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ABSTRACT
The bin packing problem is one of the most fundamental optimiza-

tion problems. Owing to its hardness as a combinatorial optimiza-

tion problem class and its wide range of applications in different

domains, different variations of the problem are emerged and many

heuristics have been proposed for obtaining approximate solutions.

In this paper, we solve aMulti-Level Bin Packing (MLBP) prob-
lem in the real make-to-order industry scenario. Existing solutions

are not applicable to the problem due to: 1. the final packing may

consist multiple levels of sub-packings; 2. the geometry shapes of

objects as well as the packing constraints may be unknown. We

design an automatic packing framework which extracts the packing

knowledge from historical records to support packing without ge-

ometry shape and constraint information. Furthermore, we propose

a dynamic programming approach to find the optimal solution for

normal size problems; and a heuristic multi-level fuzzy-matching

algorithm for large size problems. An inverted index is used to ac-

celerate strategy search. The proposed auto packing framework has

been deployed in Huawei Process & Engineering System to assist

the packing engineers. It achieves a performance of accelerating

the execution time of processing 5, 000 packing orders to about 8

minutes with an average successful packing rate as 80.54%, which

releases at least 30% workloads of packing workers.

CCS CONCEPTS
• Applied computing → Industry and manufacturing; De-
cision analysis; • Computing methodologies → Planning and
scheduling; Search methodologies.

KEYWORDS
Multi-level bin packing; Data-driven; Dynamic programming; Fuzzy

matching

Permission to make digital or hard copies of all or part of this work for personal or

classroom use is granted without fee provided that copies are not made or distributed

for profit or commercial advantage and that copies bear this notice and the full citation

on the first page. Copyrights for components of this work owned by others than ACM

must be honored. Abstracting with credit is permitted. To copy otherwise, or republish,

to post on servers or to redistribute to lists, requires prior specific permission and/or a

fee. Request permissions from permissions@acm.org.

KDD ’19, August 4–8, 2019, Anchorage, AK, USA
© 2019 Association for Computing Machinery.

ACM ISBN 978-1-4503-6201-6/19/08. . . $15.00

https://doi.org/10.1145/3292500.3330708

Figure 1: A real-life packing scenario
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1 INTRODUCTION
Making superior packing plans efficiently is of crucial importance

in implementing seamless business logistics, which is one of the

key elements in keeping pace with customer demands and provides

a competitive edge against other organizations. To this end, enter-

prises, especially in the fields of courier and manufacture, employ

many workers specialized in doing packing jobs. Humans usually

do packings in a trial-and-error process. Thus, manual packing

highly depends on the experience that the workers have and their

knowledge about the packing criteria and estimating the sizes of

the items. An experienced packing worker may need 1 or 2 trials to

successfully configure a packing plan for an order. Moreover, the

training period for a job-qualified packing worker could take more

than 3 months. Enabling auto-packing is therefore of great signifi-

cance to improve the efficiency of the logistics in enterprises, which

further helps to improve their profits, maintain their competitive

edges and build good consumer relations.

The bin packing problem is one of the most fundamental prob-

lems in optimization. Besides the application in logistics transporta-

tion [19], it has wide applications in domains including job sched-

uling, financial stock decisions, computer memory management,

etc. Due to various problem settings and constraints in different

applications, many variants of the bin packing problems have been

studied. The general form of the problem is to consider sets of items

and item-holding objects called bins and aim to group items in
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a way that they all fit into a number of bins, while some certain

constraints hold and a cost function is optimized.

In this paper, we solve a multi-level bin packing problem in

real-life scenarios, where the bins are divided into multiple levels

according to their materials and volumes. Lower level bins can be

packed into higher level ones and items can be packed into each

level of the bins. The task of MLBP is to pack a set of items into a set

of the highest level bins, namely SPU (Standard Product Unit) bins,
where inside each such a bin, there could exist lower level bins,

namely SKU (Stock Keeping Unit) bins that are used to protect the

items or group the items together. In addition to the more complex

packing structure, two more challenges exist in real-life packing

scenarios. One is that, unlike the assumption in most literatures,

the exact space that an item occupies in a bin is usually unknown.

This is because that items could be of irregular shape (see Fig. 1 as

an example) and accessories such as molded foam and bubble wrap

are usually packed together with the items to keep them safe from

damage. The other challenge is that, rather than the cost, more

factors need to be considered in real-life packings, such as various

rules and restrictions on the accommodation of items , balance of

the weight of each bin, customer preferences, etc.
Taking all the aspects of the real-life packing problem into con-

sideration and solve it by a traditional algorithm is impossible.

Fortunately, like the packing pipeline in Huawei, historical packing

data by specialized workers may exist, which contains a wealth of

information about the packing constraints and objectives. Taking

advantage of the historical manual packing data, we study the real-

life MLBP problem from a data-driven perspective and propose a

light-weight approach to solve it. Moreover, we apply crowdsourc-

ing to leave packing problem instances whose packing plans cannot

be derived from historical records, e.g., packing brand new items,

to specialized workers for manual packing, where the solution plan

can then further enrich the historical packing database.

The contributions made in this paper are summarized as follows:

• To the best of our knowledge, we are the first to study the

packing problem from a data-driven perspective, where we

use historical packing records to guide future packings.

• We solve the packing scenario in real applications, where

the final packing consists of multiple levels of sub-packings.

The solution is able to integrate the packing requirements

and objectives that human experts consider and is able to

support packings for items with unknown sizes.

• We propose a dynamic programming algorithm to find op-

timal solutions for the packing problem with normal sizes.

