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Abstract : In this paper, we are proposing a convolutional contrastive learning method that can improve the generalization
performance of image-based reinforcement learning. To do this, methods on augmenting input images were mainly used.
However, strong augmentation hinders the stability of reinforcement learning. Thus, by gradually increasing the random
image mixing ratio during training, a reinforcement learning agent is not affected by strong data augmentation. At the same

time, the effect on generalization performance is maximized. Experiments on DM Control test environments have shown that
the proposed method outperforms the existing studies on the generalization of image-based reinforcement learning.
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Fig. 1 Image-based reinforcement learning architecture

Fig. 2 Left: Training environment of DMControl. Right: Test environments of DMControl generalization benchmark'”

(Color-hard and Video-easy mode)
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3. Proposed Convolutional Contrastive Learning for
Reinforcement Learning
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Table 1 Test scores for different augmentation strength of proposed convolutional contrastive learning in the DMControl
color-hard mode and video-easy mode

Proposed convolutional CURL . CURL with . CURL with . CURL with .
contrastive methods (SAC + Contrastive) random convolution random convolution random convolution
a=1 a = 0.8 (fixed) a = 0.2 (fixed) a: 1—0.2 (decreasing)
Color-hard mode
Walker, walk 445 £ 99 707 +43 617+46 794 + 18
Walker, stand 662 + 54 874 + 46 912+27 939 + 61
Cartpole, swingup 454+ 110 790 + 59 375+39 766 + 30
Cartpole, balance 782+ 13 921+ 15 970+ 22 971 +27
Ball in cup, catch 231+92 713 £ 166 713+£93 804 + 62
Finger, turn_easy 202 +32 438+95 454+ 133 473 + 104
Cheetah, run 202+ 22 251 +33 274+ 13 287+ 8
Reacher, easy 325+32 317+ 67 212+91 330 + 46
Video-easy mode
Walker, walk 556 + 133 784+ 34 689+ 46 849 + 55
Walker, stand 852+ 75 766 + 47 891+35 921 +22
Cartpole, swingup 404 + 67 589+ 44 415+38 636 +29
Cartpole, balance 850+91 926+ 13 942+ 18 944 + 25
Ball in cup, catch 316+ 119 692 + 85 643 £ 93 723 +£99
Finger, turn_easy 248 + 56 461 + 188 367+ 154 384+ 171
Cheetah, run 154 +50 287 +21 234 +32 256 +29
Walker-walk, color-hard mode Walker-walk, color-hard mode Walker-walk, color-hard mode Walker-walk, color-hard mode
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Fig. 7 Learning curves of proposed convolutional contrastive reinforcement learning according to blending parameter « in
DMControl Walker-walk environment, color-hard mode. (a) uses only original image. (b) and (c) use blended image
with blending parameter « is 0.8 and 0.2 respectively. (d) uses decreasing blending parameter o (1 — 0.2)
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Table 2 Test scores for proposed method (convolutional contrastive learning with dynamic image blending ratio) and SOTA
(state-of-the-art) studies in DMControl color-hard mode and video-easy mode

Comparison with CURL RAD DrQ PAD (c:;(v)glojtjgnal
SOTA studies contrastive)
Color-hard mode
Walker, walk 445+ 99 400 + 61 520+91 468 + 47 794+ 18
Walker, stand 662 + 54 644 + 88 770+ 71 797 + 46 939 + 61
Cartpole, swingup 454+ 110 590 + 53 586 + 52 630+ 63 766 + 30
Ball in cup, catch 231+ 92 541429 365+210 563 +50 804 + 62
Video-easy mode
Walker, walk 556 + 133 606 + 63 682+ 89 717+ 79 849+ 55
Walker, stand 852+75 745 £ 146 873+ 83 935+ 20 921 +£22
Cartpole, swingup 404 + 67 373+ 72 485+ 105 521+76 636 +29
Ball in cup, catch 316+ 119 481 +26 318+ 157 436+ 55 723+ 99

th-o =2, oA Aotel o|u]x] &3 vl e E i
A7) AEFA Y25 S 7]E SOTA €a1g]

