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Improving Atari Game AI Performance via Data Augmentation in

Offline Reinforcement Learning
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Abstract: In this study, we demonstrate that using the Decision Transformer, an offline reinforcement
learning method, together with data augmentation by adding noise to Atari game screens, improves the
performance of the agent. This data augmentation is typically aimed at improving robustness against noise,
but in this study, we find that performance also improves in clean game environments. In particular, training
with a combination of noisy and clean data results in higher scores compared to using only clean data or
only noisy data. These results suggest that the diversity introduced by noise is beneficial for improving the
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performance of the Decision Transformer.
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Hyperparameter Value
Batch size 128
Context length K 50 (Pong)
30 (Breakout)
30 (Qbert)

30 (Seaquest)
90 (Breakout)
14000 (Qbert)
20 (Pong)
1150 (Seaquest)
Max epochs 5 (all)
500000 (all)

Return-to-go conditioning

Replay buffer capacity
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F 2 A4 XD Breakout DR a7

J A R HIRI 4R Yavh)ARX AVNARIARX ARy INLI) AR
0% 55.36 = 49.47 69.80 * 72.13 37.72 + 19.72 56.44 + 53.83
20% 67.32 £ 74.26 32.80 = 25.86  38.76 £ 19.40 45.52 + 30.37
40% 34.68 + 20.99 53.76 + 37.10 27.48 + 44.48 48.64 *+ 52.92
60% 33.64 + 21.55 47.68 + 26.48 8.92 + 5.61 51.92 + 29.68
80% 54.56 *+ 53.34 44.32 + 23.75 5.00 £ 5.01 57.88 * 48.06
100% 5.60 + 3.65 49.44 + 45.55 3.80 + 2.84 54.44 *+ 42.50
£ 3 JAXMHIZ LD Qbert DFEHRa T
J A4 X HIR) 4R Yavh/4X LNV R ) AR ARy ZN) 4R
0% 2813.0 + 3166.7 2219.0 £ 3191.5 4121.0 £ 2823.9 3308.0 £ 3203.2
20% 2510.0 + 2606.6 2802.0 + 3273.7 6283.0 + 3792.3 1384.0 + 1609.0
40% 2144.0 £ 2761.7 1079.0 + 1465.4 2618.0 + 3309.1 3635.0 + 3568.8
60% 2747.0 + 2848.8 1981.0 + 2298.0 4652.0 + 3349.7 2376.0 = 3220.2
80% 4695.0 + 4294.9 4466.0 * 4697.6 1860.0 + 2108.3 4089.0 * 3830.8
100% 6254.0 = 3768.3 530.0 &+ 715.6 7373.0 £ 4604.4 4841.0 * 3824.5
£ 4 AT D Pong DR a7
J A X HIRIARX  Tay b/ AX AV RIA4RX ARy IV AR
0% 10.16 + 11.25 7.64 + 15.43 7.92 + 15.00 8.84 + 13.68
20% 14.84 + 6.63 13.04 +£ 871  12.12 * 10.08 1.72 £ 16.29
40% 15.52 £ 6.08 7.60 + 14.80 10.16 + 13.99 11.64 + 10.87
60% 11.40 = 10.05 15.08 £ 7.39 9.52 + 13.55 14.84 £ 5.65
80% 11.80 £ 11.80 9.84 + 13.74 8.92 + 14.96 8.76 £ 14.91
100% 7.16 + 13.52 11.00 + 9.67 6.16 + 12.46 12.32 + 9.73
£ 5 /A4 XERZ LD Seaquest DFEIIZR a7
J A X HIR) AR Yav b )ARX AVRALRIALRX ARy INI AR
0% 1030.4 + 340.1 995.2 + 356.0 917.6 = 340.3 923.2 + 421.8
20% 910.4 *+ 259.1 809.6 + 372.9 904.0 + 447.7 936.0 + 355.3
40% 1004.8 + 454.9 768.0 = 392.8 796.0 = 390.7 1011.2 * 404.6
60% 954.4 + 421.4 1080.8 * 285.6 746.4 *+ 384.8 968.8 *+ 345.1
80% 792.0 + 275.6 762.4 *+ 367.6 759.2 & 366.0 782.4 + 416.2
100% 787.2 + 369.1 994.4 + 332.3 677.6 = 321.9 891.2 + 395.6
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