And we propose a heuristic multi-level matching algorithm

to deal with problems with large sizes more efficiently.

• We reduce the historical record database (search space) by

processing a skyline query and we build an inverted index

to accelerate the processing.

• We deploy the proposed algorithms on the packing line in

Huawei Process & Engineering System. The results demon-

strate the efficiency and effectiveness of the proposed al-

gorithms, by achieving a performance of accelerating the

execution time of processing 5, 000 packing orders to about

8 minutes with an average successful packing rate as 80.54%,

that is, a releasing of more than 30% packing workers.

2 RELATEDWORK
The bin packing problem is one of the earliest problems concerned

in the literature of operations research. It is one of the well-known

combinatorial NP-hard problems [1] in computational complexity

theory. The bin packing is usually defined as packing a set of items

into a number of item-holding objects named as bins such that

the dimension and capacity constraint of each bin holds, while a

cost function is optimized. The cost function could be minimizing

the number of used bins, the wasted bin space or the cost of bins,

etc. The problem has many variations, which can be classified into

different categories from different perspectives [5]. According to the

number of dimensions, the bin packing problems can be classified

into 1D [7, 17], 2D [2] and 3D [10, 13, 18]. Depending on whether

the items and bins are known in advance, there are on-line [4] and

off-line [13, 16] problems. It can also be categorized into single-

sized [15] and variable-sized problems [6, 9] by the types of bins.

Different algorithms have been proposed to solve bin packing

problems in different settings. The exact algorithms usually model

bin packing problems as integer programming and then solve them

using branch and bound techniques. As a set of NP hard prob-

lems [1], the exact algorithms are only applicable in problems with

small sizes [3, 18]. More algorithms [4, 9] aim to find sub-optimal

solutions in short response time using approximate algorithms,

which typically lie in the following categories. One class of the

algorithms is to design some greedy heuristic strategies, such as

Next-fit, Best-fit [11], the wall building algorithm [7], etc. Another
class of the algorithms is to use meta-heuristic to guide the search

of near-optimal solutions, such as Tabu Search [14] and Genetic Al-

gorithm [8, 12]. More recently, there emerges a class of algorithms

that adapt artificial intelligence and machine learning techniques to

solve different bin packing problem instances [10, 13, 15, 17]. The

AI/ML techniques are usually used in the form of training classi-

fication/regression models for the selection of different heuristic

strategies or measuring the quality of a candidate solution.

However, real-life packing problems are much more complex

than those studied in the literature. Multiple levels of sub-packings

could be required. The exact item volumes, packing constraints and

optimization objectives cannot be explicitly expressed. No existing

work can be directly used. Fortunately, specialized packing workers

can take the packing criteria (e.g., accommodation rules, maximum

weight constraint, fragile item packing rules, customer preferences,

etc.) into consideration and make certain-degree optimal packing

plans. In this paper, we consider the case that manual historical

packing data is available. This is applicable in many scenarios as

long as packing is not a brand new business for them. The con-

straints and objectives of the real-life packing problems are veiled

in the historical data. Instead of making packing plans from scratch,

we do packing for future packing orders based on the historical

packing records. To the best of our knowledge, we are the first to

study the bin packing problem from a data-driven perspective.

3 PROBLEM FORMULATION
3.1 Multi-level Bin Packing Problem
Consider an item set I and a bin set B. The bins in B are divided

into two categories, i.e., SPU bins and SKU bins. An SPU bin is

known as a Standard Product Unit. An SPU is the most outside level
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SPU

SKU

A Packing Order

O =< (t1; 3); (t2; 6); t(t3; 4) >

< (t1; 2) >

< (t2; 2); (t3; 1) > < (t2; 4) >

< (t1; 1) >

< (t3; 3) >

B1 B1 B2

B3
B3 B4

Figure 2: An Example Multi-Level Bin Packing

a packing. These bins can be directly shipped. SKU bins are referred

as Stock Keeping Units. They are middle levels of a packing. An

SKU bin is used to protect items that cannot be directly put into

SPU s; or grouping a set of items together in the packing. An SKU
bin needs to be packed into SPU bins for shipment. For the ease of

presentation, we consider the MLBP problem of 2 levels, meaning

that there exists no SKU bins packed in another SKU bin. Note that

the algorithms and optimizations proposed in this paper can be

easily adapted to support packing cases with more levels.

Definition 1. Packing Order. A packing order lists a set of
items and the number of each item to be packed. It is defined as
O =< (ti ,qi )|i ∈ N

+ >, where ti denotes an item and qi denotes its
quantity.

Definition 2. Packing Plan. A packing plan P describes the
detailed packing configuration for a packing order O . It determines
how the items are grouped and packed into SPU/SKU bins.

A packing plan for a given packing order is a set of trees, where

the root node of each tree is an SPU bin, the internal nodes are

SKU bins, and the leaf nodes are items.

Example 1. Fig. 2 illustrates an example of a packing plan for a
packing order. The order asks to pack 3 of the item t1, 6 of the item t2
and 4 of the item t3, respectively, where B1, B2 are two different SPU
bins and B3, B4 are two types of SKU bins. The packing plan for the
order is of tree structures. As we can see, the plan uses 3 SPU bins, i.e.,
two B1 bins and one B2 bin. The first B1 SPU bin directly packs 2 t1
items. The second B1 bin packs 2 B3 SKU bins, where one B3 bin is
packed with 2 t2 items and 1 t3 item and the other packs 4 t2 items.
The last SPU bin B2 packs 1 t1 item and a B4 SKU bin, where B4 is
packed with 3 t3 items.