g H ] &
Y oF 12 A4k A sdg iR o
52 §3k k3t S (Random crop)THS AHESHE
H; RAD™: @9 Translation 2 g JZ ~A|Uolz}
T A AZE dolH S35 =
A B, DrQ: HlolH TS B8 7 E
Tr8HE AREEE W PADY: HI22E A] A 4 -&(Policy
Adaptation) = 913} |7 4] = 8H5(Self-supervised Learning)
= A-83F W, Table 20114 &1 5= 2152<], DMControl

o o
ol
ol
&
e
z
)
o,
olf

i=]
o) A7 w54 vl WEE X3 BE HaE 84
oA ARG BA oluA] EF stetrlE S B AT
A 2GS B FAAEL 71E ATFEY Aus
%2 27 Sohe,

o O

= —

B ol A oju)x] 7]
Z7 oA Qe HlolE = ALe

= H

o

I x
i
]
o =

ET; L

R R L O
A o]u) A2k AL g o] FBet53) 23
31, 8ro] Aol wet W o] )40 £
A

=2

FUIO }-NI
(RO

%
=
o e
IR

)
rlo
X
e )
inj
N
J8
o
olN
ol
o
=
Ry

)
(o
fu
olN
A
N,
ol
rr
o%
1
ftlo
O
r%' ol\
o N
F
2 k1
2 il
g i
o
i)
oA =T R O > s [ o [ (o)

[ox

g

>(Y
1 o
oo

il do
ol
L

H|3l| &5 Qb ol A HashA| o nw 73}
e AHA = g A o & W AdE )

Google DMControl generalization benchmark®] 4] 2]
ek s oo A3 AyE Fal, Albe &5
AREshH T/ Ao dHE A A dloly S
7 4 ofu

[e]

L
)%

e e
2
[o
fu
ol
_0|L
X
o|\

=

o

i

o|\

off Iy o
ro, 2
o

L)
4
2 orloomy rfr ool X oo L

o
o
o
i)
(2
>
o|\
ol
[o @
Hl
rO
2
s
=
0%
of
o
rr

ox, o
o,

(oo

References

1) C. Song, G. B. Gu, W. Lim, S. C. Park and S. W.
Cha, “A Energy Management Strategy for Hybrid
Electric Vehicles Using Deep Q-Networks,”
Transactions of KSAE, Vol.27, No.11, pp.903-909,
2019.

2) S. Kim, Y. Kim, H. Jeon, D. Kum and K. Lee,
“Autonomous Driving Technology Trend and
Future Outlook: Powered by Artificial Intelligence,”
Transactions of KSAE, Vol.30, No.10, pp.819-830,

Transactions of the Korean Society of Automotive Engineers, Vol. 31, No. 12, 2023 955



3)

4

5)

6)

7)

8)

9)

10)

Sanghoon Park + Jinwoo Yoo

2022.

V. Mnih, K. Kavukcuoglu, D. Silver, A. Graves, 1.
Antonoglou, D. Wierstra and M. Riedmiller,
“Playing Atari with Deep Reinforcement Learning,”
arXiv preprint arXiv:1312.5602, 2013.

D. Silver, T. Hubert, J. Schrittwieser, I. Antonoglou,
M. Lai, A. Guez, M. Lanctot, L. Sifre, D. Kumaran,
T. Graepel, T. Lillicrap, K. Simonyan and D.
Hassabis, “A General Reinforcement Learning
Algorithm that Masters Chess, Shogi and Go
through Self-play,” Science, Vol.362, No.6419,
pp.1140-1144, 2018.

V. Mnih, K. Kavukcuoglu, D. Silver, A. A. Rusu, J.
Veness, M. G. Bellemare, A. Graves, M. Riedmiller,
A. K. Fidjeland, G. Ostrovski, S. Petersen, C.
Beattie, A. Sadik, I. Antonoglou, H. King, D.
Kumaran, D. Wierstra, S. Legg and D. Hassabis,
“Human-level Control through Deep Reinforcement
Learning,” Nature, 518, pp.529-533, 2015.

