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Brief Summary

Self-supervised Paired Similarity Representation Learning (PSRL)
» Effectively encodes spatial structures for vision-based reinforcement learning

* Propose to impose the paired similarity constraints for visual deep RL by guiding the
global prediction heads with locality-inherent volume
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1. Introduction

1. Deep reinforcement learning (RL)

* Training agents to solve various tasks including complex control and video games

* Most approaches have focused on training RL agent under the assumption that
compact state representations are readily available

* This assumption does not hold in the cases where raw visual observations (e.g. images)
are used as inputs for training the deep RL agent
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A number of deep RL approaches leverage the recent advance of self-supervised
learning which effectively extracts high-level features from raw pixels
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* Problem of recent approaches: Encode the global semantic representations of images,
there has been no attention on the local fine-grained structures

* Our key observation: Spatial deformation can provide plenty of local samples! .
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1. Introduction

3. Proposed Method (PSRL)

* Paired similarity constraints

- We impose the paired similarity constraints for visual deep RL by guiding the global prediction heads
with locality-inherent volume.

- We impose similarity constraints on the three representations:
1) transformed query representations by the estimated pixel-wise correspondence
2) predicted query representations from the action aware transform module
3) target representations of future state

* Correspondence aware transform
Correspondence aware transform is applied to generate future representations, which has been widely
used for various tasks such as image registration and recognition to model the local spatial deformation.

* Action aware transform
We extend our framework by introducing the concept of future state prediction into the proposed action
aware transform. C 1Y)
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2. Proposed Method - Overview

Correspondence Aware Action Aware
 QOverall framework of the PSRL method Transform (CAT) Transform (AAT)
Local head L1 (3D volume) L1 (3D volume)

Global head | L (1D global vector) L ; (1D global vector)

o Z,‘Z ( 1) CAT
(CorreSpondenceJ P—{ o HeadJ * generates the next feature via

aware Transform \.

Alon R warping using a correspondence map.
) - (aware Transform}<_ Ok 2) AAT
[C"f;?‘_’:‘l‘s‘;‘“} Y_ G * predicts the next feature using the
2 2 current action.

Matching
T C —— 3) L loss

[GlobalandLocal) I « encodes local information as it
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\ operates in pixel units.
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Sy * encodes global information as it

Target
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2. Proposed Method - Correspondence Estimation

Self-supervised Correspondence Estimation

- Correlation volume is 1. Given an input raw observation o, and 0y, 1,
= _ computed between two we apply query encoder E4 and target encoder
& = 4| | lateniFepresentations! E’ to generate the latent features z9 and z°.

2. We compute a correlation volume V, ;, using a

dot product between two latent representations
as follows:
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Vor(u,v,6) = (zo(u + 98),z,(v + 6))

3. The correspondence estimation module C is
trained by self-supervised loss £, as:
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2. Proposed Method - Paired Similarity Representation Learning

Pixel-wise correspondence learning and correspondence aware transform (CAT)

1. We first compute a set of M + 1 external correspondence
maps with the self-supervised correspondence estimation
module C such that

Internal correspondence map

Pixel-wise ex t e t ) CI J—
Cortespondence External correspondence map Cikisioiri = C(Zkwivt Zi+i) fori =0,.., M.

Matching

2. As an additional exploitation of predicted volumes,
K= we also predict internal correspondence maps within

% .
q int _ a .9
g the query features e, as cJ*, = C(z],z}]).

t
2t M+1

3. The loss function £, for computing the internal and external correspondence maps is given as

M
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2. Proposed Method - Correspondence Estimation

Pixel-wise correspondence learning and correspondence aware transform (CAT)

4. To measure the similarity between the transformed query representation

Z''" and the target representation Z¢ ., , we use two projection heads and

one predictor.

5. The prediction loss L, is computed using the cosine similarity between
the transformed query representation y.\; = ¢9(?(Z!/7)) and the
observed target representation y;_., = (¥¢(Z.,4)), such that
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2. Proposed Method - Correspondence Estimation

Action aware transform (AAT)

1. We generate the query representation Z g by applying 1 X 1 convolution to the
query features and then feed it into the convolutional prediction model G.

Action . . . DT
ak 2. Then, we use a single next prediction Z;'’] = G(Z}/, a;,) from the query
“ representation 7,/ .

q,pT
Zk+1

3. The predicted global query representation Z,"/ is fed into the query
projection head 17 and the query prediction head ¢ such that

—B— vl = ¢ (l,bq(Z,zflr)), with the loss Ls(v,'F), vk 1)
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i Za = aeryprojecton 1 |--{query predicion d’q]_lya representations y;, y P, and y{,, as
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3. Experimental Results

 Evaluation on Atari Games

2.

The proposed method (PSRL) achieved the best
performance on 13 out of 26 environments.

