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Abstract. This paper presents data-driven approaches for integrated assortment planning 
and inventory allocation that significantly improve fulfillment efficiency at JD.com, a leading 
e-commerce company. JD.com uses a two-level distribution network that includes regional 
distribution centers (RDCs) and front distribution centers (FDCs). Selecting products to stock 
at FDCs and then, optimizing daily inventory allocation from RDCs to FDCs are critical to 
improving fulfillment efficiency, which is crucial for enhancing customer experiences. For 
assortment planning, we propose efficient algorithms to maximize the number of orders that 
can be fulfilled by FDCs (local fulfillment). For inventory allocation, we develop a novel end- 
to-end algorithm that integrates forecasting, optimization, and simulation to minimize lost 
sales and inventory-transfer costs. Numerical experiments demonstrate that our methods 
outperform existing approaches, increasing local order fulfillment rates by 0.54%, and our 
inventory allocation algorithm increases FDC demand satisfaction rates by 1.05%. Consider
ing the high-volume operations of JD.com, with millions of weekly orders per region, these 
improvements yield substantial benefits beyond the company’s established supply chain sys
tem. Implementation across JD.com’s network has reduced costs, improved stock availabil
ity, and increased local order fulfillment rates for millions of orders annually.

History: This paper has been accepted for the INFORMS Journal on Applied Analytics Special Issue—2024 
Daniel H. Wagner Prize for Excellence in the Practice of Advanced Analytics and Operations Research. 

Funding: This research is partially supported by the ITC Mainland-Hong Kong Joint Funding Scheme 
[MHP/192/23] and the RGC Theme-based Research Scheme [T32-707/22-N]. 
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Introduction
JD.com, one of the largest e-commerce companies in 
the world, has significantly enhanced its fulfillment effi
ciency by implementing data-driven assortment plan
ning and inventory allocation strategies. Leveraging 
artificial intelligence and advanced analytics, JD.com 
has optimized its supply chain and order fulfillment 
processes, resulting in increased customer satisfaction 
and business growth.

Fulfillment efficiency is crucial for ensuring customer 
satisfaction in the e-commerce industry. JD.com excels in 
this area because of its extensive logistics infrastructure 
and commitment to delivering 90% of all orders within 
24 hours to over 588 million active users (JD.com 2024). 
This rapid delivery promise has significantly enhanced 
customer satisfaction and distinguished JD.com from its 
competitors. JD.com employs a two-level delivery net
work comprising regional distribution centers (RDCs) 
and front distribution centers (FDCs). The eight RDCs 

across China are large warehouses stocking all stock- 
keeping units (SKUs) sold online and serving broad 
regions. Closer to customers, FDCs provide rapid deliv
ery but have smaller capacities and rely on daily ship
ments from RDCs. This two-level inventory network is 
illustrated in Figure 1. When an order is placed, it is ful
filled from the corresponding FDC if sufficient inventory 
is available. If the FDC is out of stock, the RDC fulfills 
the order, incurring extra costs because of longer dis
tances and potential lost sales from extended delivery 
times. Given the importance of FDCs for fast delivery 
and their capacity constraints, the selection of products 
to store at FDCs and the inventory management at FDCs 
and RDCs are critical for maintaining fulfillment effi
ciency. Our goal is to maximize fulfillment efficiency, 
minimize sales losses at FDCs and RDCs, and reduce 
inventory-transfer costs.

The problem is challenging for the following five rea
sons. (1) A single RDC serves multiple FDCs and has 
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its own demand requirements, necessitating intricate 
coordination of its own demand fulfillment and inven
tory transfers to various FDCs. This also involves vari
ous business constraints, such as capacity constraints at 
FDCs, logistics throughput, and sales plans. (2) JD.com 
manages a vast number of SKUs across different prod
uct categories, requiring the algorithm to be scalable. 
(3) The demand at FDCs is relatively sparse and vari
able, complicating demand prediction. (4) Assortment 
and inventory decisions must account for future uncer
tainties to align with long-term sales plans and mitigate 
risks from unforeseen events. (5) The interpretability 
of the prediction algorithm is crucial for coordinating 
different sections of the supply chain. To address 
these challenges, we propose an integrated optimization 
model aimed at maximizing the number of orders ful
filled by FDCs while considering various business con
straints. Because of the complexity of the problem, even 
a static version with deterministic demand is NP com
plete. Additionally, the problem size is substantial 
because each RDC manages over 10 million SKUs. Con
sequently, we decompose the problem into two subpro
blems: the assortment planning problem and the inventory 
allocation problem. The assortment planning problem 
determines which SKUs to stock at FDCs, which in turn, 
affects the warehouse capacity usage and transportation 
needs in the inventory problem. The assortment deci
sions also impact the achievable service level at FDCs. 
Furthermore, the quality of the assortment solution has 
a direct impact on the solution quality of the inventory 
problem. We visualize the decision flow in Figure 2.

In the assortment planning subproblem, we select 
which SKUs to stock at FDCs over a specific period 
(e.g., one week) to maximize the number of fulfilled 
orders at FDCs under capacity constraints. This sub
problem presents two key challenges; predicting future 
order structures is difficult, and even with precise future 
order information, the resulting integer programming 

problem is NP hard and even challenging to approxi
mate. This optimization problem can be considered as 
a special case of maximizing a supermodular function 
under capacity constraints, which is generally hard to 
solve. To address these challenges, we propose three 
heuristic algorithms: ML-Top-K, Reverse-Exclude, and 
Hybrid-Selection. The ML-Top-K algorithm utilizes 
machine learning (ML) techniques to predict the num
ber of orders containing each product and then, ranks 
the products in descending order based on these pre
dicted order counts, selecting the top K products from 
this ranking. The Reverse-Exclude algorithm itera
tively eliminates products from the consideration set 
based on their historical order frequency. The Hybrid- 
Selection algorithm takes advantage of the output of 
the previous two heuristics. We compare local order 
fulfillment rates of the algorithms in numerical experi
ments, which refer to the percentage of customer 
orders that can be satisfied directly from FDC stock 
without order fulfillments by RDCs. Numerical experi
ments demonstrate that all three methods achieve 
higher local order fulfillment rates compared with pre
vious methods. The assortment optimization controls 
the number of SKUs, ensuring that the downstream 
inventory problem naturally satisfies some constraints.

