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Multi-Agent Reinforcement Learning
for Optimizing Path Planning

of Transporters Considering the Congestion

Seong Jae Yoon®

Department of Industrial Engineering, Hanyang University

Advanced mega distribution centers(mega DCs) equipped with cutting-edge technologies are essential
for enabling intelligent logistics operations. However, the efficient management of large-scale mega
DCs with a dynamic array of autonomous transportation devices presents complexities that
traditional path planning approaches struggle to address. To overcome these challenges, this study
proposes an innovative path planning framework that integrates Multi-Agent Reinforcement Learning
(MARL) with supplementary learning techniques to facilitate accelerated and stable training. This
framework incorporates a specialized reward schema alongside auxiliary methodologies aimed at
optimizing system-wide performance. Initially, we train MARL networks within a controlled,
small-scale environment, focusing on path optimization for a limited number of transportation agents
to validate efficiency. The trained model parameters are then leveraged as initial conditions for
deployment in a larger-scale environment, thus expediting adaptation. Additionally, we employ a
curriculum learning approach, segmenting the training process into levels of progressive difficulty to
enhance convergence in complex, large-scale scenarios. Empirical results demonstrate that the
proposed approach effectively mitigates operational challenges such as collisions, congestion, and

deadlock, leading to significant improvements in overall system performance.
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Figure 5. Visual simulation of the environment setting
Table 1. Experimental parameter
Parameter Value
RNN hidden dimension 64
QMIX hidden dimension 32
Discount factor ¥ 0.9
Optimizer Adam
Learning rate 0.001
Initial epsilon 1
Minimum epsilon 0.001
Number of steps per episode 300
Number of episodes per epoch 50
Number of training steps per epoch 300
Evaluate cycle 100
Batch size 64
Replay buffer size 5000
Save cycle (per training steps) 150
Target network update cycle 300
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Table 2. Brief overview of the numerical study

RQ Experiment Objective Experiment Details
Effect of Manhattan Distance Simulate the 1mp.act of Manhattan distance-based
. rewards on learning and evaluate overall system
RQ1 Reward Design on System . .
performance using average episode reward
Performance
values.
fmpact of Negative Rewards on Ar}alyze how the prevention of free-rldmg
RQ1 contributes to system performance improvement
System Performance Improvement . -
and perform a t-test to assess intergroup utility.
Effect of Curriculum Learning on Approach prex'nously' unsolvab.le' problems by
RQ1 incrementally increasing the difficulty level of
Mega DC System Performance ..
training data.
Compare training speeds before and after
RQ2 Impact of Transfer Learning on applying transfer learning, measure the average
Training Speed percentage increase in training speed, and
validate effectiveness through a t-test.
Analyze the differences in system convergence
RQ2 Effect of Global Rewards on among global rewards, individual rewards, and
Convergence Speed Improvement mixed rewards, and conduct an ANOVA test to
evaluate the utility of the three groups.
RQ3 Effect of Directional Graphs on Verify the effectiveness of directional graphs by

Congestion Prevention

comparing heatmaps before and after application.
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Figure 6. Transporter heatmap
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Table 3. T-test result & average percetage increase for Manhattan distance

t-statistic 26.9982
p-value 2.1219x 10~ %
average increase (%) 39.8 %
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Table 4. T-test result & average percetage increase for transfer learning

t-statistic 5.6499
p-value 5.5277 x 10 ®
percentage increase (%) 49.9%
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Global Reward vs. Individual Reward vs. Mixed Reward
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Appendix

Algorithm 1 Training I>seudocode

1: Initialize the parameters 0 of the mixing network, agent networks, and the target
networks of both.

2: Set the learning rate «

3: Set the episilon e

1: Set the replay buffer D.

5: step =10

6: while terminated # 1 do

7: L =0, 09 = Initial observation

8 while not terminated and ¢t < max time steps do

9: for every agent a do
10: 7 =718 U{(oe,ue—1)} {7: The trajectory of agent a up to time L}
% e { argmax, Q(7¢, uf) with probability 1 —e
t randinl(1,|U]) with probability €
12: end for
13: Get reward r;, next obs 0,,; and next state s,
14: D = DU {(o¢, St, U, ¢, Ot 1, Se+1, padded, terminated) }
15: t=1t+1, step=step+1
16: if step = step_ . or job_completed > threshold then
17: Set terminated = 1
18: for each remaining step in the episode do
19: Set padded to 1
20: end for
21 end if

22:  end while
23:  if |D| > batch-size then

2: b < random batch of episodes from D

25: for each time step ¢ in each episode in batch b do

26: Qor = Mixing-network(Q, (14,1} ), . .., Qn (7, u?*), Hypernetwork(s; 0))
27: Calculate target Qot using Mixing-network with Hypernetwork(s;07)
28: end for

29: target = r + y - target Qo - (1 — Lerminated)

30: T'D_error = Qo — target

31: mask = | — padded

32: masked.l'D_error = mask - TD_error

33: 1 - 1 Zh\bch_qize masked-T D-crror|i]*
Sl 038 = Hrtchme ) | ask|i

M: 0=10 - «a-Aloss

35:  end if

36:  if target update cycle then
37: 0~ =20

38:  end if

39: end while

Training Pseudocodet= Rashid et al.&] QMIX ¥ 118]F pseudocodes Fiiste] A3l gt ¢al
g5 2z 71zl tig 282 ofefot 2.

6: &3 U E S I (Mixing network)$} olo]HE HESZ, E}A U ESL 9 ugrlE
a: St<5E (learning rate), Q ¥t YEICIE A, MZL AR tis] drp} w2 AAst= <AAt

e: © 3 E(exploration rate), olo]HE7} 729 P& Add FE

D: A vl Z & (replay buffer), 3t HAolA FHT AFES AR, T4 i E Addste] shgo &8

r): Ao HE a2 A7t 749 AF A A (trajectory), ©1 W] RE HFFE& TFI M=

o

¢

wf: ANOlRE a7k AZF o] Y AF

mask: Padding® A1t @AS] YFS AAS= © AE-
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