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Abstract—Unreasonable Inventory Management (IM) strate-
gies lead to extended delivery times and increased costs in
the supply chain. Multi-Agent Reinforcement Learning (MARL)
is proposed for the research area of IM. However, existing
methods are limited to simple one-to-many supply chain mod-
els, which cannot match real-world supply chain. Additionally,
in the current use of Cooperative Multi-agent Reinforcement
Learning (CMARL) in supply chain model, agents communicate
through shared rewards, resulting in insufficient communication
efficiency. To address these issues, this paper proposes a many-
to-many supply chain model and Observable Multi-task CMARL
which leverages a learning paradigm of Centralized Training and
Decentralized Execution (CTDE) Based on Shared Rewards and
Multi-task CMARL. The learning paradigm that we propose
applies shared rewards to each centralized critic, enhancing
the communication and collaboration abilities among agents.
Furthermore, we propose Multi-task CMARL which improves
the performance of CMARL by sharing parameters between
tasks. To verify the effectiveness of the algorithm, extensive
experiments were conducted on both real-world and simulated
datasets. The experimental results show that the Observable
Multi-task CMARL algorithm outperforms traditional heuristic
algorithms and CMARL in the many-to-many supply chain
model, maintaining low inventory levels while improving product
sales to an average increase of 131.2%.

Index Terms—Multi-Agent Reinforcement Learning, Multi-
Task Reinforcement Learning, Inventory Management, Supply
Chain Model.

I. INTRODUCTION

Inventory management, a critical component of supply
chain management, involves tracking and controlling mate-
rials, products, and other resources to ensure supply chain
efficiency. The primary requirement of inventory management
is to ensure that products are available at the right time, in
the right place, and in the right quantity to meet customer
demand. This must be achieved while maximizing operational
efficiency and minimizing costs [1] . The results of [2] indicate
that the higher the inventory level retained by a company, the
lower its return rate. Therefore, future studies should focus on
the using of information technology to accelerate and smooth
the flow of products in the supply chain [3].

The application of reinforcement learning (RL) has been
proposed as an improved approach. Robert N. Boute et
al. [4] demonstrates the efficiency of RL in large-scale in-
ventory management. Studies by Oroojlooyjadid et al. [5],
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Francesco Stranieri et al. [6], and Stranieri et al. [7] prove
the effectiveness of Deep Reinforcement Learning (DRL)
in solving inventory management problems, particularly in
handling dynamic demand patterns and complex decision-
making scenarios. Additionally, Madhav Khirwar et al. [8] and
Sultana, N.N. et al. [9] have applied MARL to inventory man-
agement, demonstrating that MARL offers stronger robustness
and adaptability in inventory management compared to single-
agent RL and traditional heuristic algorithms. The CMARL
method proposed by [8] encourages each independent agent to
collaborate through shared rewards and demonstrates superior
performance and scalability compared to traditional algorithms
in a one-to-many supply chain model. However, in CMARL,
the one-to-many supply chain model cannot fully adapt to real-
world supply chain scenarios. Additionally, the agents only
communicate via shared rewards, failing to observe the states
and actions in other agents. Furthermore, with the vertices as
agents, the communication among agents becomes a challenge
as the scale of the supply chain model increases.

To address these issues, this paper proposes a novel many-
to-many supply chain model consisting of three echelons:
the factory echelon, warehouse echelon, and store echelon.
And, we propose an Observable Multi-task CMARL algo-
rithm. This algorithm builds on CMARL and combines the
centralized training and decentralized execution based on
shared rewards learning paradigm with multi-task reinforce-
ment learning (MTRL). First, the learning paradigm allows
the agents to observe the states and actions of all other agents
during training, thus enhancing information sharing among the
agents. Additionally, the combination of CMARL and MTRL
transforms the agent model from one agent per vertex to one
agent per echelon, treating the vertices within each echelon
as different tasks. This not only reduces the number of agents
and eases the communication burden but also improves the
performance of algorithm.

The main contribution of this paper are:
• This paper proposes a novel many-to-many supply chain

model that is more aligned with real-world supply chain
scenarios.

• A learning paradigm of centralized training and decen-
tralized execution based on shared rewards is introduced,
enabling agents to observe the states and actions of other
agents and share rewards during training.



• We design a novel Observable Mutli-task CMARL al-
gorithm, which effectively improves the communication
and performance of the CMARL algorithm in inventory
management.