Definition 3. Packing Cost. The packing cost defines the total
cost of a packing plan. Given a packing plan P , the packing cost of P
could be measured by a cost function, e.g., a cost function considering
the total prices of the used bins can be defined as follows: Cost(P) =
Σ∀b ∈SPU∪SKU price(b).

Definition 4. Multi-level Bin Packing Problem.Given a pack-
ing order O , the MLBP problem is to find the packing plan P for O
with the minimum cost according to a cost function while all packing
constraints are satisfied.

Theorem 1. The multi-level bin packing problem is NP-hard.

3.2 Problem Analysis
Given a packing order O =< (ti ,qi )|i ∈ N

+ >, to answer a MLBP

problem, a straight-forward method is to divide the packing order

into several subsets and test if each subset can fit into SPU /SKU
bins; then among all different divisions that all subsets satisfy all

constraints, return the one with the minimal cost w.r.t. a cost func-
tion. This approach is obviously inapplicable, since it needs to

exhaustively test all combinations of the packing order. Moreover,

the test of if a set of items can fit into a bin may incur the mea-

surement of item sizes. The order/position of each item needs to

be considered and even a real packing trial may be needed to test

the fitness. Meanwhile, the consideration of accommodation rules,

balancing, etc, could make it more complex. Taking all these aspects

into consideration makes the packing problem unsolvable.

An obvious thoughtless in traditional packing algorithms is that

the existing packing records which contain a wealth of knowledge

are not used. We consider the packing problem from a data-driven
perspective.

Definition 5. Packing Record. A packing record is a packing
plan for a packing order in the history.

We remark that the detailed packing knowledge, such as the

location, the orientation and the protecting accessories of each item,

can also be stored in the packing record. As for a MLBP problem,

a packing record can be further divided into three level, i.e., Order
level, SPU level and the SKU level. See Fig. 2 as an example. In Order
level, we can observe the whole packing plan for the packing order

< (t1, 3), (t2, 6), (t3, 4) >. In SPU level level, we know that the SPU
bin B1 is able to pack < (t1, 2) > or < (t2, 6), (t3, 1) >, and the SPU
bin B2 is able to pack < (t1, 1), (t3, 4) >. And in the SKU level, we
observe that, the SKU bin B3 is able to pack < (t2, 2), (t3, 1) > or

< (t2, 4) >, and the SKU bin B4 is able to pack < (t3, 3) >.

Theorem 2. Given a historical packing plan P regarding a packing
orderO =< (ti ,qi )|i ∈ N+ >, a new packing orderO ′ =< (t ′i ,q

′
i )|i ∈

N+ > can definitely be packed with P if ∀t ′i ∈ O
′, t ′i ∈ O

∧
q′i ≤ qi .

Theorem 2 inspires a way to determine if a set of items can fit

into a bin without explicitly knowing the item sizes and packing

constraints, etc. The rationality of considering the historical pack-

ing records as a guidance can be supported by the following aspects.

First, the packing plans in the history are made by specialized pack-

ing workers. We could make the assumption that these historical

packing plans are "optimal" for the historical packing orders, where
the capacity constraint, accommodation rules and other hidden

constraints that we don’t realized are satisfied. Second, in industry

scenarios, large numbers of future orders have identical or similar

orders as well as their packing plans exist in the history. Only small

proportion of orders are brand new. For these new orders, we pass

them to specialized packing workers for manual packing. A nice

property is that, such a manual packing only needs to be processed

once, and its result can be inserted to the historical packing record

database to further guide the future packings.

4 A DYNAMIC PROGRAMMING APPROACH
Theorem 2 introduces a way to determine whether a set of items can

be packed into a bin or with a packing plan. However, the baseline

algorithm still needs to try all possible subsets, which is obviously
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Algorithm 1 State Encoder and Decoder

Function Encode(Packing Order O ,multi-d State ®s
1: num←

∏|O |
i=1(O .qi + 1)

2: s ← 0

3: for i = 1 to |O | do
4: num ← num/(O .qi + 1)
5: s ← s + num ∗ ®s .qi
6: return s

Function Decode(Packing Order O , 1-d State s )
7: num←

∏|O |
i=1(O .qi + 1)

8: for i = 1 to |O | do
9: num ← num/(o .qi + 1)
10: ®s .qi ← s div num
11: s ← s mod num
12: return ®s

computationally intensive. In this section, we introduce a dynamic

programming algorithm towards solving the MLBP problem.

4.1 Dynamic Programming
The main idea of dynamic programming is to build up the solution

for a complex problem from the answers to its sub problems. Since

the detailed pack plan about SKU bins can be inherited from that

of their father nodes, i.e., SPU bins, in the packing plan tree. We

now focus on how to divide a packing order into SPU s, such that

the total cost of the final packing plan is minimized.

After a packing order O =< (t1,q1), (t2,q2), ..., (tm,qm ) > is

specified, we can focus only on the items that in O then. As such,

the packing order O can be represented as am-dimensional vector,

i.e., ®sO =< O .q1,O .q2, ...,O .qm >, meaning that it asks to pack the

corresponding numbers of items t1, t2, ..., tm , respectively. Similarly,

by ignoring the detailed packing tree structures, each existing SPU
level packing record p can be represented w.r.t. the packing order as
amap from a SPU bin to a quantity vector, i.e., (B, < q1,q2, ...,qm >),
meaning that the SPU bin B is able to pack q1, q2,..., qm numbers

of t1, t2,..., tm , respectively. Let f (®s) denote the minimum cost of

packing the items in ®s . The Bellman Equation for computing f (®s)
can be written as follows:

f (®s) = min

p∈D
(Cost (p)

+ f (< max(®s .q1 − ®p .q1, 0), ...,max(®s .qm − ®p .q′m , 0) >)),
(1)

where p = (B, ®p), D is the whole database of the SPU level packing

records andCost(p)measures the cost of the packing plan. The cost

can be measured from the perspective of total prices, number of

used bins, or wasted space, etc. And the cost can be considered as

the SPU bin’s cost adding the costs of the SKU bins in the subtree.

