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Abstract

Vision-based reinforcement learning (RL) is successful,
but how to generalize it to unknown test environments re-
mains challenging. Existing methods focus on training an RL
policy that is universal to changing visual domains, whereas
we focus on extracting visual foreground that is universal,
feeding clean invariant vision to the RL policy learner. Our
method is completely unsupervised, without manual annota-
tions or access to environment internals.

Given videos of actions in a training environment, we
learn how to extract foregrounds with unsupervised keypoint
detection, followed by unsupervised visual attention to auto-
matically generate a foreground mask per video frame. We
can then introduce artificial distractors and train a model
to reconstruct the clean foreground mask from noisy obser-
vations. Only this learned model is needed during test to
provide distraction-free visual input to the RL policy learner.

Our Visual Attention and Invariance (VAI) method sig-
nificantly outperforms the state-of-the-art on visual domain
generalization, gaining 15~49% (61~229%) more cumula-
tive rewards per episode on DeepMind Control (our Drawer-
World Manipulation) benchmarks. Our results demonstrate
that it is not only possible to learn domain-invariant vision
without any supervision, but freeing RL from visual distrac-
tions also makes the policy more focused and thus far better.

1. Introduction

Vision-based deep reinforcement learning (RL) has
achieved considerable success on robot control and manipu-
lation. Visual inputs provide rich information that are easy
and cheap to obtain with cameras [31, 32, 27, 8, 7]. However,
vision-based RL remains challenging: It not only needs to
process high-dimensional visual inputs, but it is also required
to deal with significant variations in new test scenarios (Fig.
1), e.g. color/texture changes or moving distractors [34, 1].

One solution is to learn an ensemble of policies, each
handling one type of variations [46]. However, anticipating
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Figure 1: Top) Two ways to make vision-based reinforce-
ment learning generalizable to unknown environments at the
test time: Existing methods focus on learning an RL policy
that is universal to varying domains, whereas our proposed
Visual Attention and Invariance (VAI) extracts visual fore-
ground that is universal, feeding clean and invariant vision
to RL. Bottom) VAI significantly outperforms PAD (SOTA),
increasing cumulative rewards by 49% and 61% respectively
in random color tests on DeepMind control and random
texture tests on our DrawWorld manipulation benchmarks.

all possible variations quickly becomes infeasible; domain
randomization methods [50, 55, 44, 45, 59] apply augmenta-
tions in a simulated environment and train a domain-agnostic
universal policy conditioned on estimated discrepancies be-
tween testing and training scenarios.

Two caveats limit the appeal of a universal RL policy. 1)
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Figure 2: Our VAI method has three components. 1) Unsupervised keypoint detection: Given two adjacent video frames, we
learn to predict keypoints and visual features from each image so that foreground features and target keypoints can be used to
reconstruct the target frame, without any manual annotations. 2) Unsupervised visual attention: We apply causal inference
to remove the model bias from the foreground mask derived from detected keypoints. 3) Self-supervised visual invariance:
We are then able to add artificial distractors and train a model to reconstruct the clean foreground observations. Keypoint and
attention modules are only used during training to extract foregrounds from videos without supervision, whereas only the last
encoder/decoder (colored in green) trained for visual invariance is used to remove distractors automatically at the test time.

Model complexity. The policy learner must have enough
complexity to fit a large variety of environments. While there
are universal visual recognition and object detection models
that can adapt to multiple domains [47, 56], it would be
hard to accomplish the same with a RL policy network often
containing only a few convolutional layers. 2) Training in-
stability. RL training could be brittle, as gradients for (often
non-differentiable) dynamic environments can only be ap-
proximated with a high variance through sampling. Adding
strong augmentations adds variance and further instability,
causing inability to converge. [|3] handles instability with
weaker augmentations, in turn reducing generalization.

The state-of-the-art (SOTA) approach, PAD [13], per-
forms unsupervised policy adaption with a test-time auxil-
iary task (e.g. inverse dynamic prediction) to fine-tune the
visual encoder of the policy network on the fly. However,
there is no guarantee that intermediate representations would
fit the control part of the policy network. Drastic environ-
ment changes such as background texture change from grid
to marble can cause feature mismatches between adapted
layers and frozen layers, resulting in high failure rates.

Instead of pursuing a policy that is universal to changing
visual domains, we propose to extract visual foreground that
is universal, and then feed clean invariant vision to a standard
RL policy learner (Fig. 2). As the visual observation varies
little between training and testing, the RL policy can be
simplified and focused, delivering far better results.

Our technical challenge is to deliver such clean visuals
with a completely unsupervised learning approach, without
mannual annotations or access to environment internals.

Given videos of actions in a training environment, we
first learn how to extract visual foreground with unsuper-
vised keypoint detection followed by unsupervised visual
attention to automatically generate a foreground mask per
video frame. We can then introduce artificial distractors

and train a model to reconstruct the clean foreground mask
from noisy observations. Only this learned model, not the
keypoint or attention model, is needed during test to provide
distraction-free visual input to the RL policy learner.