PSRL did not perform well in the task "Pong,
because of the few discriminative spatial structures

Game Human Random Rainbow SimPLe DER OTRainbow CURL DrQ SPR PSRL
Alien 7127.7 227.8 318.7 616.9 739.9 824.7 558.2 771.2 801.5 1030.1
Amidar 1719.5 5.8 325 88.0 188.6 82.8 142.1 102.8 176.3 114.3
Assault 742.0 222.4 231.0 527.2 431.2 351.9 600.6 4524 571.0 708.3
Asterix 8503.3 210.0 243.6 1128.3 470.8 628.5 734.5 603.5 977.8 959.3
Bank Heist 753.1 14.2 15.55 34.2 51.0 182.1 131.6 168.9 380.9 95.8
BattleZone 37187.5 2360.0 2360.0 5184.4 10124.6 4060.6 14870.0 12954.0 16651.0 16688.0
Boxing 12.1 0.1 -24.8 9.1 0.2 2.5 1.2 6.0 35.8 35.9
Breakout 30.5 1.7 1.2 164 1.9 9.8 4.9 16.1 17.1 17.5
ChopperCommand 7387.8 811.0 120.0 1246.9 861.8 1033.3 1058.5 780.3 974.8 1251.2
Crazy Climber 358294 10780.5 2254.5 62583.6 16185.3 21327.8 12146.5 20516.5 42923.6 42544.0
Demon Attack 1971.0 152.1 163.6 208.1 508.0 711.8 817.6 11134 545.2 884.0
Freeway 29.6 0.0 0.0 20.3 27.9 25.0 26.7 9.8 244 24.8
Frostbite 4334.7 65.2 60.2 254.7 866.8 231.6 1181.3 331.1 1821.5 776.9
Gopher 2412.5 257.6 431.2 771.0 349.5 778.0 669.3 636.3 715.2 920.3
Hero 30826.4 1027.0 487.0 2656.6 6857.0 6458.8 6279.3 3736.3 7019.2 3977.3
Jamesbond 302.8 29.0 474 125.3 301.6 112.3 471.0 236.0 365.4 4714
Kangaroo 3035.0 52.0 0.0 323.1 779.3 605.4 872.5 940.6 3276.4 1580.0
Krull 2665.5 1598.0 1468.0 4539.9 2851.5 3271.9 4229.6 4018.1 3688.9 4958.3
Kung Fu Master 22736.3 258.5 0.0 17257.2 14346.1 5722.2 14307.8 9111.0 13192.7 17759.5
Ms Pacman 6951.6 307.3 67.0 1480.0 1204.1 941.9 1465.5 960.5 1313.2 1597.3
Pong 14.6 -20.7 -20.6 12.8 -19.3 1.3 -16.5 -8.5 -5.9 -8.2
Private Eye 69571.3 24.9 0.0 58.3 97.8 100.0 218.4 -13.6 124.0 158.0
Qbert 13455.0 163.9 123.46 1288.8 1152.9 509.3 1042.4 854.4 669.1 1290.3
Road Runner 7845.0 11.5 1588.46 5640.6 9600.0 2696.7 5661.0 8895.1 14220.5 3175.7
Seaquest 42054.7 68.4 131.69 683.3 354.1 286.9 384.5 301.2 583.1 734.9
Up N Down 11693.2 5334 504.6 3350.3 28774 2847.6 2955.2 3180.8 28138.5 4263.8 yd
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3. Experimental Results

Evaluation on DMControl Suite

- 500K steps: after most methods converge

- 100K steps: when most methods do not converge

100K step scores State SAC Pixel SAC SAC+AE Dreamer PlaNet CURL RAD DrQ PSRL
Finger, Spin 811146 179+66 74064 341470 136216 76756 85673 901+104 8821132
Cartpole, Swingup 835422 419440 311£11 32627 297+£39 582+146 828+27 759+£92 849-+63
Reacher, Easy 74625 145+30 274+14 314£155 20+£50 538+£233 826219 601+£213 6214202
Cheetah, Run 61618 197%15 267124 2354137 138488 299448 447188 344467 398471
Walker, Walk 891+£82 42412 394422 27712 224448 403+24 5044191 6121164 5954104
Ball in Cup, Catch 746191 312463 391482 2461174 010 769443 8404179 913453 922460
500K step scores State SAC Pixel SAC SAC+AE Dreamer Planet CURL RAD DrQ PSRL
Finger, Spin 923121 179+£166 8844128 796183 5614284 926445 9474101 938+103 961121
Cartpole, Swingup 848+ 15 419+40 735463 762427 475171 841+£45 863+9 868110 895139
Reacher, Easy 923424 145430 627458 7931164 2104390 929444 955+71 942471 932441
Cheetah, Run 795430 197x15 550434 5704253 3054131 518428 728171 660196 686180
Walker, Walk 948454 42412 847448 89749 351458 902443 918416 921445 930475
Ball in Cup, Catch 974433 312+63 794+£58 879187 4604380 959427 974+12 963+9 98854

1. The proposed method (PSRL) achieved the best performance on 4 out of 6 environments for 500K
time steps.

2. RAD, DrQ and RSRL are the three methods with the highest convergence speed.