After determining which SKUs to store in the FDCs, 
we address the second subproblem, the inventory alloca
tion problem, where the daily transfer amount of 
on-hand inventory from RDCs to FDCs is determined 
to minimize total sales losses and inventory-transfer 
costs. We model this problem as a periodic review 
inventory problem. This problem relates to the two- 
echelon inventory allocation and rationing problem, 
where a supplier distributes available on-hand inven
tory among retailers (Snyder and Shen 2019). However, 
our problem differs because the supplier (RDC) also 
needs to allocate sufficient inventory to itself. This sub
problem is challenging because of demand uncertainty, 
the interplay between FDCs and RDCs, the interdepen
dence of inventory decisions across multiple time 

Figure 1. (Color online) Illustration of a Two-Level Inventory 
Network 

Figure 2. (Color online) Visualization of the Decision Flow 
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periods, and various capacity and business constraints. 
To address these challenges, we propose a novel multi
task end-to-end (E2E) learning framework. This frame
work outperforms previous algorithms because of its 
multitask and self-learning capabilities as well as its 
interpretability. We provide further details in the Con
tributions section and in the End-to-End Algorithm for 
Inventory Allocation section.

Contributions
Our work makes the following key contributions. 

1. We propose an integrated framework for joint 
assortment planning and inventory allocation aimed at 
improving the number of orders fulfilled by FDCs and 
minimizing lost sales because of stock outs at both 
FDCs and RDCs.

2. For the assortment planning problem, we intro
duce three novel algorithms that maximize FDC order 
fulfillment, addressing the challenges of order structure 
prediction and optimization complexity. The assort
ment planning problem, which aims to maximize local 
fulfillment for FDCs, has been relatively understudied 
in the previous literature. We test the performance of 
our algorithms using large-scale real data.

3. For the inventory allocation problem, we develop 
a novel end-to-end forecasting and allocation algo
rithm. This algorithm combines forecasting with a sim
ulation system to learn target inventory (TI) and safety 
stock (SS) levels. Unlike previous algorithms that rely 
solely on historical data for optimal inventory labeling, 
our approach integrates forecasting and simulation to 
minimize total loss (Qi et al. 2023). This learning frame
work offers several advantages. 

• Multitask learning. Our framework enables 
the network to simultaneously learn inventory 
allocation decisions across FDCs and RDCs and 
demand prediction to minimize the total cost and 
demand prediction error. This facilitates informa
tion sharing and knowledge transfer between tasks 
and thus, improves the efficiency and accuracy of 
inventory management.
• Self-learning. We introduce an advanced self- 

learning mechanism that eliminates the need for 
complex operations research algorithms previ
ously used for data labeling. This significantly 
enhances the efficiency and accuracy of sample 
processing in inventory management.
• Interpretability. The modular structure of our 

model enhances interpretability compared with 
traditional “black-box” deep learning methods, 
providing better insights into the inventory man
agement process and facilitating more informed 
decision making. We provide more details in the 
End-to-End Algorithm for Inventory Allocation 
section.

Numerical Experiment, Implementation, 
and Impact
We have developed, tested, and implemented a deci
sion support system utilizing these algorithms across 
JD.com’s inventory network in China. The numerical 
experiments show that joint assortment and inventory 
optimization can efficiently satisfy customers’ demands, 
which significantly improves the local order fulfillment 
rate at the FDCs. Our decision system has substantially 
enhanced operational efficiency and customer experi
ences. Key benefits include reduced inventory holding 
and transfer costs, improved stock availability, and 
increased local order fulfillment rates. This improve
ment in the local order fulfillment rate is particularly 
beneficial for JD.com’s speedy “211 program,” which 
guarantees same-day delivery for orders placed before 
11 a.m. and next-day delivery before 3 p.m. for orders 
submitted before 11 p.m. We provide details in the 
Implementation and Impact section.

Related Work
Our work relates to (warehouse) assortment optimiza
tion, inventory allocation in a two-echelon setting, 
and machine learning in inventory management.

Assortment planning has been extensively studied 
in the context of revenue management, where it refers 
to determining which products to display to custo
mers in retail settings to maximize total revenue (van 
Ryzin and Mahajan 1999). This stream of research typ
ically assumes that customers select products based 
on a discrete choice model. Various choice models 
and constraints have been explored in retail assort
ment optimization; Kök et al. (2015) and Gallego and 
Topaloglu (2019) provide comprehensive reviews. We 
refer to this body of work as retail assortment planning. 
In contrast, our problem falls under warehouse assortment 
planning, which differs from retail assortment planning 
in both demand modeling and optimization objectives. 
First, demand modeling in warehouse assortment plan
ning cannot be effectively captured by discrete choice 
models. Unlike retail settings, where products are dis
played to customers simultaneously, warehouse assort
ment involves selecting products to stock in FDCs. So, 
customers would not see all of the products in the 
assortment at the same time. Moreover, customers may 
purchase multiple products and units in one order, with 
complex dependencies between products. Although 
multiple-purchase choice models have been studied 
(e.g., Tulabandhula et al. 2023, Bai et al. 2024, Jasin et al. 
2024), the estimation and optimization become intracta
ble as the number of products in an order grows. Fur
thermore, demand in warehouses is highly dynamic 
and influenced by promotions and marketing events, 
making discrete choice models unsuitable. Instead, we 
employ an aggregate demand function model. Second, 
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our optimization objective is to maximize fulfillment 
efficiency rather than total expected revenue, which is 
the traditional focus in retail assortment planning.