As the number of different items varies in different packing

orders, to make the algorithm generally applicable with different

numbers of item types, we compress the multi-dimensional states

into 1-dimension ones. The goal is to find the packing plan for

the state of the packing order, i.e., ®sO =< O .q1,O .q2, ...,O .qm >.
Thus, we only need to consider the previous states of ®sO , i.e., {<
q1,q2, ...,qm > |0 ≤ qi ≤ O .qi , 0 ≤ i ≤ m}, where exists in total∏ |O |

i=1(O .qi + 1) states. The compression of the multi-dimension

states into 1-dimension is actually to number the states from 0

to

∏ |O |
i=1(O .qi + 1) − 1. The pseudo code of encoding the multi-

dimensional states is given in Function Enocde(), Algorithm 1. The

Algorithm 2 Dynamic Programming

INPUT: Historical SPU level Packing Plan Database D ,

Packing Order O =< (t1, q1), (t2, q2), ..., (tm , qm ) >
OUTPUT: The packing plan for O
1: ®sO ←< q1, q2, ..., qm >

2: num←
∏|O |
i=1(qi + 1)

3: initialize f [i], ∀1 ≤ i < num, with a maximum default value Ĉ
4: f [0] ← 0

5: for s = 0 to num − 1 do
6: if f [s] < Ĉ
7: ®s ← Decode(O , s)
8: for each SPU packing plan (B, ®p) in D
9: ®s ′ ← ®s + ®p
10: if ®s ′ $ ®sO
11: ®s ′ .qi ← min( ®s ′ .qi , ®sO .qi ), 0 < i ≤ m
12: s ′ ← Encode(O , ®s ′)
13: if f [s] +Cost ( ®p) < f [s ′]
14: f [s ′] ← f [s] +Cost ( ®p)
15: h[s ′] ← s
16: b[s ′] ← B
17: s ← num − 1
18: ans ← set ()
19: while s , 0

20: ®p ← Decode(O , s) − Decode(O , h[s])
21: ans .add ((b[s], ®p))
22: s ← h[s]
23: return ans

decoding works reversely and the pseudo-code is also given in

Function Decode(), Algorithm 1.

With encoding/decoding of the states, the Bellman Equation of

the dynamic programming algorithm can be rewritten as:

f (s) = min

p∈P
(f (Decode(s) − ®p) +Cost (p)) (2)

Based on all the above, we give the dynamic programming algo-

rithm in Algorithm 2. It takes as input the historical packing plan

database D and a query packing orderO , and it returns the packing

plan for O , i.e., the assignment of items to each of the SPU bins

that achieves the minimum total cost. First, we compute the state

space, and initialize the cost of the start state as 0 and that of the

other states with a maximum default value (Line 2–4). We present

a forward DP implementation of the problem. We traverse all the

states in ascending order (Line 5). For each state, we scan each

historical SPU record (B, ®p) to see if we next use the SPU packing

plan can achieve a smaller cost for the future state. A smaller cost

can always be achieved by sufficiently use the current SPU bin

B, i.e., packing as many items as the packing record into the SPU
bin. Thus, we only need to check the future state ®s ′ ← ®s + ®p (Line

9). Since the dynamic programming algorithm considers previous

states of ®sO , we make sure that every dimension of ®s ′ is ≤ that of

®so (Line 10–12 ). It is reasonable in doing so, as some of the bins

can be partially packed. For the convenience of backtracking the

SPU bins and their packing configurations, when update a better

cost for the future state ®s ′, we also record its previous state ®s that
leads to the better cost (Line 15) and the bin used to pack items

represented in ®s ′ − ®s (Line 16). With all these, after the forward DP

process, we can easily traceback the path that leads to the smallest

cost and obtain the assignment of items to each bin (Line 17–22).

Theorem 3. Let O =< (t1,q1), (t2,q2), ..., (tm,qm ) > denote a
packing order and let D be the database of SPU level packing records
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Figure 3: Structure of the inverted index

regarding the items in O . The time complexity of the dynamic pro-
gramming algorithm is O(|D | ·

∏ |O |
i=1(qi + 1) · |O |).

4.2 Optimizations
4.2.1 Inverted Index. After receiving a packing orderO =< (t1,q1),
(t2,q2), ..., (tm,qm ) >, we actually only need to consider those

packing records w.r.t. the items in O , i.e., D ′ = {p |p ∈ D ∧ (∃t ∈
O, t ∈ p)}, rather than the whole SPU level packing record database

D. Instead of scanning the whole database, we build an inverted

index to retrieve the related records in D ′ more efficiently. Fig. 3

illustrates the structure of the index. There is a 3-level "tree" for each

item in the index, where the first level is the item itself, the second

level refers to different quantities that the item packed in different

records, and the third level contains 3 posting lists denoting that the

corresponding number of the items are packed in packing records

in Order, SPU, and SKU levels, respectively. To avoid duplicated

storage, the posting lists only store links that point to the addresses

of the corresponding packing records in each level. Hash is used to

directly locate the index tree of a specific item. The inverted index

can support both in-memory and disk-resident implementations.

With such an index, the related SPU level record set D ′ can be

retrieved as the union set of the records in SPU level posting lists

for each item in the query packing order O , where the maximum

time complexity is O(|O | · |D ′ |).

