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Abstract—Automated guided vehicles (AGVs) are an essential 

component for automation fulfillment centers, a kind of 

warehouse. Efficient control of the AGV leads to easier 

management of inventory in the fulfillment center. To increase the 

productivity of various warehouses including fulfillment centers, 

we propose a Multi-Agent Reinforcement Learning (MARL)-

based algorithm for cooperative control of AGVs. The proposed 

algorithm is based on a popular cooperative MARL algorithm, 

and utilizes an additional technique for path control of AGVs to 

distinguish the sacrifices of each agent and compensate them 

accordingly. We evaluate the proposed algorithm in comparison 

with a basic MARL algorithm on two fulfillment center layouts 

and provide further insight via the visualization of the results. 

Keywords—AGV, Warehouse, Optimal Route, Deep Learning, 

Reinforcement Learning, MARL 

I. INTRODUCTION

The growth of e-commerce has caused many changes in the 
logistics market, and many companies have introduced 
fulfillment services to meet customer needs. In the online 
distribution industry, fulfillment service is a series of processes 
of picking, packing, and shipping products from warehouses to 
the customers according to their orders. These processes not 
only satisfy the needs of customers quickly, but also have many 
advantages for companies, such as delivery agency, inventory 
management, security, and fire insurance. Within the fulfillment 
center, systematic management is essential because numerous 
inventories must be moved in real-time. 

The tasks performed in the fulfillment center such as picking, 
packing, and shipping can only be done by humans. However, 
simple transport of inventory is not dependent on humans, as 
automated guided vehicles (AGVs) can easily move heavy 

inventory. Therefore, they are essential components for 
automation fulfillment centers, and their coordinated control 
leads to efficient management of inventory and increases 
warehouse productivity. 

Meanwhile, most real-world problems including the multi-
AGV warehouses occur when many entities cooperate or 
compete with each other rather than a single entity [1]. Multi-
agent reinforcement learning (MARL) has achieved good results 
in various fields as in [2-4] and has three major frameworks: (1) 
fully centralized learning, which is a general framework utilized 
in single-agent reinforcement learning, but it has a fatal problem 
that the action space increases exponentially as the number of 
agents increases, (2) conversely, fully decentralized learning, 
which does not have the disadvantage of increasing the action 
space, but the non-stationarity problem is further exacerbated by 
the lack of communication between agents, and (3) centralized 
training with decentralized execution (CTDE) [5], which 
combines these two frameworks well, eliminates those two 
drawbacks and is suitable for decentralized systems. 

In this paper, we adopt the CTDE framework-based MARL 
to increase productivity by systematically controlling the path of 
numerous individual AGVs moving autonomously within the 
AGV warehouse. To this end, we formulate the multi-agent 
environment modeled by the AGV warehouse as a decentralized 
partially-observable markov decision process (Dec-POMDP) 
[6]. In addition, we present state and observation representation, 
action representation, and reward function along with a 
description of the modules constituting the system and an overall 
scenario. The algorithm proposed in this paper has the ability to 
recognize the contributions or sacrifices of individual agents. 
Experiments are presented with results for three metrics and we 
provide further insight via visualization of the results. 
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II. RELATED WORK 

A. Automated Guided Vehicles in Warehouses 

The Amazon Robotics, formerly Kiva Systems, deals with 
resource allocation problems including decision making under 
uncertainty, robot path planning, and scheduling in the AGV 
warehouse. Fortunately, they provide a natural multi-agent 
AGV warehouse scenario for coordinated autonomy and 
decentralized decision making in [7]. The insights in [7] have 
encouraged research across various fields, among them we focus 
on deep reinforcement learning. The path planning problem of 
multi-AGV can be interpreted in various ways and a lot of 
algorithms have been proposed as in [8-10]. Recently, studies to 
control the path of multi-AGV in real time by applying 
reinforcement learning are being attempted, achieving good 
results that outperform traditional algorithms [11-12]. To the 
best of our knowledge, there are no papers that have studied path 
control or path planning of multi-AGV using multi-agent 
reinforcement learning. 