Research on warehouse assortment planning is rela
tively limited. Catalán and Fisher (2012) first studied 
assortment selection at distribution centers with the 
goal of minimizing split orders when demand is 
known. They showed that the problem is Nondeter
ministic polynomial hard and proposed heuristics 
to solve it. Li et al. (2024b) extended this work to 
multiple-warehouse assortment selection, again focus
ing on minimizing order splits under known order 
distributions. Shen et al. (2024) used distributionally 
robust optimization to address multiple-warehouse 
assortment planning, considering demand ambiguity 
and proposing a heuristic based on item popularity and 
warehouse costs. For single-warehouse assortment 
selection, Wu et al. (2019) aimed to maximize the order 
fulfillment rate under cardinality constraints using 
exponential smoothing and graph-theoretic heuristics 
to predict demand and formulating a robust optimiza
tion model. However, in e-commerce settings like 
JD.com, accurately predicting the demand of different 
orders at FDCs is impractical, and solving large-scale 
mixed-integer programs becomes computationally 
intractable. Li et al. (2024a) is the most closely related 
work, addressing single-warehouse assortment selec
tion under cardinality constraints to minimize order ful
fillment costs. When order types and their demand 
distributions are known, our problem reduces to a spe
cial case of their problem. However, accurate estimates 
of order types and demands are infeasible in large-scale 
e-commerce settings. Although their heuristic, marginal 
choice indexing, is equivalent to our ML-Top-K algo
rithm when product demand is known, we use deep 
learning to predict demand and provide a new theoreti
cal guarantee. Additionally, we propose novel heuris
tics, including Reverse-Exclude and a hybrid algorithm, 
and we test our approaches on extensive real-world 
data from JD.com.

Unlike these works, most of which focus on product 
selection, we consider the downstream inventory alloca
tion decisions. Although recent research has begun addres
sing joint assortment and downstream decisions, such as 
inventory and matching (Epstein and Ma 2024, Huang 
et al. 2024, Bai et al. 2025, Sun et al. 2025), these studies 
remain within the field of retail assortment optimization. 
More specifically, these works focus on maximizing the 
total expected revenue and use discrete choice models to 
model demand, whereas we aim to maximize fulfillment 
efficiency and use aggregate demand functions. Instead, 
we show the success of assortment optimization in im
proving inventory management and fulfillment efficiency.

Our paper is also related to inventory allocation in 
a two-echelon setting, where a supplier distributes 
available on-hand inventory among retailers (Snyder 

and Shen 2019). An RDC differs from classic inventory 
allocation problems in that it must keep inventory for 
itself to fulfill orders that FDCs cannot fulfill. Two- 
echelon inventory allocation problems have been widely 
studied after the seminal work of Clark and Scarf (1960). 
Under known demand distributions, various solution 
algorithms have been proposed for different objectives 
and constraints (Sherbrooke 1968, Tan 1974, Caglar 
et al. 2004, Huang et al. 2005). In cases of unknown 
demand distributions, Nambiar et al. (2021) developed a 
Lagrangian heuristic to transform the problem into a 
single-echelon inventory management problem under 
demand learning using a Bayesian demand model and 
the Autoregressive moving average/Autoregressive 
integrated moving average model. Motivated by the 
applications in the fashion industry, Fisher and Raman 
(1996), Fisher and Rajaram (2000), and Gallien et al. 
(2015) have focused on two-period inventory allocation 
problems. However, these approaches are unsuitable in 
settings with highly variable demand, where traditional 
demand update methods fail. Also, we consider a multi
period inventory allocation problem. Our problem also 
intersects with joint inventory and fulfillment optimiza
tion (Jasin and Sinha 2015, Ma 2023, Amil et al. 2025). 
These studies assume known future order distributions, 
which is challenging in our e-commerce setting because 
of the unpredictability of the order structure.

Finally, recent advances in machine learning for 
inventory management have applied E2E learning 
and reinforcement learning (RL) techniques. In RL, 
Oroojlooyjadid et al. (2022) developed a deep rein
forcement learning (DRL) algorithm for the beer 
game, whereas Gijsbrechts et al. (2022) applied the 
Asynchronous Advantage Actor Critic algorithm to 
dual-sourcing multiple-echelon problems. Liu et al. 
(2025) explored multiple-agent DRL for decentralized 
multiple-echelon inventory management. In E2E learn
ing, Qi et al. (2023) proposed a single-warehouse replen
ishment framework using dynamic programming to 
label optimal replenishment quantities and used deep 
learning to determine the optimal replenishment deci
sions. Although this method has been successfully 
implemented at JD.com, it cannot be applied to our 
two-echelon inventory allocation problem because of 
the intractability of computing the labels (i.e., the opti
mal allocation decisions), which arises from two main 
challenges. (1) The optimal allocation for each period 
cannot be computed via dynamic programming be
cause of the large state space, corresponding to the 
inventory levels at the RDC and multiple FDCs. (2) 
Solving the dynamic program requires addressing mul
tiple mixed-integer programs, which lack closed-form 
solutions. Furthermore, JD.com has observed that the 
original E2E algorithm performs poorly under fluctuat
ing demand. Moreover, our algorithm offers improved 
interpretability, which is critical for practical applica
tions in dynamic e-commerce settings.
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Problem Formulation
In this section, we formally define the assortment 
and inventory optimization problem. We start with the 
assortment subproblem, and then, we define the inven
tory allocation problem.

Assortment Problem
Let N denote the set of N distinct SKUs, indexed 
1, 2, : : : , N. In the assortment planning problem, we 
select a subset of SKUs S ⊆N to store at the FDCs. 
The set S includes at most K SKUs, which reflects a 
practical business requirement. Our goal is to maxi
mize the number of orders that can be fulfilled at 
FDCs during the selling horizon.