• The experimental results show that Observable Mutli-task
CMARL outperforms CMARL in terms of reward per-
formance. Its reasonable inventory management strategy
leads to an average sales increase of 131.2%.

II. METHODOLOGY

We introduce a many-to-many supply chain model and an
Observable Multi-task CMARL built upon CMARL, incorpo-
rating new methods: Centralized Training and Decentralized
Execution (CTDE) Based on Shared Rewards and Multi-task
CMARL.

A. Preliminary

We define a generalization of MDP to a multi-agent set-
ting, represented by the tuple < U ,S,A,T,R, γ >. Here,
U = {u|1 ≤ u ≤ |U |} is the set of agents in the
environment. S is the state spaces of all agents u ∈ U :
S = s1 × s2 × · · · × s|U |, and A is the action spaces of all
agents u ∈ U : A = a1 × a2 × · · · × a|U |. T denotes the
state transfer function from S to S′. R represents each agent’s
reward function: R = r1 × r2 × · · · × r|U |, and γ is a scalar
discount factor. At each time step t , all agents take actions
a ∈ A. The objective of each agent in the environment is
to maximize its long-term reward by determining its optimal
policy πu :su → au .

B. Many-to-many Supply Chain Model

We design a many-to-many supply chain model based on the
works in [8] and [10]. It consists of three echelons: factories,
warehouses, and stores. In the many-to-many supply chain
model, the environment update is divided in two stages. The
first stage is the replenishment phase, as depicted in Figure 1a.
The second stage is the allocation phase, as shown in Figure
1b.

1) Multi-task CMARL Implementation in Supply Chain
Model: In our supply chain environment, T=< fa,wh, st >
is the tuple of agents that consisted of the factory agent (fa),
the warehouse agent (wh), the store agent (st) and Vst, Vwh,
Vfa are the sets of vertices of the store, the warehouse and
the factory, respectively.

For a store agent, we can express the state spaces and re-
plenishment actions spaces of the store agent in the following
equation:

st = [o1 ,t , · · · , oK ,t ] (1)

oi,t = [I1 (i , t), · · · , I|Vst |(i , t), dv (i , t), dv (i , t − 1 ), t ] (2)

Xr ,t = [R1 (st), · · · ,R|Vst |(st)] (3)

Rv (st) = [p1 ,1 , · · · , pK ,|Vwh |] (4)

where t is the time step, st and Xr ,t are the total state and
total actions of store agent, oi,t is the state of the store agent
with respect to product i , Iv (i , t) is the inventory level and

(a) Example of supply chain topology in replenishment.

(b) Example of supply chain topology in allocation.

Fig. 1. Example of many-to-many supply chain model.

Rv (st) is the replenishment quantity for the store v ∈ Vst ,
and pi,v ′ is the quantity of replenishment policy of product i
from store v to warehouse v ′ ∈ Vwh , dv (i , t) is the demand
for the store v .

For a warehouse agent, the state spaces and replenishment
actions spaces of warehouse agent are the same as those of
store agent (1) (2) (3) (4) and the warehouse v ∈ Vwh , the
factory v ′ ∈ Vfa . Its distribution actions spaces are:

Xd,t = [D1 (st), · · · ,D|Vwh |(st)] (5)

Dv (st) = [q1 ,1 , · · · , qK ,|Vst |] (6)

where Xd,t is the total distribution actions of warehouse agent,
Dv (st) is the quantity of distribution policy for the warehouse
v ∈ Vwh and the store v ′ ∈ Vst .

A factory agent has the same state spaces and replenishment
actions spaces as a store agent (1) (2) (3) (4) that the factory
v ∈ Vfa and v ′ ∈ Vfa , and the same distribution actions spaces
as warehouse agent (5) (6) that the warehouse v ′ ∈ Vwh .

2) Dynamic at Supply Chain: The state transitions in the
environment are defined at the vertex level. The demand for
store v ∈ Vst is generated by (15) or real-world datasets.

The inventory level of the store v at time step t + 1 is
described by the following equation:

Iv (i , t + 1 ) = Iv (i , t)−min{dv (i , t), Iv (i , t)}+
K∑
i=0

∑
v∈Vwh

qi,v,v′
(7)
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(a) An overview of network architecture of Multi-task CMARL.
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(b) An overview of Centralized Training and De-
centralized Execution Based on Shared Reward.

