 5276951 61.62% 3624195.83 11.00% 21.80 18.51 85.20 100 70

− 30 4135615 26.66% 17004364 420.80% 7389082.73 126.31% 83.80 4.81 23.80 31 19

p8

10 30 4004036 8.62% 26155280 609.56% 6869958.07 86.37% 47.00 8.52 35.40 47 27

20 30 3908860 6.04% 23733476 543.86% 6821483.63 85.06% 47.20 8.55 35.40 43 30

50 30 3797211 3.01% 14658422 297.66% 5387505.03 46.16% 41.60 9.91 50.60 55 44

100 18 3873500 5.08% 6886889 86.83% 4343174.63 17.82% 17.40 23.07 82.60 92 76

− 30 4339916 17.74% 23698704 542.91% 7331767.53 98.90% 54.40 7.41 20.80 22 20

p9

10 7 3428812 0.83% 4178877 22.88% 3485899.07 2.50% 85.40 4.69 22.80 30 19

20 10 3415128 0.42% 3690611 8.52% 3454856.63 1.59% 76.00 5.33 29.00 39 23

50 10 3414876 0.42% 3830894 12.65% 3472938.93 2.12% 91.80 4.38 29.40 33 23

100 6 3425275 0.72% 3606875 6.06% 3460712.57 1.76% 33.40 12.22 65.40 74 54

− 27 3436107 1.04% 13076871 284.53% 4313234.23 26.83% 128.00 3.15 16.20 21 14

p10

10 6 3041814 1.18% 3476412 15.64% 3083405.33 2.56% 127.60 3.15 15.00 21 12

20 12 3028730 0.74% 3555192 18.26% 3097883.93 3.04% 128.60 3.17 16.00 20 14

50 14 3027124 0.69% 3709570 23.39% 3089759.90 2.77% 106.20 3.90 22.00 27 18

100 11 3022651 0.54% 3097094 3.02% 3049117.07 1.42% 63.60 6.34 31.60 38 30

− 8 3059604 1.77% 3844230 27.87% 3118322.03 3.72% 213.00 1.89 8.60 10 8

1. For each representative problem, the number of products, the average number of items a product has and the maximum
number of items a product contains are already known and can be denoted as φ, ϕ and Ω correspondingly. γ1 is the average
of φ for 5 representative problems. γ2 is the average ϕ for 5 representative problems. γ3, γ4 and γ5 are respectively the
average, maximum and minimum of Ω.
2. The definition for α, β and Diff are the same as in Table 3.

In summary, the experimental studies demonstrate that the filtered sampling strategy
performs much better than random sampling on the large scale test problems in terms
of both the capability of generating feasible solutions and the quality of the generated
solutions. The improvement of the filtered sampling with increasing λ values indicates
the importance of keeping products with larger numbers of items in the representative
problems. In other words, the consistency in the product size is playing an important
role in retaining the re-usability of the allocation rules obtained by the GP approach.
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Table 6. Comparison of Overall Performance of Random and Filtered Sampling

No.
Average of Filtered Sampling (λ = 10, 20, 50, 100) / Random Sampling

β Diff α
Min Diff α

Max Diff α
Avg

p1 12.5 / 23 −0.53% / 0.62% 15.91% / 118.14% 2.44% / 21.49%

p2 9.5 / 24 0.85% / 1.75% 8.60% / 30.23% 2.80% / 5.25%

p3 14 / 25 0.38% / 0.91% 50.20% / 44.32% 4.39% / 5.22%

p4 14.5 / 27 0.41% / 1.05% 9.08% / 46.25% 1.80% / 4.24%

p5 5 / 12 0.51% / 0.52% 10.35% / 223.85% 1.50% / 13.35%

p6 17.25 / 30 2.29% / 23.01% 61.68% / 105.17% 16.30% / 46.74%

p7 28.5 / 30 2.19% / 26.66% 155.30% / 420.80% 32.45% / 126.31%

p8 27 / 30 5.69% / 17.74% 384.48% / 542.91% 58.85% / 98.90%

p9 8.25 / 27 0.60% / 1.04% 12.53% / 284.53% 2.00% / 26.83%

p10 10.75 / 8 0.79% / 1.77% 15.07% / 27.87% 2.45% / 3.72%

1. The definition for α, β and Diff are the same as in Table 3.

Table 7. Numbers of Wins for Different λ Configuration

λ β Diff α
Min Diff α

Max Diff α
Avg

10 2 0 0 0

20 1 3 1 2

50 0 5 2 1

100 7 2 7 7

1. The definition for α, β and Diff are the

same as in Table 3.

5 Conclusions and Future Work

This paper extends the GP approach with two sampling methods to solve a SLAP with
grouping constraints. It adopts a relatively simple concept of generalization from sub-
problem to the original problem for the purpose of using the GP approach for handling
large-scale SLAPs efficiently. The major idea is to evolve the allocation rules on smaller
sized representative problems sampled from the original problem. Two sampling meth-
ods, random sampling and filtered sampling, are developed to generate the representa-
tive problems. This paper conducts a comprehensive experimental study of these two
sampling methods and the results demonstrate that the filtered sampling performs better
in terms of both feasibility and solution quality. It also shows that the GP method can
learn to deal with hard constraints regardless of the problem size if adequate critical
information is provided.

In future, several possible extensions of this study could be developed. The size of
products in representative problems has been identified as an important factor for the re-
usability of the allocation rules obtained by the GP method in this paper. More factors
are to be determined to develop an automatic procedure for generating better representa-
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tive problems. For example, the size of representative problems affects the efficiency of
the training procedure and the performance of the evolved allocation rules. Besides, the
proposed method has only applied to a SLAP with grouping constraints. More realistic
models are to be developed by including the constraints that have not been considered
in the current model. For example, more accurate approximations of operational effort
rather than the simple picking-frequency-weighted distance will be designed in the fu-
ture. This can be achieved by using order information instead of picking frequency. We
may also consider routing problems in warehouse instead of simply Manhattan distance
between two points. In addition, developing new techniques for solving this problem in
dynamic environments is another promising direction.
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