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Performance Degradation in Challenging Environments

» Existing algorithms for the generalization of vision-based reinforcement learning (RL) exhibit significant
performance degradation in challenging environments like Video Hard in the DMControl-GB[1,2].

e Our proposed SimGRL demonstrates robust performance across all benchmarks.

DMControl-GB Video Benchmarks

SimGRL {
CG2A

SGON 4
TLDA q

SODA 4
DrQ 1
RAD 1
SACH

B Video Easy
N Video Hard

0 100 200 300 400 S00 600 700 800 .« :
Average Score Video Hard

[1] “Deepmind control suite.” arXiv (2018).
[2] "Generalization in reinforcement learning by soft data augmentation." /CRA (2021).
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Core Problems Causing Overfitting
Existing methods were vulnerable to the following issues :
* Imbalanced saliency.

M,,: Attribution mask obtained from the binarization
e Observational overfitting[1]. by p-quantile of a gradient-based attribution map.

Stacked Frames Stacked Frames
t—1 t t—2 t—1 t

—

Observation Observation

Imbalanced Saliency Observational Overfitting

[1] "Observational overfitting in reinforcement learning." ICLR (2020).
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Conventional Practices in Visual RL for Generalization

* Image-level frame stack used to encode temporal information.

* Data augmentation uniformly applied across consecutive frames used to learn robust representations
(+ optionally representation learning).

Insufficient!

[Image-level Frame Stack] [Example of data augmentation]

(Random overlay) a X
\ at

Encoder Critic Q-value
(1-a)x _’

qo(st,at) = Qo(fo(lot—2,0t—1,0¢)),at), st = (0r—2,0e—1,0¢) N %2 /' Augmented Image
State s = (01 0, 03)
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Summary

We propose two simple regularization strategies to mitigate the problems.

1. Architectural modification
 We propose to modify the structure of the image encoder.

2. Data augmentation
* We propose a more proper data augmentation.

DiML ©V0LAB SimGRL, NeurlPS 2024
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1. Feature-Level Frame Stack
Modifying the structure of the encoder to enable an RL agent to separately focus on important features for

[ ]
each frame.

2. Shifted Random Overlay Augmentation
Modifying random overlay[1] augmentation to enable an RL agent to be robust to dynamic background

distractions and observational overfitting.

[Feature-Level Frame Stack] [Shifted Random Overlay Augmentation]

- RO ey
wy)
o RS —| f3 —> hL N o Shifted Patches
é - ' A ; : A : Shifted
S E | s ] —m e . : a e : Cl’Op wse
[ : 4 1 = i i
. |-~=«e; -
~ N ( Ty 0 0 O - — . ) |
(%3
g e Feature Critic Q-value Sample Natural Sample Regions to
a Encoder Image £ be Cropped 7 55
—| fo 1.{4 Stacked Feature Map { Image Frames
Observation Image Encoder Feature Map : H=H+2(n-1l ‘ (1—a)x E \;,A (\ — 1 ("
o w | : ~d sy
L W=w+2m-DI | i
_ 2 1 il 1 & T Ao Oz O i " csdisat
qo(st,ar) = Qo(fg ([fo (0t—2), fg(0t-1), fa (o)), ar), st = (0t—2,0t—1,0¢) e m——— “fg‘f,’%;lg)ae

[1] "Generalization in reinforcement learning by soft data augmentation." /CRA (2021).
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SimGRL - A Simple Framework for Generalization in Visual RL under Dynamic Scene Perturbations
* Integrating the two proposed regularizations.
* Adopting the SVEA[1] algorithm for our baseline.

Target Q-value :if

Target Encoder Target Critic e

{ Lo

i ) Y
— R ' ' i Ge
Encoder Critic Q-value

TR0(s1; €)
£0(8) = Espsar s BlB@0(56:at) — 0°) + (L= B)(ao (7% (551, €), ar) — ¢'")’]
where qo(s¢t, at) = Qe(fg([fgl(ot_g),f (0¢—1), f@( ), as), st = (0t—2,0t_1,0¢)

[1] "Stabilizing deep g-learning with convnets and vision transformers under data augmentation." NeurlPS (2021).
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Task-IDentification (TID) Metrics

Measuring quantitatively the ability for the model to identify task-relevant objects.
* Providing a useful tool to analyze the problems.

TID Score TIDyar

Biased Identification

Invalid Region (Imbalanced Saliency)

TIDa — NobjM NobjM . (NobjM)
g = X = o — ; ;
Nt Ny Nobj X Ny ; .

High

Where,

Nypj : Number of task object’s pixels in input images.
Ny : Number of pixels in attribution masks M.

Nop ,, : Number of task object’s pixels included in M,,.

Bad Identification i
(Observational Overfitting) |

TID Variance

Low

TIDvqa, = Var[100 x (TID},TIDZ, ..., TIDZ)]

Where,
TID; : Individually computed TID scores at each frame.

> TIDS

DiML ©V1LAB SimGRL, NeurlPS 2024
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Experiment Results on DMControl-GB Benchmarks

* We evaluated zero-shot test performances for video environments of DMControl-GB.

* Superior performance in Video Easy. :
(Reaching saturated performance by existing methods) Y e

Video Easy Level

Test

Training

e Significant performance improvement in Video Hard.