 

B. Multi-Agent Deep Reinforcement Learning 

In general, it is natural to use Q learning with DQN to single 
agent RL [13-14]. This Q learning can be simply extended to 
Independent Q-learning (IQL) to be applied to multi-agent RL 
[15]. However, a better approach is needed for Q-learning to 
achieve good performance in multi-agent RL with stronger non-
stationarity. The value deposition networks (VDN) estimate the 
joint action value of the multi-agent through 𝑄𝑡𝑜𝑡  calculated by 
adding 𝑄𝑎 of all agents [16]. This additivity constraint is relaxed 
by QMIX as a monotonicity constraint [17]. QMIX estimates 
𝑄𝑡𝑜𝑡  in a complex non-linear method using MLP rather than in 
a simple summation method. In addition, QMIX can represent a 
richer joint action value because it allows extra state information 
to be used in the mixing network. The mixing network 
estimating this joint action value 𝑄𝑡𝑜𝑡  guarantees the 
monotonicity constraints via non-negative weights. Since the 
factorization of VDN and QMIX facilitates the decentralized 
execution of multi-agents, they are suitable as marl algorithms 
to deal with real-world problems. 

III. SYSTEM MODEL 

We consider a multi-agent environment to solve a task that 
requires collaboration between agents. This can be formulated 
as a Decentralized Partially-Observable Markov Decision 
Process (Dec-POMDP) [6], represented by a tuple 
〈𝐴, 𝑆, 𝑂, 𝑍, 𝑈, 𝑃, 𝑅𝑔, 𝑅𝑙 , 𝛾〉. At each time step 𝑡, the environment 

outputs a global state 𝑠𝑡 ∈ 𝑆, and observations 𝑜𝑡
𝑎 = O(𝑠𝑡 , 𝑎) ∈

Z , where 𝑆  denotes the global state space, 𝑍  denotes the 
observation space for each agent 𝑎 ∈ {1, … , 𝑛} ≡ A, and 𝑂: 𝑆 ×
𝐴 → 𝑍  denotes the observation function respectively. Each 
agent uses its own observation to select an action 𝑢𝑡

𝑎 ∈ U, where 
𝑈 denotes the action space for each agent 𝑎 ∈ {1, … , 𝑛}. The 
environment performs the joint action 𝒖𝑡 ∈ 𝑼 ≡ 𝑈𝑛  of all 
agents and results in a transition according to the state transition 
function 𝑃(𝑠𝑡+1|𝑠𝑡 , 𝒖𝑡): 𝑆 × 𝑼 × 𝑆 → [0, 1]. This transition is 
completed with a global reward 𝒓𝑡 = 𝑅𝑔(𝑠𝑡 , 𝒖𝑡) and individual 

rewards 𝑟𝑡
𝑎 = 𝑅𝑙(𝑠𝑡 , 𝑢𝑡

𝑎) , where 𝑅𝑔: S × 𝐔 → ℝ  denotes the 

global reward function and 𝑅𝑙: S × U → ℝ  denotes the 
individual reward function respectively. 

In this process, each agent will try to increase its own 
individual reward which is aggregated into the team reward, 
ultimately aiming to maximize the discounted cumulative global 

reward ∑ 𝛾𝑖𝒓𝑡+𝑖
∞
𝑖=0 . Each agent generates its own observation-

action history 𝜏𝑎 ∈ 𝑇 ≡ (𝑍 × 𝑈)∗  with a stochastic policy 
𝜋𝑎(𝑢𝑎|𝜏𝑎): 𝑇 × 𝑈 → [0, 1]  as a condition, where (𝑍 × 𝑈)∗ 
represents the set of all possible observation-action histories. 
The joint policy 𝜋 consisting of each agent's policy 𝜋𝑎  has a 
joint action-value function, which is formulated as: 

 𝑄𝜋(𝑠𝑡 , 𝒖𝑡) = 𝔼𝑠𝑡+1:∞,𝒖𝑡+1:∞
[∑ 𝛾𝑖𝒓𝑡+𝑖|𝑠𝑡 , 𝒖𝑡

∞
𝑖=0 ] 

 

A. Problem Statement 

In this section, we present the RL environment that models 
the AGV warehouse required by the fulfillment center. Fig. 1(a) 
is a snapshot of an layout example, and each cell denotes a 
module represented by a specific color as shown in Fig. 1(b). 

