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Abstract

Reinforcement learning, which are also studied in the field of defense, face the problem of sample efficiency,

which requires a large amount of data to train. Transfer learning

has been introduced to address this problem, but

its effectiveness is sometimes marginal because the model does not effectively leverage prior knowledge. In this
study, we propose a stochastic initial state randomization(SISR) method to enable robust knowledge transfer that
promote generalized and sufficient knowledge transfer. We developed a simulation environment involving a
cooperative robot transportation task. Experimental results show that successful tasks are achieved when SISR is

applied, while tasks fail when SISR is not applied. We also
collected by the agents changes with the application of SISR.
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2. Background

2.1 Markov Decision Process(MDP)

MDP= oA AMAA AAS FEF aYzZE yEkd
Aoz, A deet el et vy vt 24=
thar 7Hg9ity MDPE W& (4.5 A 1,7, R) = e
Witk AIZE poll o] dE s,eSelA 54 dqF g4
£ FAYS o, d(transition) T T(s,, ls, @)l
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3. Method

3.1 Stochastic Initial States Randomization
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Environment
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Fig. 1. Stochastic initial states randomization(SISR)
method diagram

Algorithm 1 Stochastic Initial States Randomization
1: Initialize network @, memory, env
2: for i in 1 to max_episodes do

3 rand + random number from uniform distribution U(0, 1)
4 if rand < a - € then

5: s + env.reset(random = True)

6. else

7 s + env.reset(random = False)

8 endif

9: while not done do

10: a + Get action using epsilon-greedy

11: s, r, done « env.step(a)

12: Store (s, a,r, s') in memory

13: end while

14: Decay €

15 Update @ with memory

16: Periodically update target network 6~
17: end for

Fig. 2. Algorithm of Stochastic initial states
randomization(SISR)
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Table 1. Unit attributes
Attack .

Type CEMEEE Life Range | Team
Convoy - 50 0 Ally
Defender 2 100 17 Ally

Tank 5 100 10 Enemy

Mine 100 - 0 Enemy
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Table 2. Reward function

Condition Reward
Convoy Dead -10
Convoy reaches landmark +10
Defender clears a mine +1
Defender eliminates a turret +1

Convoy moves to landmark eXD(Adwm,,,,,/ 4)—1

Defender moves to landmark | €XD (A dgegnger/4) —1

Defender attacks an enemy Zd amage

Table 3. Observation features for one agent

Feature Description
global map (3, 64, 64) color image
local map range measurement for every 5°
role one-hot vector, convoy or defender
ego life 0~100 integer

destination info relative distance, relative angle

ally agent info | relative distance, relative angle, life

enemy info relative distance, relative angle, life

Table 4. Action space for one agent

Forward Backward Turn Left | Turn Right

v =120 w = +0.5 w = —0.5
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Fig. 4. Fixed(left) and randomized(right) initial states
regions

Fig. 5. Fixed(left) and randomized(right) spawn position
units
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“JH]:= Intel Xeon Silver 4214 CPU, NVIDIA A100- AIE BAE Aolgs glo] SISR 7|y H&3h
PCIE-40 GBol" A&% v|&g= 30 GB uielo]t). A$-(QMIX w/ SISR)ell= Y& =mled 1t Aol
8145 AR 24A13F01 4 48417 S 7o)k, 8 5ol olRHA gkl Mol Yojubx ke A
3} wer
Table 5. Hyperparameter
Hyperparameter Value
discount factor 0.99
learning rate 0.001
target update period 200
replay buffer size 3500
minibatch size 32
epsilon annealing 1.0 to 0.1
epsilon-greedy length 20000
1.0
0.8 s al
L 0.6 m—— QMIX-TL W/ SISR (ours)
£ QMIX-TL w/o SISR
; 0.4 4 = QMIX w/ SISR (& = 0.01, 0.1, 0)
0.2 1 -
0.0 ."."?:__..aa:' ......

T T T T T T T
0 50000 100000 150000 200000 250000 300000
episode

Fig. 6. Win rate for 1t—=1t1m experiment
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1t-1tlm Ao A SISR 71HES H&3 Ho
(QMIX-TL w/ SISR)¥} H]usl7] £]3) SISR 7]‘?3
|34 252 ol EEF(QMIX-TL w/o SISR)Z} S

Fig. 7. Behaviors of trained agents by QMIX-TL
w/ SISR
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Table 7. Experimental results for consistency

Experiments Win Rate (%)
QMIX-TL w/ SISR (ours) 98.59 + 1.37
QMIX-TL w/ policy reuse 0.99 £ 0.12
QMIX-TL 5428 + 46.27
QTRAN-TL w/ SISR (ours) 91.11 + 21.58
QTRAN-TL 0.0 £ 0.0
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Experiments Win Rate (%)
discount factor = 0.97 69.59 + 27.74
buffer size = 5000 83.10 + 31.77
epsilon-greedy length = 15000 96.48 + 3.45
open space map 100.0 £ 0.0
slow dynamics mode 98.62 + 3.34
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@

Fig. 8. Open space simulation environment
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