O. Vinyals, T. Ewalds, S. Bartunov, P. Georgiev, A.
S. Vezhnevets, M. Yeo, A. Makhzani, H. Kiittler, J.
Agapiou, J. Schrittwieser, J. Quan, S. Gaffney, S.
Petersen, K. Simonyan, T. Schaul, H. van Hasselt, D.
Silver, T. Lillicrap, K. Calderone, Pl Keet, A.
Brunasso, D. Lawrence, A. Ekermo, J. Repp and R.
A New Challenge
Reinforcement Learning,” arXiv preprint arXiv:
1708.04782, 2017.

T. P. Lillicrap, J. J. Hunt, A. Pritzel, N. Heess, T.
Y. Tassa, D. Silver and D. Wierstra,
“Continuous Control with Deep Reinforcement
Learning,” arXiv preprint arXiv:1509.02971, 2015.
D. Kalashnikov, A. Irpan, P. Pastor, J. Ibarz, A.

Tsing, “Starcraft ii: for

Erez,

Herzog, E. Jang, D. Quillen, E. Holly, M.
Kalakrishnan, V. Vanhoucke and S. Levine,
“Scalable Deep Reinforcement Learning for

Vision-based Robotic Manipulation,” Proceedings
of the Conference on Robot Learning, PMLR,
Ziirich, Switzerland, pp.651-673, 2018.

B. M. Lake, T. D. Ullman, J. B. Tenenbaum and S.
J. Gershman, “Building Machines that Learn and
Think Like People,” Behavioral and Brain Sciences,
Vol.40, €253, 2017.

L. Kaiser, M. Babaeizadeh, P. Milos, B. Osinski, R.
H. Campbell, K. Czechowski, D. Erhan, C. Finn, P.
Kozakowski, S. Levine, R. Sepassi, G. Tucker and H.
Michalewski, “Model-based Reinforcement Learning
for Atari,” arXiv preprint arXiv:1903.00374, 2019.

11) M. Laskin, A. Srinivas and P. Abbeel, “CURL:

Contrastive Unsupervised Representations for

956 FAIAEAZHY =27 A31A A128, 2023

12)

13)

14)

15)

16)

17)

18)

19)

20)

21)

Reinforcement Learning,” International Conference
on Machine Learning, PMLR, Virtual, pp.5639-
5650, 2020.

C. Zhang, O. Vinyals, R. Munos and S. Bengio, “A
Study on Overfitting in Deep Reinforcement
Learning,” arXiv preprint arXiv:1804.06893, 2018.
K. Cobbe, O. Klimov, C. Hesse, T. Kim and J.
Schulman,  “Quantifying
Reinforcement Learning,” International Conference
on Machine Learning, PMLR, Long Beach, CA,
USA, pp.1282-1289, 2019.

G. Ma, Z. Wang, Z. Yuan, X. Wang, B. Yuan and D.
Tao, “A Comprehensive Survey of Data Augmentation

il

Generalization in

in Visual Reinforcement Learning,’
arXiv:2210.04561, 2022.

N. Hansen and X. Wang, “Generalization in
Reinforcement Learning by Soft Data Augmentation,”
2021 IEEE International Conference on Robotics
and Automation (ICRA), Xi’an, China, IEEE:
Piscataway, NJ, USA, pp.13611-13617, 2021.

S. Park, J. Kim, H. Y. Jeong, T. K. Kim and J. Yoo,
“C2RL: Convolutional-Contrastive Learning for
Reinforcement Learning Based on Self-Pretraining

arXiv preprint

for Strong Augmentation,” Sensors, Vol.23, No.10,
Paper No.4946, 2023.

Y. Tassa, Y. Doron, A. Muldal, T. Erez, Y. Li, D. D.
Casas, D. Budden, A. Abdolmaleki, J. Merel, A.
Lefrancq, T. Lillicrap and M. Riedmiller, “Deepmind
Control Suite,” arXiv preprint arXiv:1801.00690,
2018.

T. Haarnoja, A. Zhou, P. Abbeel and S. Levine,
“Soft Actor-critic: Off-policy Maximum Entropy
Deep Reinforcement Learning with a Stochastic
Actor,” International Conference on Machine
Learning, PMLR, Stockholm, Sweden, pp.1861-
1870, 2018.