Fig. 2. An overview of Observable Multi-task CMARL.

where qi,v ,v ′ is the distribution quantity of product i from
warehouse v to store v ′. The inventory level of the warehouse
v at time step t + 1 is expressed by the following equation:

Iv (i , t + 1 ) = Iv (i , t)−Dv (st) +

K∑
i=0

∑
v ′∈Vfa

qi,v ′,v , (8)

where qi,v ′,v is the distribution quantity of product i from
factory v ′ to warehouse v . The inventory level of the factory
v at t + 1 time step is as follows:

Iv (i , t + 1 ) = Iv (i , t)−Dv (st) + Rv (st) (9)

3) Reward Function: In [8], a shared reward structure was
proposed to address the issue of competition between individ-
ual agents. We adopt this reward structure in our experiments.
The following are the components of our reward structure:

R(t) = Rr (t) + Rh(t) + Rt(t) + Ro(t) + Ru(t), (10)

where Rr (t) is sales revenue, Rh(t) is inventory holding
cost, Rt(t) is transportation cost, Ro(t) is overfulfilled penalty
and Ru(t) is unfulfilled penalty.

C. Observable Multi-task Cooperative Multi-agent Reinforce-
ment Learning

We propose a novel CMARL algorithm, Observable Multi-
task Cooperative Multi-agent Reinforcement Learning, which
combines two methods: Centralized Training and Decentral-
ized Execution Based on Shared Rewards and Multi-task
Reinforcement Learning.

1) Centralized Training and Decentralized Execution Based
on Shared Rewards: In the supply chain model, information
sharing between upstream and downstream plays a key role in
the transmission across the entire supply chain.

In the paper [8], it is mentioned that no agents can ob-
serve each other’s state space, indicating that is a paradigm
of independent learning [11] in MARL. In the independent
learning paradigm with |U | agents, each agent u ∈ U ob-
serves only its own state space during training and makes

corresponding action decisions. The paper [12] proposes the
multi-agent learning paradigm of Centralized Training and
Decentralized Execution (CTDE) and the experimental results
outperform other traditional RL algorithms. Inspired by the
[12], we combined the CTDE learning paradigm with shared
rewards to develop a new multi-agent learning paradigm,
Centralized Training and Decentralized Execution Based on
Shared Reward. In the CTDE based on shared rewards learning
paradigm, the agents are mutually observable. The critic policy
Qu of agent u receives the states and actions of all agents,
as well as a sum of rewards given the environment for all
agents during. Then the critic network uses this information to
produce an evaluation output to guide the decision-making of
the actor network πu . The overview of CTDE based on shared
rewards learning paradigm is shown in Figure 2b. The policies
of |U | agents are parameterized by θ = {θ1, θ2, . . . , θ|U |}. The
the critic policy Qu and the actor policy πu are updated as:

L(θQu ) =
1

N

N∑
i=1

((Qu(S,A)− y))2 (11)

y =

|U |∑
i=1

ri + αQu′(S′,A′) (12)

J (θπu ) =
1

N

N∑
i=1

(Qu(S, (a1 , a2 , . . . , a|U |)|au=πu(su))) (13)

where N is the batch size of samples randomly drawn from
the experience pool, S and A are the state spaces and the action
spaces of all agents u ∈ U , S’ and A’ are the state spaces and
the action spaces of all agents u ∈ U at time step t + 1 , Q ′

u

is the target policy with delayed parameter θ′u.
In our experiments, the results demonstrate that the applica-

tion of the CTDE based on shared rewards learning paradigm
significantly improves the performance of CMARL.



2) Multi-task CMARL Network: In the supply chain, not
only is information sharing between different levels important,
but information sharing between vertices within the same level
is equally crucial. The CMARL mentioned in paper [8] models
each vertex as an agent, but this approach fails to fully leverage
the information sharing between vertices.