(Not yet reaching saturated performance by existing methods)

Video Hard Level

| DMControl-GB |  SAC RAD DrQ SODA SVEA TLDA SGQN EAR CG2A | SimGRL | A
Walker, Walk 245165 608192  T47+£21 768+38  819+71 868+63 910+24 913+£38 918+20 | 910+£21 -8 (0.8%)
%" Walker, Stand 380+131  879+64 92630  955%£13 96148 973+6 955+£9 970+23 968+6 973+4 0
= | Ball In Cup, Catch | 1924157 3634158 380+188 875456 871106 855+56 950+£24 91140 963428 | 96417 +1 (0.1%)
$ | Cartpole, Swingup | 398460 473454 459481 75862  782+27  671£57 761+28 762488 788124 | 838+35 +50 (6%)
-E Finger, Spin 206£169 516113 599+£62 695497 808433 744418 956128 717451 912469 | 983+2 +27 (3%)
Cheetah, Run 73£18 153£7 270+£16 26810 25117 33657 289435 334456 314449 | 317+16 -19 (6%)
o Walker, Walk 122447 80%10 121552 2 312:-32 2 385163 2024133 730421 383459 687418 @ TI34:31 +34 (5%)
5 | Walker, Stand 23157 229445 252457 771+83 834+46 595456 851124 744462 895435 | 932417 +37 (5%)
= | Ball In Cup, Catch | 101+£37 98+40 100+40 3274100 403+174  304+58  782+57 320+48 806+44 | 902+19 | +96 (12%)
$ | Cartpole, Swingup | 158+17 152429 13629  429+£64 393445 308+44 544443 375437 472424 | 727+23 | +183 (34%)
= | Finger, Spin 13£10 39420 38+13 302441 335458 256425 822424 277462 819+38 | 864112 +42 (5%)
e Cheetah, Run 75414 2149 49413 130+24 112412 67+23 157+69 91446  168+16 | 301+7 | +133 (79%)

DiML ©V1LAB SimGRL, NeurlPS 2024
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Computational Efficiency
* Thanks to the lack of any additional losses or

networks, SimGRL is much more efficient than
the previous SOTA SGQN[1].

DMControl-GB (Video Hard)

Average Return
=
o
o

— SGON
m— SimGRL (Ours)

0 5 10 15 20 25
Hours (for 500K Frames)
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Ablation Study
e Each regularization leads to remarkable

performance improvements over the baseline
SVEA[2].

00 DMControl-GB (Video Hard)

L=
o
[=]

400 +

- Baseline (SVEA)

200 == SimGRL-F {SVEA+Feat Stack)
SimGRL-S (SVEA+SRO)

= SimGRL (SVEA+Both)

Average Return

o 1 2 3 4 5
Number of Frames (x10°)

[1] "Look where you look! Saliency-guided Q-networks for generalization in visual Reinforcement Learning." NeurlPS (2022).
[2] "Stabilizing deep g-learning with convnets and vision transformers under data augmentation." NeurlPS (2021).
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Task-identification Capability of SimGRL

« Compared to SVEA, the proposed SimGRL accurately identifies the true salient pixels in both training and ‘Video Hard’
test environments of DMControl-GB.

Training | SVEA i SimGRL Test 5 SVEA SimGRL

l

I
SEEE

(a) Attribution masking examples in ‘Cartpole, Swmgup

Stacked Frames

t—1
—

o

Training SVEA SimGRL Test SVEA i SimGRL

é‘

,\,\

t

Stacked Frames
t—1

. - %
- R s I
h B 9 .
g
N\
Wg& %
- »
\J
e
P

(b) Attrlbutlon masking examples in ‘Cheetah, Run’

DifL @VILAB SimGRL, NeurlPS 2024
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Analysis with TID Metrics

* SimGRL shows relatively high TID scores and low TID variances reqardless of tasks, implying the mitigation
of both problems.

TID
var i Biased Identification  :
Invalid Region i (Imbalanced Saliency) "Variance' vs 'Score'
350 —
) 300 1 :’
T ?_:‘ i
£ 250 : -;‘
......................... — AP
Bad Identification P o 200 1 s
(Observational Overfitting) : GRAE [ERmrELEn g
: = 150 1
A 100 1
=
2 i . . 50 == P S T
3 s rij x," R x \:

(Under-fitting) : 0 — T =
0.0 0.2 0.4 0.6
TID Score (Train)
E :
- DrQ (Cartpole) #* SVEA (Cartpole) # SimGRL (Cartpole)

» TIDg DrQ (Cheetah) ® SVEA (Cheetah) ® SimGRL (Cheetah)

DiML ©V1LAB SimGRL, NeurlPS 2024




Experiments ,} PROCESSING SYSTEMS
o
ber

Analysis with TID Metrics

* Good task identification in training environments can lead to :

1) Good task identification also in test environments.

2) Good generalization performance, thanks to the reduced overfitting to training environments.

"Test' vs 'Train' (Score) 'Generalization' vs 'Score’
0.6 800
0.5 ®
- E 600
0 0.4 -
@
L_.a *® § #
£ 0.3 & 4001
@ - " ©
0 02 g
= & 200 = ‘
0.1 e .
0.0 : : 0 | . =
0.0 0.2 0.4 0.6 0.0 0.2 0.4 0.6
TID Score (Train) TID Score (Train)
DrQ (Cartpole) % SVEA (Cartpole) # SimGRL (Cartpole)
DrQ {Cheetah) ® SVEA (Cheetah) ® SimGRL (Cheetah)

DiML ©V1LAB SimGRL, NeurlPS 2024
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* By utilizing gradient-based attribution masks, we highlight the two core issues of
imbalanced saliency and observational overfitting. Additionally, we propose TID metrics
to measure the discrimination ability of an RL agent on task objects, providing insights
into these issues.

 To address these problems, we propose architectural and data regularization methods
through a modification to an encoder structure and an introduction of new data
augmentation.

 We achieve state-of-the-art performances across video benchmarks of DMControl-GB,
DistractingCS, and robotic manipulation tasks.

DiML ©V1LAB SimGRL, NeurlPS 2024
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E-mail: swonil92@yonsei.ac.kr
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