Let O denote the set of order types. Each order type 
o ∈O represents a unique combination of SKUs that 
are ordered together. Let Do denote the number of 
orders corresponding to order type o in a given future 
selling horizon. Let So denote the set of SKUs that is 
included in order type o. Then, the problem can be 
formulated as the following 0-1 integer program:

max
x,y

X

o∈O
Do yo (1a) 

s:t:
X

i∈N
xi ≤ K, (1b) 

yo ≤ xi, ∀o ∈O, i ∈ So, (1c) 
xi ∈ {0, 1}, yo ∈ {0, 1}, ∀i ∈N, o ∈O: (1d) 

Here, xi is a binary variable that indicates whether 
the product i is included in the assortment, and yo is a 
binary variable that indicates whether the FDC can 
fulfill the type of order o. The first constraint requires 
that at most K unique SKUs can be included in the 
assortment. The second requires that one order can be 
fulfilled by the FDC only if all of its products are 
selected in the assortment.

Solving this problem is challenging for two reasons. 
First, accurately forecasting future order structures is 
difficult because of high-dimensional sparse data, non
stationary demand patterns, and complex product inter
dependencies inherent in e-commerce. Second, the 
optimization problem, given the order structure, is NP 
hard, making it computationally intractable to find exact 
solutions at the scale of typical e-commerce operations.

Inventory Allocation
In the inventory allocation algorithm, we consider a 
multiperiod inventory allocation problem with sto
chastic demand and no lead time over a finite horizon 
of discrete periods 1, : : : , T. In our two-level inventory 
allocation network, each FDC can be replenished by 
only one RDC. In each period, JD.com determines the 
replenishment quantities at each FDC. When the sell
ing horizon starts, orders arrive sequentially at both 
the FDCs and the RDC, and we must decide whether 

to fulfill them using the FDC or the RDC. Each FDC 
has a service region, and orders arriving in this region 
can only be fulfilled by the FDC and its corresponding 
RDC. Because inventory and fulfillment decisions are 
independent across different RDC regions, we only 
need to consider one RDC and its FDCs.

We model the problem as a periodic review inven
tory problem over T periods. Let J denote the set of 
FDCs. Subscript 0 refers to variables and parameters 
associated with the RDC. Let Dt

ij denote the demand 
for product i at FDC j in period t, and let Dt �

(Dt
ij)i∈N, j∈J∪{0}. The lead time for inventory transfers is 

denoted by l. Consider any product i. Let It
ij denote 

the on-hand inventory of product i at FDC j at the 
start of period t, and let It

i0 be the inventory at the 
RDC after replenishment at the beginning of period t. 
The RDC replenishment decision is outside the scope 
of this work and is considered exogenous. In each 
period t, FDC j receives inventory ut�l

ij , which is the 
amount transferred l periods ago, and the RDC sends 
out new inventory ut

ij to each FDC. Orders then arrive 
at both the FDCs and RDC. For an order at FDC j, 
only inventory from FDC j and the RDC can be used 
to fulfill it. Moreover, no backorders are allowed.

Let the state at the start of period t be St � (It, Ut), 
where U t � {uk

ij}i∈N, j∈J, k∈{t�1, : : : t�l} stores the most recent 
l shipments that have not yet reached the FDCs. In 
period t, we need to determine a nonnegative transfer 
vector ut, which will arrive at the FDCs at the begin
ning of period t+ l.

Our goal is to minimize the total cost in T periods, 
which includes lost-sales costs at both the RDC and 
FDCs, inventory-transfer costs, and the cost of serving 
any unfilled FDC orders from the RDC. We first con
sider period t. Let c denote the unit cost of fulfilling 
FDC demand from the RDC, and let s denote the unit 
cost of demand left unsatisfied by both the FDC and 
the RDC. Consider any product i ∈N. Let rij denote the 
per-unit cost of inventory transfer between FDC j and 
RDC. We define the decision variables as follows. The 
number of product i fulfilled by FDC j is denoted by xt

ij. 
Let yt

ij be the number of units of product i from demand 
at FDC j that is fulfilled by the RDC, and let yt

i0 denote 
the fulfilled demand of RDC. Furthermore, zt

ij denotes 
the lost sales of product i from demand at FDC j, and 
zt

i0 denotes lost sales at RDC. The total cost in period t 
is computed via the following linear program (LP):

Ct(Dt, ut�l, ut, It) �min
x,y,z

c
X

j∈J
yt

ij + s
X

i∈N

X

j∈J∪{0}
zt

ij (2) 

s:t: xt
ij ≤ It

ij + ut�l
ij , ∀j ∈ J, i ∈N (3) 

X

j∈J
yt

ij + yt
i0 +

X

j∈J
ut

ij ≤ It
i0, ∀i ∈N (4) 

xt
ij + yt

ij + zt
ij �Dt

ij, ∀j ∈ J, i ∈N (5) 

Shen et al.: Fulfillment Efficiency with Assortment and Inventory Allocation 
390 INFORMS Journal on Applied Analytics, 2025, vol. 55, no. 5, pp. 386–398, © 2025 INFORMS 

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

21
6.

73
.2

16
.3

1]
 o

n 
06

 J
un

e 
20

26
, a

t 1
6:

52
 . 

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y,
 a

ll 
ri

gh
ts

 r
es

er
ve

d.
 



yt
i0 + zt

i0 �Dt
i0, ∀i ∈N (6) 

xt
ij, yt

ij, zt
ij ≥ 0, ∀j ∈ J, i ∈N (7) 

Other business constraints:

The objective accounts for lost sales at both an RDC 
and FDCs and the added cost of fulfilling FDC demand 
from the RDC. Constraint (3) ensures that the number 
of products used to fulfill orders at FDCs does not 
exceed the available inventory plus the transferred 
amount. Constraint (4) limits the fulfillment from the 
RDC and the transfer to FDCs by its available inven
tory. Constraint (5) requires that the sum of fulfilled 
demand and lost sales equals the total demand at FDCs 
or the RDC.