To enhance information sharing between vertices, we apply
this approach to our supply chain environment and construct
an Multi-task CMARL model by considering the output of
each vertex v ∈ {1 ≤ v ≤ |V |} in every supply echelon as
an independent task Tv , and each echelon of the supply chain
representing an agent. Our approach bases on [13], which uses
a shared backbone, branching action output network architec-
ture. This design allows agents to collect more information
from vertices and enhances the coupling between vertices
through parameter sharing in MTRL. The network architecture
of factory agent is shown in Figure 2a. Deep deterministic
policy gradient (DDPG) [14] is applied to each agent in MT-
CMARL. We set ϕ = {ϕ1, ϕ2, . . . , ϕ|V |} as the parameters
for each task branch. The action output of the actor network
is described as:

au = πu(su) = {πu(su)|θ=ϕ1
, . . . , πu(su)|θ=ϕ|V |} (14)

The update procedures for the centralized action-value func-
tion Qu and actor policy πu are identical to those in (11), (12)
and (13). Concurrent experience replay trajectories (CETRs)
[15] store all experience samples of each agent < S,A,S’,R >
at the same time step.

Our experimental results demonstrate that combining MTRL
with CMARL can effectively improve the performance of
CMARL.

III. EXPERIMENTS

In this section, we will explore and answer the following
research questions through experiments:

• RQ1: Dose Observable Multi-task CMARL outperform
CMARL on the supply chain scenario?

• RQ2: How does Observable Multi-task CMARL improve
the performance of the algorithm?

• RQ3: Does CTDE Based on Shared Rewards and MTRL
improve the performance of CMARL?

A. Datasets

In our experiments, we use real-world datasets and simu-
lated datasets.

1) Real-world Datasets: The product demand in the real-
world datasets is based on actual sales data from enterprises.
Specifically, the datasets comprises product data from a mold
enterprise cluster in the Yangtze River Delta region. Due to
confidentiality restrictions, this datasets is not publicly acces-
sible. For the purposes of training, we selected the monthly
sales data of an iron sleeve mold over a four-year period, with
each month corresponding to one time step in the many-to-
many supply chain environment.

2) Simulation Datasets: To evaluate the performance of
the agent, the demand is modeled as a cosine function with
stochastic components to simulate a simple seasonal demand
pattern, as defined by the following equation:

dv (i , t) = max{0 , dmaxi

2
sin(

2π(t + 3i)

T
) +

dmaxi

2
+N }

(15)
where dmaxi is the maximum demand of product i ,
N ∈ {0 , dvari} is a random variable, dvari = αdmaxi repre-
sents the variations in demand, P (N = 0 ) = P(N = dvari ) =
0 .5 , α ∈ [−0 .1 , 0 .1 ] is noise factor.

We designed five types of products that are popular during
different periods within a year. At each time step t , the demand
may vary for any product i , as is shown in Figure 3.

Fig. 3. Variations in demand for 5 products.

B. Experimental Settings

Our experiments were conducted on a GeForce RTX 3090
GPU, with the experimental environment consisting of Python
3.8.19, CUDA 11.2, and PyTorch 1.10.1. In our experimental
setup, each agent is initialized with a specific inventory level
and product demand at the beginning of each training episode
and γ = 0.95. The experimental environment is divided into
three levels: simple, middle, and hard. (1) Simple Environment
(SE): It consists of 1 factory, 2 warehouses, and 2 stores.
(2) Middle Environment (ME): It consists of 2 factories, 3
warehouses, and 5 stores. (3) Hard Environment (HE): It
consists of 3 factories, 5 warehouses, and 10 stores.

We compare five algorithms in our experiment: The (σ,Q)-
policy [16], CMARL [8], Observable CMARL, Multi-task
CMARL and Observable Multi-task CMARL.

C. Experimental Results

We evaluate the performance of the algorithms by compar-
ing the changes in rewards during the training phase and the
rewards, inventory levels, and sales levels during the testing
phase for each algorithm.

1) Training Results: The four RL algorithms introduce
action noise during training to explore the possibilities brought
by different actions. We collected 1.2 million timesteps in total
for both the real-world and simulated datasets, segmenting
them into 25k episodes (t=48) for the former and 100k



(a) SE of real-world datasets. (b) ME of real-world datasets. (c) HE of real-world datasets.

(d) SE of simulation datasets. (e) ME of simulation datasets. (f) HE of simulation datasets.

Fig. 4. Training results in real-world datasets and simulation datasets.

episodes (t=12) for the latter. We compared the algorithms
based on the reward values from each episode, and the reward
curves during training are shown in Figure 4.

As shown in the Figure 4, Observable Multi-task CMARL
demonstrates the best training performance and the most stable
training across three different environments in both real-world
datasets and simulation datasets.