4.2.2 Skyline. Intuitively, given two packing records p1 and p2, if
p1 packs more items than p2 but with a smaller cost, we can say

that the packing record p1 is better than p2. Using both p1 and p2 as
guidances can achieve no better packing plans for a query packing

order than just using p1. We formally define this "better" as follows.

Definition 6. Dominance Relationship. Given two packing
records p1 = (B1, ®p1) and p2 = (B2, ®p2), we say that the packing
record p1 dominates p2 if Cost(p1) < Cost(p2) ∧ ∀i ∈ [1,m], ®p1.qi ≥
®p2.qi ; or Cost(p1) = Cost(p2) ∧ ∀i ∈ [1,m], ®p1.qi ≥ ®p2.qi ∧ ∃i ∈
[1,m], ®p1.qi > ®p2.qi .

Definition 7. Skyline PackingRecords.Given a packing record
database D, the skyline packing records in D are those records that
are not dominated by any other record in D.

Given a packing record O , we further reduce the packing record

database as the skyline records of its related record set D ′.

4.2.3 Greatest Common Divisor. The dynamic algorithm explores

each previous state of ®sO . For each state, a scan of related historical

packing records is needed. The previous optimizations accelerate

the retrieval of the record database and reduce its size. We now

present that the number of states to visit can also be reduced.

Let
®дcd denote am-dimensional vector, where

®дcd .qi is the great-
est common divisor of {®p.qi | ®p ∈ D

′}. We reduce the states by re-

place each dimension of each packing record vector ®p with

®p .qi
®дcd .qi

;

and each dimension of the query packing order vector ®sO is updated

as ⌈
®sO .qi
®дcd .qi

⌉.

Orders have similarities in real-life applications. Some item may

be required to be sold or packed with the smallest batch quantity.

The greatest common divisor of the quantities of an item in histor-

ical records can be greater than 1 or even much larger. Thus, the

optimization is able to reduce the states to visit.

5 A MULTI-LEVEL FUZZY MATCH
ALGORITHM

While the optimizations make the dynamic programming algorithm

more efficient, it still has the chance to visit

∏ |O |
i=1(qi + 1) states,

where for each state, a scan of the related historical packing records

needs to be processed. Algorithms with such a time complexity

will not be able to well support on-line services for large-scale

applications. We proceed to propose a multi-level fuzzy matching

algorithm that is able to find an approximate solution with less

response time for a given query packing order while guarantees

the space wastage ratio of each bin is within a given threshold ϵ .

5.1 Volume Estimation
To better estimate how much space is wasted in a packing plan, we

estimate the volume of each item from the historical SPU and SKU
level packing records.

Definition 8. Space Wastage Ratio. Given an SPU/SKU level
packing record p = (B, < (t1,q1), (t2,q2), ..., (t |p |,q |p |) >), the space

wastage ratio ϵ of the packing plan is defined as ϵ = 1 −

∑|p |
i=1 ti .v∗qi
B .v ,

where ti .v and B.v denote the volumes of items and bin, respectively.

The processing of estimating item volumes works as follows:

(1) We first find the set P of all SPU /SKU level packing records.

(2) An obvious observation is for a pack plan p, the total volume

of the items in p is ≤ the volume of the bin p.B. We assume

that the historical packing records waste as little space as

possible, i.e., the space wastage ratio of each bin is minimized.

Thus, we can model the estimation of t .v as the following

linear programming problem.

minimize : ϵ1 + ϵ2 + ... + ϵ |P |

∀pj ∈ P , (1 − ϵj ) ∗ pj .B .v ≤
|pj |∑
i=1
|pj .ti .v ∗ pj .qi | ≤ pj .B .v

(3)

where pj .B denote the bin used in the pack plan pj ; pj .ti and
pj .qi denote the item and its quantity in pj , respectively.

(3) We solve the linear programming problems and get the esti-

mated volume ti .v and each bin’s space wastage ratio ϵj .

Note that the LP problem in Eqn. 3 is unsolvable when there

are not enough related packing records. We compute the solvable

problems first; and substitute the estimated volumes into other un-

solved LP problems to reduce the number of variables. The process

continues until all LP problems are solved or no other item’s volume

can be estimated.
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Algorithm 3 Multi-Level Fuzzy Match Algorithm

INPUT: a query packing order O =< (t1, q1), (t2, q2), ..., (tm , qm ) >;
Historical Order, SPU, and SKU level packing plan databases Dorder ,

DSPU , and DSKU , respectively.

OUTPUT: the packing plan for O
1: p ← Matchinдorder (O , ...)
2: if p = null
3: (p,O ′) ← Matchinдspu (O , ...)
4: while O ′ , null do
5: (p′,O ′) ← Matchinдsku (O ′, ...)
6: p ← p ∪ p′
7: return p

5.2 Overview
With the estimated item volumes, we present the proposed multi-

level fuzzy matching algorithm. The basic idea works as follows.

Given a packing order O =< (t1,q1), (t2,q2), ..., (tm,qm ) >, the
algorithm first checks if there exists a historical order level packing

plan p that can pack all the items and the space wastage ratio of

each used bin is smaller than a given threshold ϵ . If such order

level packing plans exist, we return the plan with the smallest cost

and its detailed packing configuration as the packing plan for O .
Otherwise, the algorithm checks if there exists an SPU level packing

plan can pack all or part of the items in O , such that the SPU bin’s

space wastage ratio is ≤ ϵ . If such SPU level packing plans exist, we

choose the one with the smallest cost and pack as many items as the

plan can hold. The check and assignment of the SPU level packing

plan continue until there exists no such an SPU level packing plan;

or there remains no unpacked items. If after processing the SPU
level matching, there still exist unpacked items. We continue to

SKU level matching in a similar way to that of SPU level matching

until all items are packed.