 

 

(a) A snapshot of an example  (b) Color-based module representation  (c) AGV States transition diagram 

Fig. 1. Description of the RL environment in which the AGV warehouse is modeled, where the target position of agent 𝐴𝑖 is 𝑇𝑖. 
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The overall scenario is carried out as: (1) When the system starts 
operating, all AGVs wait for assignment at the charging station. 
(2) Each picking station's worker allocates the required shelf to 
a random AGV. (3) The assigned AGV moves to the requested 
shelf and lifts it. (4) The AGV moves to the PSE of the picking 
station. (5) When the work at the picking station is finished, the 
AGV moves to a random shelf storage. (6) The AGV lays it 
down and repeats this from (2). In summary, each AGV can be 
in one of the 4 states: Waiting, Moving to Shelf, Moving to PSE, 
and Moving to Storage. Fig. 1(c) shows the circulation of AGV 
states in this process as a state transition diagram. Note that 
AGV, shelf, and shelf storage are not randomly selected in the 
actual AGV warehouse, so the environment we present is a more 
difficult problem to solve because they are randomly selected. 

 

B. State and Observation Representation 

The observation of each agent consists of two-dimensional 
information normalized as a two-channel image for the 
surrounding 9 × 9  area centered on itself. The shape of the 
observation is 2 × 9 × 9 , and the values of each channel 
represent the information of the corresponding position in the 
layout. The first channel denotes whether the agent can move to 
the corresponding location, and the second channel denotes the 
remaining Manhattan distance from the corresponding location 
to the target location. Meanwhile, the shape of the state is 1 ×
20 × 20, which consists of a normalized cumulative number of 
visits to each module in the layout within the episode. 

 

C. Action Representation 

At the beginning of the episode, each agent's looking 
direction is randomly selected, thereafter it is determined by the 
action it performs. The action is performed to move one cell 
based on this looking direction, and the action space is defined 
as: {Stop, Moving Forward, Moving Right, Moving Left, 
Moving Back}. For this, the observation is rotated with respect 
to the looking direction of the agent. 

The environment informs agents of available actions so that 
collisions can be avoided. By choosing these actions, it is 
guaranteed that they won't hit a wall or collide between agents. 
In other words, experiences related to the collision are not 
generated through Invalid Action masking, only high-quality 
experiences are accumulated in the replay buffer. 

 

D. Reward Function 

The environment returns individual rewards for each agent. 
After the agents perform their chosen action, each agent's 
individual reward is positive if the Manhattan distance to their 
target position gets closer or the agent arrives at their target 
position, otherwise it is negative. It may be considered harsh to 
receive a negative reward even when the agent takes a stop 
action, but we expect the 𝑄 value to be updated to prevent such 
situations. The absolute value of the individual reward is 
1 𝑇ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑔𝑒𝑛𝑡𝑠⁄ , and the global reward is the sum 
of all individual rewards. Accordingly, the range of the global 
reward that can be output in one time step from the environment 
is -1.0 to +1.0. 

IV. PROPOSED ALGORITHM 

We propose an algorithm that applies a new technique to 
QMIX [17] while maintaining the centralized training with 
decentralized execution framework. QMIX uses the Mean 
Square Error between 𝑄𝑡𝑜𝑡  and its target generated by inputting 
the 𝑄 value of each agent into the mixing network as loss: 