Next, we define the state transitions. The transfer 
buffer updates as Ut+1 � (ut, u t�1, : : : , u t�l+1). For It, the 
optimal solution (x, y, z), the on-hand inventory level 
at the start of period t+ 1 is given by It+1

ij �max{It
ij +

ut�l
ij � xt

ij, 0} for j ∈ J and i ∈N, It+1
i0 �max{It

i0�
P

j∈J∪{0}
yt

ij, 0} +Rt
i , where Rt

i denotes the uncertain replenish
ment from suppliers. Let Rt � (Rt

i)i∈N. With the termi
nal value VT+1(·) � 0, we define the optimal cost-to-go 
function Vt(It, Ut) for each period t � T, T� 1, : : : , 1, 
which represents the minimum expected total cost 
from period t to the end of the planning horizon:

Vt(It, Ut) �min
ut≥0

EDt, Rt

"

Ct(Dt, ut�l, ut, It) +
X

i∈N, j∈J
rijut

ij

+
X

i∈N, j∈J
Vt+1(I t+1, Ut+1)

#

: (8) 

This problem is challenging for several reasons. 
First, accurately forecasting demand Dt

ij across multi
ple FDCs and time periods is difficult because of high 
variability and sparsity. This challenge is exacerbated 
by the large number of SKUs and locations. Moreover, 
the replenishment quantity at the RDC is uncertain, 
requiring real-time decisions based on current system 
states. With perfect demand and replenishment infor
mation, although solving the linear program for Ct(Dt, 
ut�l, ut, It) is straightforward via a greedy allocation 
rule that prioritizes using local inventory, solving the 
dynamic program to determine the optimal u across 
many SKUs is computationally intensive because of the 
large state space. In practice, JD.com assumes determin
istic forecasts for demand and replenishment, reformu
lates the dynamic program as a linear program, and still 
faces solution times on the order of hours. Such delays 
are problematic in the fast-paced e-commerce setting, 
where continuous order arrivals can quickly shift the 
inventory state, rendering previously computed solu
tions suboptimal. These limitations illustrate the chal
lenges of applying traditional optimization techniques to 
large-scale, dynamic e-commerce inventory allocation. 

To address these issues and enable fast, adaptive deci
sion making, we propose an end-to-end learning algo
rithm that integrates demand forecasting, inventory 
optimization, and fulfillment decisions into a unified 
framework. This approach is designed to rapidly adapt 
to evolving conditions while managing the scale and 
complexity inherent in modern e-commerce inventory 
systems.

Algorithms for Assortment Optimization
In this section, we introduce three heuristics to solve 
the assortment optimization problem. Given the inher
ent difficulty of predicting order structures, we can 
only forecast the order frequency for product i, defined 
as the number of distinct orders containing product i. 
The first algorithm uses machine learning to predict 
the order frequency of each product and selects the 
top K products. We call this heuristic ML-Top-K. We 
demonstrate that this greedy approach performs well 
when the ratio of single-item orders is high; see the 
counterexamples in Li et al. (2024a). However, this 
algorithm can perform arbitrarily poorly when the 
percentage of multiple-item orders is high. The key 
issue is that products with high order quantities may 
frequently appear in orders alongside products with 
low order quantities; therefore, simply selecting the 
top K products cannot guarantee a high order fulfill
ment ratio.

Motivated by this observation, we propose a second 
heuristic called Reverse-Exclude. This algorithm pro
gressively eliminates products from the ground set, 
which is the complete set of SKUs potentially selected 
at the FDC, starting with those that appear least fre
quently in orders. When a product is removed from 
the consideration set, we also eliminate all historical 
orders containing that product. This approach ensures 
that all remaining orders can be satisfied by selecting 
from the consideration set. Finally, we propose a 
hybrid method that takes advantage of the assort
ments from the previous two heuristics.

ML-Top-K Algorithm
This algorithm first predicts product order quantities 
and then, selects the top K products with the highest 
predicted quantities. We begin by describing the ML 
algorithm and then, establish theoretical results under 
the assumption of accurate predictions.

The ML-Top-K algorithm’s input includes historical 
order quantities at various levels: SKU specific, SKU 
category, brand, and nationwide SKU level along with 
promotional marketing activity factors. The model’s 
core structure consists of seasonal and trend blocks to 
learn baseline patterns. Outputs from these blocks are 
processed through two parallel paths: a temporal con
volutional network (TCN) for deep feature extraction 
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and a multilayer perceptron (MLP) for multiple-level 
feature extraction. The TCN output features are com
bined with the promotional predictions from the MLP 
through element-wise multiplication. This combined 
output is then processed through another MLP to gen
erate the final order quantity forecast. Based on this 
forecast, we select the top K products with the highest 
predicted order quantities. Next, we show the theoreti
cal guarantee of this greedy algorithm when the order 
frequency can be accurately forecasted.

Theorem 1. Let α denote the minimum ratio of single-item 
orders to total orders including the item among the top K 
products when ranked by total order frequency. Assuming 
accurate order frequency prediction, the Top-K algorithm 
provides an α-approximate solution.

Proof of Theorem 1. Let ALG and OPT denote the 
assortments selected by the greedy algorithm and the 
optimal solution, respectively, as well as the number 
of orders that they can satisfy. Let fi denote the total 
number of orders containing product i.

The proof follows in three steps. First, by definition 
of α, for the assortment selected by the greedy algo
rithm,

ALG ≥ α
X

i∈ALG
fi, 

where α represents the minimum ratio of single-item 
orders to total orders among selected products.

Second, because the greedy algorithm selects the 
top K products with the highest order frequencies,

X

i∈ALG
fi ≥

X

i∈OPT
fi:

Third, for any assortment, including OPT, the total 
number of satisfied orders cannot exceed the sum of 
order frequencies of its products:

X

i∈OPT
fi ≥ OPT:

Combining these inequalities,

ALG ≥ α
X

i∈ALG
fi ≥ α

X

i∈OPT
fi ≥ αOPT:

Therefore, the Top-K algorithm achieves an approx
imation ratio of α. w

However, when α is small, we have counterexam
ples showing that the greedy algorithm performs 
poorly. This shortcoming of greedy approaches has 
also been noted by Li et al. (2024a). This motivates us 
to consider the correlations between multiple items in 
orders.