The pseudo code of the framework is given in Algorithm 3.

5.3 Matching by Orders (Matchinдorder ())
The order level matching is simple and straightforward. It is obvi-

ously that if there exists a historical packing plan p′ for an or-

der O ′ that is identical to the query packing order O , we can

directly pack O with p′. More generally, given a packing order

O =< (t1,q1), (t2,q2), ..., (tm,qm ) >, if there exists a historical pack-
ing plan p′ for an order O ′ that ∀ti ∈ O, ti ∈ O

′ ∧ O ′.qi ≥ O .qi ,
the packing plan p′ can definitely packing all items in O . In order

level matching, among all such packing records, we choose the

one with the smallest cost and the space wastage ratio of each SPU
bin is smaller than the given threshold ϵ . The pseudo code of the

order level matching is given in Algorithm 4. Instead of accessing

the whole database, we first retrieve each set recordi of order level
packing records containing more quantity of item ti in O via the

inverted index (Line 1–4). The set R of packing records that can

pack all items in O are then obtained by joining all recordi . It re-
turns null if R is empty; otherwise, the plan p′ with the least cost

and satisfies the space wastage constraint is returned.

5.4 Matching by SPUs (Matchinдspu ())
Recall that the goal of the MLBP problem is to pack the items in an

packing orderO into a set of SPU bins. The order level matching fails

to jointly consider SPU level packing records in different orders and

only applicable when historical packing orders that dominate the

Algorithm 4 Matching by orders (Matchinдorder ())

INPUT: a packing order O =< (t1, q1), ..., (tm , qm ) >, the inverted
index T , the cost function Cost (p) and the space wastage ratio threshold ϵ
OUTPUT: the packing plan p for O
1: for i ← 1 to |O | do
2: r ecordi ← set ()
3: for each Q j ≥ qi under item = ti in T
4: r ecordi ← r ecordi ∪Rj //For each item ti , retrieve all order level packing

records that packs no less than the quantity qi of ti via the inverted index T
5: R ← ∩|O |i=1r ecordi
6: p ← null
7: for each order level packing record r ∈ R
8: if each SPU bin’s estimated space wastage ratio ≤ ϵ
9: if p = null or Cost (p) > Cost (r .p)
10: p ← r .p
11: return p

given order exist. We proceed to propose the SPU level matching,

which looks into more detailed SPU level packing records and is

able to regroup them into a packing plan for the given order.

The pseudo code of the SPU level matching is given in Algo-

rithm 5. It takes as input a query packing order O , the inverted

indexT , a functionCost(p) that measures the cost of a packing plan,

a space wastage threshold ϵ and a step size τ that used to relax the

current space wastage threshold when no feasible SPU level pack-

ing plan exists. The algorithm works as follows. We first retrieve all

SPU level packing records R that contain one or more items inO via

the inverted index T (Line 1–5). The SPU level matching algorithm

is inspired by the following two intuitions: one is that we prefer

the packing plans with smaller space wastage ratio and the other

is that we prefer the packing plans with smaller packing cost. We

take a heuristic strategy of repeatedly using an SPU bin packing as

many unpacked items in the order O as possible according to the

historical SPU level packing plans, until all items has been packed

(O ′ = ϕ) or no packing plan that has a space wastage ratio smaller

than the threshold ϵ (O ′ , ϕ and ϵ ′ > ϵ) exists (Line 9–26). As we
prefer packing plans with smaller space wastage ratio, we explore

the space wastage ratio of the SPU bins from small to large, i.e.,
from 0 to the maximum allowed wastage ratio ϵ , with a step size

as τ . For a currently explored space wastage ratio ϵ ′, we pack as

many remained items as each SPU level packing record can hold to

the corresponding SPU bin and we retrieve all the packing plans R′

that has a space wastage ratio not greater than ϵ ′ (Line 11–13). If no
such SPU level packing plan with a space wastage ratio that does

not exceed the current explored ratio ϵ ′ exists (Line 14–15), we then
relax the current ratio by the step size τ (Line 21–25). Otherwise,

we select the plan in R′ with the minimum cost as the next SPU
and we remove the items packed in it from the set O ′ of unpacked
items (Line 17–20). The process stops when all items are packed

or no SPU level packing plan with a space wastage ratio smaller

than the threshold exists for the unpacked items. The algorithm

then returns a set of SPU bins packed with the items in O and the

remaining unpacked items if exist (Line 26).

5.5 Matching by SKUs (Matchinдsku ())
After processing the SPU level matching, there could still be items

that are not packed. We proceed to do the SKU level matching

to further pack the remaining items by jointly considering SKU
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Algorithm 5 Matching by SPUs (Matchinдspu ())

INPUT: a query packing order O =< (t1, q1), ..., (tm , qm ) >, the
inverted index T , the cost function Cost (p), the space wastage ratio
threshold ϵ and the step size τ
OUTPUT: the packing plan P and the remaining materials O ′

1: for i = 1 to |O | do
2: r ecordi ← set ()
3: for each Q j under item = ti in T
4: r ecordi ← r ecordi ∪Rj //For each item ti , retrieve all SPU level packing

records that contains ti via the inverted index T
5: R ← ∪i r ecordi
6: P ← {}, O ′ ← O , ϵ ′ ← 0