 𝐿𝑔𝑙𝑜𝑏𝑎𝑙 = ∑ [(𝑦𝑖
𝑡𝑜𝑡 − 𝑄𝑖

𝑡𝑜𝑡(𝝉, 𝒖, 𝑠;  𝜃𝑡𝑜𝑡))
2

]𝑏
𝑖=1  

where 𝑦𝑡𝑜𝑡 = 𝑟 + 𝛾 𝑚𝑎𝑥
𝒖′

𝑄𝑡𝑜𝑡(𝝉′, 𝒖′, 𝑠′;  𝜃̅𝑡𝑜𝑡) . For this, each 

agent extracts 𝑢𝑎  and 𝑄𝑎(𝜏𝑎, 𝑢𝑎)  according to the epsilon 
greedy method. QMIX restricts the relationship between 𝑄𝑡𝑜𝑡  
and 𝑄𝑎  to the monotonicity constraint. To enforce this 
monotonicity constraint, the weights of the mixing network are 
constrained to be non-negative. After the loss of the mixing 
network is calculated as in (2), It is backpropagated to a feed-
forward network consisting of Mixing network and Agent 
network. In this process, the gradient is backpropagated to the 
agent network, but the effect can be considered insignificant. 
Although monotonicity is guaranteed by the constraint of the 
relationship between 𝑄𝑡𝑜𝑡  and 𝑄𝑎, it is harsh to allow only the 
mixing network to judge the contribution of individual agents to 
sacrifice. Thus, we propose an additional local loss for the agent 
network formulated as: 

 𝐿𝑙𝑜𝑐𝑎𝑙
𝑎 = ∑ [(𝑦𝑖

𝑎 − 𝑄𝑖
𝑎(𝜏𝑎, 𝑢𝑎;  𝜃𝑎))

2
]𝑏

𝑖=1  

where 𝑦𝑎 = 𝑟𝑎 + 𝛾 𝑚𝑎𝑥
𝑢𝑎

′
𝑄𝑎(𝜏𝑎

′ , 𝑢𝑎
′ ;  𝜃̅𝑎). 

The global loss ℒ𝑔𝑙𝑜𝑏𝑎𝑙  is calculated using 𝑄𝑡𝑜𝑡  of the 

mixing network, while the local loss ℒ𝑙𝑜𝑐𝑎𝑙
𝑎  is calculated using 

𝑄𝑎 of the agent network for each agent. In this study, we adopted 
that the agent network is shared but it is not essential. Note that 
each agent's observation-action history 𝜏𝑎  is not shared and 
local loss ℒ𝑙𝑜𝑐𝑎𝑙

𝑎  is calculated separately. Its gradient is only 
backpropagated to the agent network regardless of the mixing 
network. Backpropagation through global loss as in (2) also 
affects the agent network, but backpropagation through local 

 

Fig. 2. The overall model architecture of the proposed algorithm. 
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loss as in (3) can clarify the feedback on the actions of the 
individual agents. Hence, the final loss equation is defined as: 

 ℒ = ℒ𝑔𝑙𝑜𝑏𝑎𝑙 + ∑ ℒ𝑙𝑜𝑐𝑎𝑙
𝑎𝑛

𝑎=1  

Fig. 2 briefly shows the overall network structure along with 
the direction in which the gradient of the proposed loss in (4) is 
backpropagated. The agent network is composed of GRU [18] 
and MLP, whereas the mixing network consists only of MLP, 
but its weights and biases are obtained from the output of hyper-
networks to ensure the monotonicity constraints. The state and 
observation composed of two-dimensional information are first 
converted into one-dimensional features through CNN and then 
inputted to the MLP. 

Each agent interacts with the environment and stores 
experiences in the replay buffer, performing distributed 
execution using only its own observations. The mixing network 
is used to update the agent network by estimating the 𝑄 values 
of all agents as total 𝑄  values. In other words, the mixing 
network does not directly interact with the environment, but 
only requires the state and 𝑄 values of each agent sampled from 
the replay buffer. Note that the mixing network, the main idea 
of centralized training, is not used in testing after training is 
complete. 

Even though ℒ𝑔𝑙𝑜𝑏𝑎𝑙  adopted in QMIX [17] is used for 

update, the influence of the newly added ℒ𝑙𝑜𝑐𝑎𝑙  is so strong that 
it can be considered that the influence of ℒ𝑔𝑙𝑜𝑏𝑎𝑙  is relatively 

weak. So, it is a reasonable doubt that there will be no significant 
difference from IQL which uses only ℒ𝑙𝑜𝑐𝑎𝑙  as the final loss. In 
Section 5 we conducted an experiment comparing the algorithm 
proposed in this paper with IQL and also verify its validity by 
analyzing the results. 

