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Reinforcement Learning from Pixels

High dimensional observation
Challenge: |:> Lower sample efficiency
Limited interaction with
the environment




Previous Sample-Efficient RL Methods

——

Instance discrimination (e.g., CURL [1])

Predicting future states (e.g., SPR [2]) Help state
Auxiliary task — Predictive Information (e.g., CPC [3]) :D representation learning

Image reconstruction (e.g., Yarats et al. [4])

Increase data diversity

Image augmentation P .

(e.g.. RAD [5], Dra [6]) B Crop, shift, intensity, ... :> from appearance
e ‘,
: Problem: Limited experience is still deficient in the representation learning.
- e e !
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Our ldea

* Problem: limited experience
e Qur idea:

Create some virtual = Boost representation

. Sample efficienc
“experience” learning :> P IETEE 1



Proposed Method
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Proposed Method
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Our Cycle Consistency Definition: E.c[da(z},2:)] =0

forward : z; =z, Zp i1 = WZpop, arr), fork=0,1,--- K —1,
backward : z£+K = Zi i, Zyoy = 0(Zp g, aier), fork=K—1,K—2,---,0.
M
Cycle loss: L., Z (2., 2¢)
m=1



Proposed Method

Overall Objective:
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- RLloss: The loss of Rainbow [7] or SAC [8].
- Prediction loss: The loss of forward prediction using real trajectories like SPR [2].
- Cycle loss: Our proposed cycle loss using the virtual trajectories.
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Ablation Study

Table 1: Effectiveness of PlayVirtual.

Model Atari-100k  DMControl-100k
Baseline w/o Pred 334 680.0
Baseline 37.1 728.0
Baseline+BDM 38.4 741.0

PlayVirtual 47.2 797.0




Comparison with the State-of-the-arts

Table 2: Scores achieved by different methods on discrete-control benchmark Atari-100Kk.

Game Human Random SimPLe[61] DER[45] OTR[23] CURL[29] DrQ[50] SPR[40] PlayVirtual
Alien 71277 2278 616.9 739.9 824.7 558.2 771.2 801.5 947.8
Amidar 17195 5.8 88.0 188.6 82.8 142.1 102.8 176.3 165.3
Assault 742.0 2224 5272 4312 351.9 600.6 452.4 571.0 702.3
Asterix 85033  210.0 1128.3 470.8 628.5 734.5 603.5 977.8 9333
Bank Heist 753.1 14.2 34.2 51.0 182.1 131.6 168.9 380.9 245.9
Battle Zone 371875 2360.0 5184.4 101246 4060.6 14870.0 129540  16651.0 13260.0
Boxing 12.1 0.1 9.1 0.2 25 1.2 6.0 35.8 38.3
Breakout 30.5 1.7 16.4 1.9 9.8 4.9 16.1 17.1 20.6
Chopper Command ~ 7387.8  811.0 1246.9 861.8 1033.3 1058.5 780.3 974.8 9224
Crazy Climber 358294 10780.5 62583.6 161853 21327.8 121465 205165 429236  23176.7
Demon Attack 1971.0 152.1 208.1 508.0 711.8 817.6 11134 5452 1131.7
Freeway 29.6 0.0 20.3 27.9 25.0 26.7 9.8 24.4 16.1
Frostbite 4334.7 65.2 2547 866.8 231.6 1181.3 331.1 1821.5 1984.7
Gopher 24125 2576 771.0 349.5 778.0 669.3 636.3 715.2 684.3
Hero 308264 1027.0 2656.6 6857.0 6458.8 6279.3 37363 7019.2 8597.5
Jamesbond 302.8 29.0 125.3 301.6 1123 471.0 236.0 365.4 394.7
Kangaroo 3035.0 52.0 323.1 779.3 605.4 872.5 940.6 3276.4 2384.7
Krull 26655  1598.0 4539.9 2851.5 3277.9 4229.6 4018.1 36889 3880.7
Kung Fu Master 227363 2585 17257.2 14346.1 57222 143078 9111.0 131927 14259.0
Ms Pacman 6951.6 3073 1480.0 1204.1 941.9 1465.5 960.5 13132 1335.4
Pong 14.6 207 12.8 -19.3 13 16.5 85 5.9 3.0
Private Eye 69571.3 249 58.3 97.8 100.0 218.4 -13.6 124.0 93.9
Qbert 13455.0 1639 1288.8 1152.9 509.3 1042.4 854.4 669.1 3620.1
Road Runner 7845.0 1.5 5640.6 9600.0 2696.7 5661.0 8895.1  14220.5 13534.0
Seaquest 420547 684 683.3 354.1 286.9 384.5 301.2 583.1 527.7
Up N Down 116932 5334 33503 2877.4 2847.6 2955.2 3180.8  28138.5 10225.2

Median HNS (%) 100 0 14.4 16.1 20.4 175 26.8 41.5 47.2




Comparison with the State-of-the-arts

Table 3: Scores achieved by different methods on continuous-control benchmark DMControl.

100k Step Scores  PlaNet[16] Dreamer[17] SAC+AE[49] SLAC|30] CURL[29] DrQ [50] SPR[40] PlayVirtual
Finger, spin 136 £ 216 341 =70 740 £+ 64 693 = 141 767 £56 901 £ 104 868 £ 143 915+ 49
Cartpole, swingup 297 + 39 326 &= 27 311 =11 - 582+ 146 759 +92 799 + 42 816 £+ 36
Reacher, easy 20 £ 50 314 £+ 155 274 + 14 - 538 2233 601 =213 6384269 785 4 142
Cheetah, run 138 + 88 235 £ 137 267 + 24 319 + 56 299 + 48 344 + 67 467 £+ 36 474 + 50
Walker, walk 224 + 48 277 £ 12 394 £ 22 361 £ 73 403 +£24 6121164 398t 165 460+ 173
Ball in cup, catch 0+£0 246 + 174 391 £+ 82 5124110 769 + 43 913 =53 861 233 926 + 31
Median Score 137.0 295.5 351.0 436.5 560.0 685.5 719.0 800.5
500k Step Scores

Finger, spin 561 £ 284 796 £ 183 884 + 128 673 £ 92 926 =45 938 103 924 + 132 963 + 40
Cartpole, swingup 475 £ 71 762 £+ 27 735 £ 63 - 841 £ 45 868 = 10 870 £ 12 865 £ 11
Reacher, easy 210 = 390 793 £ 164 627 £ 58 - 929 4+ 44 942 + 71 925 =79 942 + 66
Cheetah, run 305 £ 131 570 £ 253 550 £+ 34 640 = 19 518 £ 28 660 = 96 716 =47 719 £ 51
Walker, walk 351 £ 58 897 =49 847 4 48 842 £ 51 902 43 921 =45 916 =75 928 + 30
Ball in cup, catch 460 =+ 380 879 + 87 794 + 58 852 £ 71 959 + 27 963 +9 963 + 8 967 5
Median Score 405.5 794.5 764.5 757.5 914.0 929.5 920.0 935.0
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