Reverse-Exclude Algorithm
This heuristic iteratively excludes products from the 
ground set, prioritizing those having the lowest order 

frequency. This approach ensures that all remaining 
orders can be satisfied by the selected assortment. The 
Reverse-Exclude algorithm follows.

Algorithm 1 (Reverse-Exclude Algorithm) 
1 Initialization: Eliminated SKUs: E←∅;
2 while |N \E | > K do
3 Compute order influence fi �

P
o∈O, i∈So

Do for each 
i ∈N \E;

4 Sort SKUs by increasing fi: L← sort(N \E, key � fi). 
Select batch size n;

5 for i ∈ L[1 : n] do
6 E← E ∪ {i}; Do � 0 for o such that i ∈ So, where 

So is the set of products in order type o;
7 return N \E

This algorithm starts with an empty set E for elimi
nated SKUs. In each iteration, it computes the order 
frequency fi for each remaining SKU i as the sum of 
demands for orders containing that SKU. The algo
rithm then sorts SKUs by increasing fi and selects a 
batch of n SKUs with the lowest order frequency. The 
batch size n is dynamically adjusted; it is larger when 
it is far from the target K and is reduced to one as it 
approaches K. Each selected SKU is added to E, and 
the demand for all orders containing it is set to zero. 
This process repeats until |N\E | � K. The algorithm 
returns N\E as the final assortment.

Hybrid-Selection Algorithm
To leverage the complementary strengths of the ML- 
Top-K and Reverse-Exclude algorithms, we propose a 
hybrid selection approach that integrates demand fore
casting with correlated purchasing patterns. The algo
rithm systematically combines the outputs of both 
methods to achieve superior performance.

The algorithm begins by identifying products selected 
by both the ML-Top-K and Reverse-Exclude algorithms, 
forming an intersection set. It then extracts products 
unique to each method’s output, ranks them based on 
their respective scores, and combines the selected 
products using a tunable hybrid ratio r. The final assort
ment includes products from the intersection and top- 
ranked items from the distinct sets. To combine these 
distinct product sets, we introduce a hybrid ratio r that 
controls the relative contribution of each method. From 
the ML-Top-K distinct products, we select the top ⌈Kr⌉
items based on predicted demand. Similarly, we select 
the top ⌊K(1� r)⌋ products from the Reverse-Exclude 
distinct set based on order influence scores. The final 
hybrid assortment combines these selections with the 
intersection set. This approach leverages the comple
mentary strengths of both methods while maintaining 
computational efficiency.
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Algorithm 2 (Hybrid-Selection Algorithm)
Input: ML-Top-K assortment M, Reverse-Exclude 
assortment R, hybrid ratio r, product rank from the 
ML-Top-K algorithm f M

i for i ∈M, and product rank 
from the Reverse-Exclude algorithm f R

i for i ∈ R
Output: Final hybrid assortment S 

1 Initialization: S←∅;
2 Compute intersection: I←M ∩ R, compute distinct 

products: DM←M \ I, DR← R \ I;
3 Sort DM by decreasing f M

i : LM← sort(DM, key � f M
i , 

reverse � True);
4 Sort DR by decreasing f R

i : LR← sort(DR, key � f R
i , 

reverse � True);
5 Select top products: S← I ∪ LM[1 : ⌈Kr⌉] ∪ LR[1 : ⌊K 
(1� r)⌋]; return S

The hybrid ratio r serves as a tunable parameter that 
can be adjusted based on the relative performance of 
each method in different scenarios. When r approaches 
one, the algorithm favors ML-based demand predic
tions, whereas values closer to zero place more empha
sis on correlated purchasing patterns. This flexibility 
allows the algorithm to adapt to varying business con
texts and data characteristics.

End-to-End Algorithm for Inventory 
Allocation
In this section, we introduce our new end-to-end 
learning framework for the inventory allocation prob
lem. Our approach addresses the need for robust, 
interpretable algorithms capable of real-time decision 
making across large-scale SKU inventories.

Our algorithm framework optimizes inventory alloca
tion through a multitask, multistep decision-making pro
cedure. Moving beyond simple single-point decisions 
in previous end-to-end approaches in the literature, 
we have implemented a process-oriented, multiperiod 
decision-making framework. This approach recognizes 
that each decision is part of a larger chain, influenced by 
past choices and impacting future outcomes. To capture 
these complex time-based relationships and utilize previ
ous model information, we use a recurrent neural net
work architecture for the overall end-to-end algorithm, 
which we show in Figure 3.

The framework consists of interconnected blocks, 
where each block is a deep learning model processing 
daily inputs to generate inventory management deci
sions. We optimize at the regional level by aggregat
ing each RDC with its associated FDCs into a single 
instance rather than solving for individual distribu
tion centers. This regional approach enables holistic 
optimization that captures network-wide interdepen
dencies while minimizing sales losses at both RDCs 
and FDCs and optimizing transfer costs. For each 
region, we calculate SS and TI based on local demand 

in the region, ensuring sufficient inventory to manage 
fluctuations during each replenishment cycle. The pro
cess begins with generating initial SS and TI solutions 
based on interpretable demand forecasts. We then 
incorporate a simulation block to minimize regional 
sales losses and maximize both regional and FDC- 
specific fulfillment rates. This simulation block helps 
further reduce biased inventory allocation resulting 
from prediction errors.

Next, we provide the details of each block. The 
inputs for each block (inputt) come from two sources: 
(1) historical sales data, marketing and promotional 
factors, and transfer lead times as well as (2) the initial 
inventory state (Ht) from the previous block, includ
ing starting inventory, replenishment, and transfer 
amounts from the RDC to the FDC. The block outputs 
learned SS and TI levels, sales forecasts, and simulated 
sales for the RDC and all FDCs.