2) Testing Results (RQ1): In the test experiments, action
noise is removed from the four RL algorithms, and demand
data from 4800 time steps is used to evaluate the performance
of five algorithms based on their rewards. The average reward
during testing is shown in Table I.

Observable Multi-task CMARL achieves the highest re-
wards in three different environments across two datasets,
demonstrating that combining the CTDE based on shared
rewards learning paradigm with the multi-task reinforcement
learning can effectively enhance the performance of the
CMARL algorithm in supply chain scenarios.

The total sales quantity of all stores in the supply chain is
shown in Table II.

Observable Multi-task CMARL achieves the highest total
sales quantity across all environments expect in SE of the real-
world datasets, while the (σ,Q)-policy achieves the highest
total sales quantity in SE of the real-world datasets. However,
as shown in Figure 5, Observable Multi-task CMARL main-
tains a lower inventory level to reduce inventory costs and the
(σ,Q)-policy maintains a higher inventory level leading to a
higher inventory cost. Therefore, as seen in Table I, Observable

TABLE I
AVERAGE REWARD. THE MAXIMUM VALUE FOR EACH TASK IS DISPLAYED

IN BOLD.

Method

Average Reward

Real-World Simulation

SE ME HE SE ME HE

the (σ,Q) policy -591 -1186 -2137 684 2167 2714

CMARL 333 119 -1067 673 2830 3448

Observable CMARL 387 355 313 1163 2631 4139

Multi-task CMARL 389 254 -125 628 3346 4011

Observable Multi-task CMARL 878 912 1365 1349 4167 5234

Multi-task CMARL achieves a higher reward than the (σ,Q)-
policy in SE of the real-world datasets. As illustrated in
Figure 5, Observable Multi-task CMARL demonstrates the
ability to adjust its inventory levels promptly in response
to fluctuations in demands and minimizes the discrepancy
between the quantity of successfully sold products and de-
mand, thereby optimizing profit. The experimental results
indicate that Observable Multi-task CMARL exhibits stronger
adaptability compared to CMARL.

3) Ablation Study (RQ3): Based on Table I, we investigate
whether CTDE Based on Shared Rewards and MTRL can
improve the performance of CMARL.

• CTDE Based on Shared Rewards: Table I reveals



TABLE II
SALES QUANTITY IN AN EPISODE. THE MAXIMUM VALUE FOR EACH TASK

IS DISPLAYED IN BOLD. (RQ2)

Method

Sales Quantity

Real-World Simulation

SE ME HE SE ME HE

the (σ,Q) policy 269 464 815 311 822 1510

CMARL 99 263 1132 147 792 1354

Observable CMARL 100 544 1092 418 837 1400

Multi-task CMARL 104 466 1036 148 875 1779

Observable Multi-task CMARL 220 985 1932 468 1215 2022

that CTDE Based on Shared Rewards significantly im-
proves the performance of both CMARL and Multi-task
CMARL across three distinct environments in the real-
world datasets. For example, CTDE Based on Shared
Rewards enhances the performance of CMARL and
Multi-task CMARL by 16.2% and 125.7% in SE. These
results provide strong evidence that CTDE Based on
Shared Rewards facilitates the agents’ acquisition of more
comprehensive global information.

• Multi-task Reinforcement Learning: Table I demon-
strates that MTRL significantly enhances the performance
of both CMARL and Observable CMARL across three
environments within the real-world datasets by sharing
parameters across tasks. Specifically, in the simple envi-
ronment, MTRL improves the performance of CMARL
and Observable CMARL by 19.5% and 126.8%.

Fig. 5. The variation curve of the total inventory of all vertices in the supply
chain within an episode in the SE of simulation datasets.

IV. CONCLUSION

In this paper, we study inventory management problems in
supply chain scenarios. We design a many-to-many supply
chain model and a Observable Multi-task CMARL algorithm.
In Observable Multi-task CMARL, we combine CMARL
with two innovative approaches: Centralized Training and
Decentralized Execution Based on Shared Rewards and Multi-

task Reinforcement Learning. We conduct extensive exper-
imental studies on both real-world datasets and simulation
datasets. The experimental results show that Observable Multi-
task CMARL outperforms CMARL and traditional heuris-
tic algorithms across three supply chain scenarios in both
datasets. Notably, the results analysis indicates that Observable
Multi-task CMARL significantly improves sales performance,
demonstrating its ability to maintain lower inventory levels
while satisfying order demand, thus maximizing sales quantity.
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