V. EXPERIMENTS 

In this section, the performance of the algorithm proposed in 
this paper is presented in comparison with IQL, which is 
considered the most basic marl algorithm. The experiments are 
performed in 'Small' layout and 'Large' layout as shown in Fig. 
3. The 'Small' layout consists of 8 AGVs and 3 picking stations 
in 12x16 grid size, while the 'Large' layout consists of 14 AGVs 
and 5 picking stations in 20x20 grid size. For detailed evaluation 
we adopted three metrics: episode rewards, average path lengths, 
and number of shelves arrived at PSEs. During training, for 
every 10 training steps each metric is measured as the average 
value of 5 episodes in which all agents took a greedy action. We 
plot the average of 5 runs with 95% confidence intervals for 
every metric on both layouts. Note that 1 training step means a 
single model update by the final loss that aggregates the global 
loss and the local losses as in (4), and it is calculated using the 
experience sampled from the replay buffer. 

  

Fig. 3. Layout configuration: 'Small' layout (left) and 'Larget' layout (right). 

 

 

 IQL      Proposed Algorithm 

   

(a) Results on 'Small' layout 

   

(b) Results on 'Large' layout 

Fig. 4. Performance comparison for three metrics. Note that the front part of the graphs about average path lengths is omitted for the readability of the graph. 
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A. Performance Comparison 

Fig. 4 shows the performance of the algorithm proposed in 
this paper compared with IQL as the change of three metrics 
according to the training steps, and Fig. 4(a) and 4(b) are the 
results on 'Small' layout and 'Large' layout, respectively. As 
shown in the graphs about the two metrics, episode rewards and 
number of shelves arrived at PSEs, we can know that our 
algorithms learn faster and more consistently. More specifically, 
our algorithms achieve unshakable convergence at better values, 
while IQL tends to be unstable, shaking even at worse values. 
This contrast is more evident in 'Large' layout than in 'Small' 
layout. Since IQL has no information exchange between agents, 
the performance of IQL decreases sharply as the number of 
agents increases. On the other hand, even if the number of agents 
increases, our algorithm proves their robust performance 
through efficient information exchange and cooperation 
between agents. These results can be easily confirmed from the 
graphs about the metric, average path lengths. For our algorithm, 
it becomes shorter and more stable as training progresses, but 
for IQL it does not converge and exhibits a very unstable 
appearance, and even in 'Large' layout it becomes longer. As a 
result, we can infer that the more complex the structure of the 
layout (i.e., the more AGVs), the more important is the 
collaboration between agents through communication. 

 

B. Heat Maps 

In order to analyze the actual behavior patterns of agents, we 
visualize the cumulative number of visits to the movement of 
AGVs as shown in Fig. 5. Episodes during 500 time steps were 
drawn five times each for our algorithm and IQL on the 'Large' 
layout. The relatively larger the cumulative number of visits, the 
brighter the corresponding position. From this analysis, we 
found a very interesting fact about IQL that certain AGVs are in 
an idle state at arbitrarily inappropriate positions. Therefore, the 

heat map of IQL has a very bright specific position, not the main 
path of the entire system, and can be interpreted that the absence 
of communication between agents develops into a fatal problem. 
In contrast, our algorithm has been confirmed that, as we 
expected, all AGVs mainly move between picking stations and 
shelves, the main paths of the entire system. When comparing 
these results, we emphasize that all AGVs learned with our 
algorithms move primarily within a limited range, which is the 
main path of the entire system, but do not cause congestion. 
Accordingly, state circulation of all AGVs occurs smoothly and 
high performance follows. 

 

VI. CONCLUSION 

In this paper, we proposed a CTDE-based MARL algorithm 
that can efficiently control the routes of AGVs which are 
essential components to increase the productivity of fulfillment 
centers. To evaluate the proposed algorithm, we presented state 
and observation representation, action representation, and 
reward function along with a description of the modules 
constituting the system and an overall scenario. The evaluation 
results are that the proposed algorithm outperforms IQL for 
three metrics on two different 'Small' and 'Large' layouts. We 
also provide insight into the importance of communication 
between agents via the visualization of the results. 
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