7: while O ′ , ϕ and ϵ ′ ≤ ϵ do
8: has_solution ← T rue
9: while has_solution = T rue and O ′ , ϕ
10: R′ ← {}
11: for each SPU level record r ∈ R
12: if

∑
t∈O′∩r t .v ≥ (1 − ϵ ′) ∗ r .b .v

13: R′ ← R′ ∪ (r .b ,O ′ ∩ r )
14: if |R′ | = 0

15: has_solution ← False
16: else
17: find the plan p in R′ with the minimum cost

18: P ← P ∪ p
19: O ′ ← O ′ − p
20: R′ ← R′ ∩O ′
21: if has_solution = False
22: has_solution ← T rue
23: ϵ ′ ← ϵ ′ + τ
24: if ϵ ′ > ϵ
25: break
26: return P ,O ′

level records in different SPU bins. The processing of the SKU level

matching is similar to that of the SPU level matching. However, it

is worth noting that the goal of the MLBP problem is to pack all

items into SPU bins. The SKU bin level matching packs the items

into SKU bins, which is not the final state. We need to further pack

all SKU bins into SPU bins. This process becomes a traditional bin

packing problem as both the items (here refers to SKU bins) and

the bins (SPU bins) are regular cuboids and their sizes are known.

We adopt the algorithm in [13] to do this process.

Due to the lack of historical references, it is possible that there

still exist unpacked items after processing the matching algorithm

at all levels. We leave these unpacked items to specialized workers

for manual packing. It is fortunate that such manual solutions can

enrich the record database and is able to guide packing orders in the

future. In addition, We remark that the inverted index that proposed

in Section 4.2.1 to speed up the retrieval of related packing records

and the skyline records in Section 4.2.2 to reduce the packing record

database are still applicable in the matching algorithms.

6 EMPIRICAL STUDY
6.1 Experimental Setup
6.1.1 Algorithms for Comparison. We consider the dynamic pro-

gramming algorithm developed in Section 4 (DP) and the multi-

level matching algorithm in Section 5. The matching algorithm

are considered in different levels, i.e., singly order level matching

(Order Level), both order and SPU level matching (SPU Level), and
order+SPU+SKU level matching (SKU Level). We consider the cost

function as minimizing the number of used bins. Unless specified

otherwise, all algorithms are implemented with optimizations.

6.1.2 System Setup andMetrics. The experiments are conducted on

a Spark cluster with 50 cores. Each core is equipped with an Intel(R)

Xeon(R) CPU E7-4820 v2@ 2.00GHz. The driver memory is 10G and

the executor memory are 20G. The algorithms are implemented

in Python. The inverted index introduced in Section 4.2.1 is in-

memory.

To simulate the real case, the query packing orders are processed

in batches. Each batch contains 5, 000 packing orders. We measure

the running time of processing one batch of orders and the success-

ful packing rate, i.e., the proportion of orders in the batch that the

algorithm obtains applicable packing plans. For each experiment,

we process 200 batches of orders and report the average result.

6.1.3 Dataset. We test the algorithms using the real packing dataset

in Huawei Process & Engineering System. Packing records from

January to October 2017 are treated as the historical database. It

contains 58, 511 different items and 1, 715 different bins, including

1, 662 types of SPU bins and 53 kinds of SKU bins, respectively.

There are 4, 951, 436 order level packing records, which can be

further decomposed into 8, 377, 100 SPU level records.

6.2 Empirical Results
6.2.1 Dynamic Programming versus Fuzzy Matching.
A. Varying the total number of items in a packing order. In
this set of experiment, we use the packing records in October 2017

as the historical database. We generate 7 batches of query packing

orders. Each batch contains 5, 000 packing orders that are randomly

picked with replacement from the packing orders in November

2017, with the requirement that orders in the same batch ask to

pack the same total number of items. For example, all orders in the

first batch ask to pack only one single item; and each order in the

second batch is to pack 5 items. The result are shown in Fig. 4. We

can observe that, when the number of items increases, the running

time of DP nearly exponentially increases while that of matching

algorithms are almost unaffected. Recall that the total number of

the states in DP for a packing order O is

∏ |O |
i=1(qi + 1). With the

increasing of

∑ |O |
i=1 qi , the number of states in DP has higher chances

to rapidly grow. That explains the trend of the running time of

the DP algorithm. As for the successful packing rate, a general

observation is that Order Level < SPU Level < SKU Level < DP.
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Figure 4: Varying number of items (DP vs. fuzzy matching)

B. Varying size of historical packing record database. In
this set of experiments, the query packing orders in each batch

are randomly selected from packing orders containing 20 items in

November 2017. We vary the packing record database from one

month’s to ten months’ data before October 2017. That is, one
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month’s data refers to using packing records in October 2017 as

the historical database; two months’ data refers to using records in

September and October 2017; and so on. Table 1 illustrates the sizes

of the databases and their inverted indexes, as well as the off-line

construction times of the indexes. As we can see, with the increase

of the database size, the inverted index size grows linearly, while

the off-line construction time of the index increases sub-linearly.