Figure 4 depicts the internal structure of each block, 
which has three primary components.
• A forecasting module generates baseline predic

tions, promotional impact estimates, and adjustments 
based on higher-dimensional sales data (e.g., SKU- 
level, category-level, brand-level, and national SKU- 
level historical sales).
• A TI and SS generation module incorporates lead 

times, sales predictions, historical actual sales, and his
torical forecast accuracy to determine optimal inven
tory levels. This module uses MLPs and transformer 
structures to process the inputs and generate TI and SS 
values.
• A simulation module operates at the RDC level, 

allocating inventory across its network based on gener
ated SS and TI values. The allocation strategy mirrors 
real-world operations by prioritizing safety stock require
ments at RDCs and FDCs followed by target inventory 
levels, with remaining inventory maintained at the RDC. 
This module simulates daily sales and inventory con
sumption, tracking fulfillment and lost sales. Its outputs 
include simulated safety stock and target inventory 
levels, sales forecasts for the planning horizon, and simu
lated daily sales across all locations.

The model training process minimizes a composite 
loss function L consisting of three terms:

L � λ1Lop + λ2Lsales_pred + λ3Lss, 

where Lop represents the total operational costs from 

Figure 3. Illustration of the Recurrent Neural Network 
Architecture for the End-to-End Algorithm 
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simulation, including lost sales and transfer costs; 
Lsales_pred measures the prediction error between fore
casted and actual sales; and Lss penalizes safety stock 
violations. Here λ1, λ2, and λ3 are weighting parameters. 
Unlike traditional supervised learning approaches that 
use optimal inventory decisions as training labels, we 
directly optimize these operational metrics.

During the inference phase, our model generates mul
tiday sales forecasts and recommends optimal target 
inventory and safety stock levels for forthcoming replen
ishment decisions. This approach facilitates dynamic, 
forward-looking inventory management that adapts to 
evolving demand patterns and supply chain conditions. 
By providing proactive recommendations, the model 
enables businesses to anticipate and respond to market 
changes efficiently, optimizing inventory levels across 
the distribution network.

Our framework extends previous end-to-end 
approaches by establishing an explicit connection 
between demand forecasting and inventory deci
sions. Although the E2E algorithm in Qi et al. (2023) 

incorporates sales forecast error minimization, its archi
tecture only implements parameter sharing between 
the sales forecasting and inventory prediction mod
ules without leveraging demand information for 
inventory decision making. Our framework advances 
this approach in two ways; it maintains parameter 
sharing between the sales forecasting and SS/TI gen
eration modules while also utilizing sales forecasts 
directly in SS and TI predictions. This integration 
enables systematic analysis of model performance; 
when discrepancies arise between predicted SS/TI 
values and optimal decisions, we can analyze the cor
responding sales forecasts to identify potential fore
cast deviations. Additionally, the simulation module 
provides quantitative validation through its total cost 
metrics.

Numerical Experiments, Implementation, 
and Impact
In this section, we present numerical results obtained 
from real-world data at JD.com, comparing our 

Figure 4. (Color online) The Architecture in Each Block of the End-to-End Model 

Notes. t denotes the time step, n represents the length of historical input data, q indicates the prediction horizon, and s refers to the simulation 
duration. xt and yt denote the covariates of the demand forecast at time t. altt is the lead time at time t. �, ⊗, and ⊖ denote different operations at 
each time step; � represents the addition operation, ⊗ represents the multiplication operation, and ⊖ represents the subtraction operation.
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proposed algorithms against previously implemen
ted methods. We also describe the implementation 
and impact.

Numerical Experiments
Assortment Algorithms. We compare the performance 
of our proposed assortment algorithms with the pre
viously implemented greedy algorithm based only on 
the order frequency from historical orders, which 
selects the top K products with the highest historical 
order frequencies. Our experiment considers 18 FDCs, 
with K chosen to satisfy 70% of orders in a given his
torical time horizon. This fulfillment rate represents 
the percentage of orders where all products within the 
order are included in the assortment. The 70% thresh
old is determined by business requirements, balancing 
assortment breadth with FDC capacity and inventory- 
transfer constraints. A higher fulfillment rate would 
necessitate a larger number of SKUs, potentially violat
ing these operational capacities.

For training data, we use historical data from the D 
days preceding May 1, 2024. We then generate assort
ments using our algorithms and the baseline method, 
evaluating their performance by calculating order ful
fillment percentages using order data from May 1, 
2024 to May 14, 2024. Our analysis includes all orders 
containing regular products, excluding large or spe
cial items. Note that there is a hyperparameter r in the 
hybrid selection. We select the r that yields the highest 
local order fulfillment rate in training data. Figure 5
shows that the fulfillment rate initially increases rap
idly at lower hybrid ratios (r), peaks around r � 38%, 
and then, gradually decreases as r further increases, 
suggesting diminishing returns and potential overreli
ance on one method at higher ratios. This suggests 

that we should balance the solutions from the two 
heuristics. Thus, we set r � 38% when testing the out- 
of-sample performance. Table 1 presents the fulfill
ment rates of the baseline method and our proposed 
heuristics. Our ML-Top-K approach shows the best 
performance, achieving a fulfillment rate of 58.83%. 
Although we cannot disclose exact figures because of 
data security considerations, the scale of orders ful
filled is in the range of tens of millions. This represents 
a significant improvement over the baseline Top-K 
method, which exhibited a fulfillment rate of 58.29%. 
Although the percentage difference of 0.54% may appear 
modest, it translates to an additional 100,000 satisfied 
orders, a considerable volume in absolute terms. This 
improvement highlights the practical power of machine 
learning in inventory management. The Reverse-Exclude 
algorithm also showed improvement, with a fulfillment 
rate of 58.56%, surpassing the baseline by more than 
50,000 orders. The advantage of this algorithm is that it 
is computationally efficient and does not need to train 
the ML model, which may be time consuming. Further
more, it is particularly suitable for scenarios where accu
rate order count predictions are challenging to obtain. 
The Hybrid-Selection algorithm has the highest local 
order fulfillment rate of 60.50%, suggesting that leverag
ing both heuristics yields the best performance in 

Figure 5. (Color online) Illustration of the Local Fulfillment Rates with Different Hybrid Ratios 

Table 1. Comparative Analysis of Local Order Fulfillment 
Rates Across Different Methods

Method Fulfillment rate (%)

Top-K 58.29
ML-Top-K 58.83
Reverse-Exclude 58.56
Hybrid-Selection 60.50
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practice. These improvements are particularly notewor
thy given the scale of operations under consideration. In 
the context of millions of orders, even incremental per
centage increases in fulfillment rates result in substantial 
absolute improvements.