C. Doersch, A. Gupta and A. A. Efros,
“Unsupervised Visual Representation Learning by
Context Prediction,” Proceedings of the IEEE
International Conference on Computer Vision,
Santiago, Chile, pp.1422-1430, 2015.

K. He, H. Fan, Y. Wu, S. Xie and R. Girshick,
“Momentum Contrast for Unsupervised Visual
Representation Learning,” Proceedings of the
IEEE/CVF Conference on Computer Vision and
Pattern Recognition, Seattle, WA, USA, pp.9729-
9738, 2020.

T. Chen, S. Kornblith, M. Norouzi and G. Hinton,
“A Simple Framework for Contrastive Learning of
Visual Representations,” International Conference



22)

23)

24)

25)

26)

Improved Generalization Performance of Image-based Reinfor

on Machine Learning, PMLR, Virtual, pp.1597-
1607, 2020.

J. B. Grill, F. Strub, F. Altché, C. Tallec, P.
Richemond, E. Buchatskaya, C. Doersch, B. Avila
Pires, Z. Guo, M. Gheshlaghi Azar, B. Piot, K.
Kavukcuoglu, R. Munos and M.l Valko, “Bootstrap
Your Own Latent-a New Approach to Self-su-
pervised Learning,” Advances in Neural Information
Processing Systems, Vol.33, pp.21271-21284, 2020.
J. Devlin, M. W. Chang, K. Lee and K. Toutanova,
“Bert: Pre-training of Deep Bidirectional Transformers
for Language Understanding,” arXiv preprint arXiv:
1810.04805, 2018.

Z. Wu, Y. Xiong, S. X. Yu and D. Lin,
“Unsupervised Feature Learning Via Non-para-
metric Instance Discrimination,” Proceedings of the
IEEE Conference on Computer Vision and Pattern
Recognition, Salt Lake City, UT, USA, pp.3733-
3742, 2018.

A. V. Oord, Y. Li and O. Vinyals, “Representation
Learning with Contrastive Predictive Coding,”
arXiv preprint arXiv:1807.03748, 2018.

1. Osband, J. Aslanides and A. Cassirer, “‘Randomized
Prior Functions for Deep Reinforcement Learning,”
Advances in Neural Information Processing Systems,
Vol.31, pp.8626-8638, 2018.

Transactions of the Korean Society of Automotive Engineers, Vol. 31, No. 12, 2023

27)

28)

29)

30)

31)

32)

t Learning through Strong Data Augmentation and Contrastive Learning

Y. Burda, H. Edwards, A. Storkey and O. Klimov,
“Exploration by Random Network Distillation,”
arXiv preprint arXiv:1810.12894, 2018.

K. Lee, K. Lee, J. Shin and H. Lee, ‘“Network
A
Generalization in Deep Reinforcement Learning,”
arXiv preprint arXiv:1910.05396, 2019.

X. Glorot and Y. Bengio, “Understanding the
Difficulty of Training Deep Feedforward Neural
Networks,” Proceedings of the Thirteenth
International Conference on Artificial Intelligence
and Statistics. JMLR Workshop and Conference
Proceedings, Sardinia, Italy, pp.249-256, 2010.

N. Hansen, R. Jangir, Y. Sun, G. Alenya, P. Abbeel,
A. A. Efros, L. Pinto and X. Wang, “Self-supervised
Policy Adaptation during Deployment,” arXiv pre-
print arXiv:2007.04309, 2020.

M. Laskin, K. Lee, A. Stooke, L. Pinto, P. Abbeel
and A. Srinivas, ‘“Reinforcement Learning with
Augmented Data,” Advances in Neural Information
Processing Systems, Vol.33, pp.19884-19895, 2020.
I. Kostrikov, D. Yarats and R. Fergus, “Image
Augmentation is All You Need: Regularizing Deep

Randomization: Simple  Technique  for

Reinforcement Learning from Pixels,” arXiv pre-
print arXiv:2004.13649, 2020.

957



	강한 Data Augmentation과 Contrastive Learning을 통한 이미지 기반 강화학습 일반화 성능 향상 연구
	Abstract
	1. 서론
	2. 관련 연구
	3. Proposed Convolutional Contrastive Learning for Reinforcement Learning
	4. Experimental Results
	5. 결론
	References