Table 1: Inverted Index Experimental Results

Database Size (MB) Index Size (MB) Construction Time (s)
618 71 61

1267 146 64

2126 216 61

2980 293 63

3897 382 66

4835 462 74

5773 538 76

6576 611 89

7386 667 97

8152 722 97

The experimental results are illustrated in Fig. 5. The running

time of all algorithms increases when the database is enlarged,

but that of the matching algorithms grows much slower. It is also

observable that the enlargement of historical data improves the

successful packing rate of all algorithms, but the matching algo-

rithms benefit more. For example, when enlarging the database

from one month to ten months, the successful packing rate of SPU
level matching improves from 52.24% to 75.18%, while that of the

DP algorithm only increases from 67.28% to 77.64%.
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Figure 5: Varying size of database (DP vs. fuzzy matching)

From the above two sets of experiments, we observe that al-

though the DP algorithm achieves better solutions, it is inapplicable

for packing orders with large sizes. The matching algorithms are

more efficient and scale better than DP either when the packing or-

der size or the historical database size increases. The DP algorithm

generally achieves a higher successful packing rate than the fuzzy

matching. But the SPU and SKU level matching algorithms have

the trend to achieve a successful packing rate very close to that of

DP, if enough historical data is available.

In the following experiments, we focus on examining the perfor-

mance of the fuzzy matching algorithm in different levels.

6.2.2 Varying the number of item kinds in the packing order. In this

set of experiments, we use the packing records in October 2017

as the historical database. Five batches of query packing orders

are randomly generated from orders in November 2017, where

the orders in the same batch contain the same number of item

kinds. More specifically, all orders in the first batch ask to pack one

single kind of items and the second batch is consisted of orders

that are to pack two kinds of items. The results are shown in Fig. 6.

Generally, the running time of the algorithms increases along with

the increasing of the item kinds in the order. The reason is that,

more possible combinations of items exist when the number of item

kinds increases. The successful packing rates have a slight trend

to decrease when the number of item kinds increases. Recall that

the idea in matching algorithms is based on the fact that similar

packing orders exist in the history. As there are more different

combinations of items in packing orders, when the number of item

kinds increases. It reduces the chance to find an identical or similar

packing record in the history and thus explains this trend.
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Figure 6: Varying # item kinds in the packing order

6.2.3 Varying number of SPU bin types. The total number of bin

types are different in packing scenarios of different enterprises.

We here evaluate how the number of SPU bin types affects the

performance of the algorithms. For each experiment, we generate a

set of SPU bin types. The cardinalities of these sets vary from 1, 5,

10, 15, 20 to 25. We consider the historical database as the packing

records in October 2017 that use only SPU bins in the corresponding

bin set. The query packing orders are randomly selected from orders

in November that contain only items in the corresponding database.

As illustrated in Fig. 7, when the number of SPU bin types increases,

the running time of thematching algorithms rises and the successful

packing rate is almost unaffected.
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Figure 7: Varying SPU bin types

6.2.4 Varying number of SKU bin types. We proceed to study the

effects of the number of available SKU bin types. Similarly, we

select 6 sets of SKU bins, where each set respectively contains 0,

1, 5, 10, 15 and 20 different SKU bins. For each experiment, The

historical database is considered as the packing records in October

that only contain SKU bins in the corresponding SKU bin set. The

query orders are selected from orders in November that contain

only items in the corresponding historical database. The results is

given in Fig. 8. As we can see, the running time of SKU Level match-

ing increase dramatically when number of SKU bin types > 0. The
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Figure 8: Varying SKU bin types

reason is that, unlike the real cases that a great proportion of pack-

ing records do not contain SKU bins, here SKU bins exist in each

historical record in the database. It results in a larger search space

for the SKU level matching. Another observation is that successful

packing rate decreases to around 30% when orders are restricted

to contain SKU bins. It is because packing orders that uses SKU
bins usually contain more items and have more complex packing

structures than those only containing SPU bins. It is therefore less

likely to find a similar match in the history.

6.2.5 On-line performance vs. manual packing. At last, we present
the real on-line performance of the proposed matching algorithms.

We deployed the SPU level matching algorithm in Huawei Process

& Engineering System. The SPU level matching is selected based

on the following observations. First, the SPU level matching is more

efficient and scales better than DP; and it achieves a successful

packing rate very close to that of DP when enough historical pack-

ing records is available. Second, comparing to singly using Order
level matching, SPU level matching greatly improves the successful

packing rate by 12.74% on average. Third, the SKU level matching

only improves the successful packing rate by an average of 1.6%

while taking averagely 1.7 times of execution time comparing to

the SPU level matching. Moreover, the usage rate of SKU bins is

small in the packing scenario in Huawei. Each packing record in

the history contains only averagely 0.21 different SKU bins.

The on-line SPU level matching algorithm considers the packing

records in previous 6 months as historical record database. It takes

approximately 8 minutes to process a batching of 5, 000 query pack-

ing orders. The on-line successful packing rate is 80.54% on average.

It releases more than 30% workloads. As the algorithm is to "copy"
the historical packing plans for future orders, we see no obvious

reduction on the number/cost of used bins. However, it tends to

make the packing plans for similar orders be consistent. It therefore

internally makes the packing line be easier to operate/manage and

externally improves the customer satisfaction.

7 CONCLUSIONS AND FUTUREWORK
In this paper, we consider a 3D real-life MLBP problem, where no

explicit objective function exists, and the item sizes and the packing

constraints are unknown. We solve the problem in a data-driven

perspective by using manual historical packing records. We propose

both a dynamic programming approach to find optimal solutions

for problems with normal sizes and a multi-level fuzzy matching

algorithm to deal with problems of large sizes while guarantees

the maximum space wastage ratio. Several optimization techniques

have been proposed to accelerate the processing. Extensive experi-

ments on real datasets demonstrate that the proposed algorithms

scale well and achieve good performance under a wide range of sys-

tem settings. Moreover, we have deployed the algorithms in Huawei

Process & Engineering System, which achieves a performance of ac-

celerating the execution time of processing 5, 000 packing orders to

about 8 minutes with an average successful packing rate as 80.54%,

which releases at least 30% workloads of packing workers.
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