Inventory Allocation. In the experiment, we consider 
two RDCs, each serving six FDCs. We train the model 
using historical data spanning from Day i� F� 1 to 
Day i� 1, where F represents the length of the histori
cal data window used for training. We focus on three 
key performance metrics: FDC demand fulfillment 
rate (FDC Ful.), regional lost sales (Reg. Loss), and 
loss ratio (Loss Ratio). The loss ratio is defined as 
regional sales loss divided by the sales fulfilled by 
FDCs. This measure is crucial because transferring 
inventory from an RDC to an FDC can result in sales 
loss within the region given the limited region capac
ity. The loss ratio indicates the efficiency of order ful
fillment and the extent of sales loss incurred.

We compare our proposed new end-to-end algo
rithm against two existing online algorithms previ
ously used by JD.com. 

1. Parameter Search Through Simulation. This 
approach simulates various inventory allocation poli
cies at the RDC level, optimizing decisions based on 
demand forecasts and predefined business constraints.

2. LP Optimization. This method solves a linear pro
gram for each SKU based on demand forecasts, safety 
stock constraints, and other business requirements to 
determine inventory decisions.
Table 2 compares the performance of the three algo
rithms. The new end-to-end algorithm demonstrates 
superior performance in the FDC demand fulfillment 
rate, achieving 58.59% compared with 57.55% for 
Parameter Search Through Simulation and 57.12% for 
LP Optimization. This represents a significant improve
ment of 1.05 percentage points. Although our approach 
shows a slight increase in Reg. Loss (2.86% compared 
with 2.78% for LP Optimization), the Loss Ratio remains 
competitive at 17.80%, matching the Parameter Search 
Through Simulation method. The substantial improve
ment in the FDC fulfillment rate suggests that our 
method can significantly enhance local order fulfillment 
capabilities, which is critical for improving customer sat
isfaction. This improvement particularly benefits the 
coverage of the “211 program.”

Implementation and Impact
Combining the algorithms for assortment and inven
tory optimization, we have developed a decision sup
port system. This system has been deployed across 
JD.com’s inventory network in China, covering all 
eight RDCs, with each RDC serving 5–13 FDCs. The 
benefits of this system are significant. Inventory hold
ing costs and capital utilization costs of FDCs have 
been reduced by approximately $6.13 million per 
year. Additionally, JD.com has saved approximately 
$22.32 million in inventory-transfer costs. Stock avail
ability has also improved by 0.85%. Furthermore, the 
local order fulfillment rate has increased by 2.19%, 
and the proportion of the speedy “211 program” has 
risen by 1.44%, enhancing timeliness and customer 
experiences for approximately 18.61 million orders 
annually. These achievements show the impact of 
algorithmic capabilities in optimizing operations and 
resource allocation in the inventory network.

Conclusion
This paper addresses the challenges of integrated assort
ment planning and inventory allocation in JD.com’s 
two-level distribution network. For assortment optimiza
tion, we developed and implemented novel algorithms 
that effectively balance computational tractability with 
performance. Our proposed algorithms for assortment 
planning demonstrate improved local order fulfillment 
rates over previous methods. For inventory allocation, 
we propose a new end-to-end algorithm that combines 
forecasting, optimization, and simulation, showing supe
rior performance in FDC demand fulfillment while 
maintaining competitive loss ratios. These algorithms 
have been successfully deployed across JD.com’s nation
wide network, resulting in significant improvements in 
operational efficiency and customer service levels. This 
work shows the potential of data-driven optimization 
techniques in solving complex, large-scale supply chain 
problems.
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Verification Letter
Lei Chen, Senior Director, JD.com, No. 18 Kechuang 11 
Street, 101111 Beijing, China, writes:

“I am writing to verify the success in practice of the data- 
driven integrated assortment planning and inventory allocation 
strategies implemented by JD.com, a leading supply chain-based 
technology and service provider. Based on AI and advanced ana
lytics methodology, these strategies have led to significant 
improvements in fulfillment efficiency and have positively 
impacted JD.com’s supply chain and order fulfillment processes.

“JD.com’s commitment to delivering 95% of all orders 
within 24 hours has been instrumental in enhancing customer 
satisfaction and setting the company apart from its competi
tors. The two-level delivery network, consisting of regional 
distribution centers (RDCs) and front distribution centers 
(FDCs), has played a crucial role in achieving this rapid deliv
ery promise. The system developed by JD.com, which com
bines interpretable machine learning prediction algorithms 
and optimization-based planning approaches, has resulted in 
several benefits. The inventory holding costs and capital utili
zation costs have been reduced by 6.28%, equivalent to 
approximately 44.51 million RMB per year. Transfer costs 
between RDCs and FDCs have seen a remarkable 9.03% 
decrease, saving around 162 million RMB per year. Stock avail
ability has been improved by 0.85%, benefiting nearly 1 mil
lion products every year. Local order fulfillment rate has 
increased by 2.19%, and 211 order proportion has risen by 
1.44%, enhancing timeliness and customer experience for 
approximately 18.61 million orders annually. These achieve
ments demonstrate the positive impact of algorithmic capabili
ties in optimizing operations and resource utilization at FDCs.

“I recommend JD.com’s application for the 2024 Wagner 
Prize based on the successful implementation and positive 
impact of AI and advanced analytics technology.”
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