Our unsupervised Visual Attention and Invariance (VAI)
method has several desirable properties.

1. Unsupervised task-agnostic visual adaption training.
Our foreground extraction only assumes little background
change between adjacent video frames, requiring no man-
ual annotations or knowledge of environment internals
(e.g. get samples with altered textures). It does not de-
pend on the task, policy learning, or task-specific rewards
associated with RL. That is, for different tasks in the same
environment, we only need to collect one set of visual
observations and train one visual adapter, which gets us a
huge saving in real-world robotic applications.

2. Stable policy training, no test-time adaptation. By
freeing RL from visual distractions, our policy learning
is stable and fast without being subject to strong domain
augmentations, and our policy deployment is immediate
without test-time fine-tuning.

3. Clear interpretation and modularization. We extract
keypoints from videos to identify foreground, based on
which attentional masks can be formed. This unsuper-
vised foreground parsing allows us to anticipate visual
distractions and train a model to restore clean foregrounds.
Compared to existing methods that work on intermediate
features, our method has clear assumptions at each step,
which can be visualized, analyzed, and improved.

We conduct experiments on two challenging benchmarks
with diverse simulation environments: DeepMind Control
suite [53, 13] and our DrawerWorld robotic manipulation
tasks with texture distortions and background distractions
during deployment. Our VAL significantly outperforms the
state-of-the-art, gaining 15~49% (61~229%) more cumula-



tive rewards per episode on DeepMind Control (our Drawer-
World Manipulation) benchmarks.
To summarize, we make the following contributions.

1. We propose a novel domain generalization approach for
vision-based RL: Instead of learning a universal policy
for varying visual domains, we decouple vision and ac-
tion, learning to extract universal visual foreground while
keeping the RL policy learning intact.

2. We propose a fully unsupervised, task-agnostic visual
adaptation method that removes unseen distractions and
restores clean foreground visuals. Without manual anno-
tations, strong domain augmentations, or test-time adapta-
tion, our policy training is stable and fast, and our policy
deployment is immediate without any latency.

3. We build unsupervised keypoint detection based on
KeyNet [21] and Transporter [24]. We develop a novel
unsupervised visual attention module with causal infer-
ence for counterfactual removal. We achieve visual in-
variance by unsupervised distraction adaptation based on
foreground extraction. Each step is modularized and has
clear interpretations and visualizations.

4. We propose DrawerWorld, a pixel-based robotic manip-
ulation benchmark, to test the adaptation capability of
vision-based RL to various realistic textures.

5. Our results demonstrate that it is not only possible to learn
domain-invariant vision from videos without supervision,
but freeing RL from visual distractions also leads to better
policies, setting new SOTA by a large margin.

2. Related Works

Unsupervised Learning has made much progress in nat-
ural language processing, computer vision, and RL. It
aims to learn a feature transferable to downstream tasks
[6,37,25,5,58, 15,4, 3,57]. In RL, UNREAL [20] pro-
poses unsupervised reinforcement and auxiliary learning to
improve learning efficiency of model-free RL algorithms,
by maximizing pseudo-reward functions; CPC [38] learns
representations for RL in 3D environments by predicting the
future in the latent space with autoregressive models; CURL
[51] extracts high-level features from raw pixels using con-
trastive learning and performs off-policy control on extracted
features to improve data-efficiency on pixel-based RL.
Domain Adaptation incorporates an adaptation module to
align the feature distribution from the source domain and the
target domain without paired data [39, 28, 49, 30, 63, 10].
There are various approaches to this, from using supervised
data [?, 28, 49], to assumed correspondences [?], to unsuper-
vised approaches [?, ?, 63].

Multi-domain Learning learns representations for multiple
domains known a prior [23, 35, 47, 56]. A combination of
shared and domain-specific parameters are adopted. It is
also feasible to simply learn multiple visual domains with
residual domain adapters [47, 56].

Our work is different from these works, since we do not have
prior knowledge of test data distributions and the model
needs to generalize to unknown test environments.
Robustness to Distribution Shifts studies the effect of cor-
ruptions, perturbations, out-of-distribution examples, and
real-world distribution shifts [36, 29, 18, 33, 45, 17]. Recent
deep RL approaches model such uncertainties explicitly.
[16] uses recurrent neural networks for direct adaptive con-
trol and determines dynamic model parameters on-the-fly.
UP-OSI [61] applies indirect adaptive control for online pa-
rameter identification. EPOpt [46] uses simulated source
domains and adversarial training to learn policies that are ro-
bust and generalizable to a range of possible target domains.
PAD [13] uses self-supervision to continue policy training
during deployment without any rewards, achieving SOTA
in several environments. SODA [14], a concurrent work to
ours, alternates strong augmentations associated with self-
supervised learning and weak augmentations associated with
RL for obtaining both generalizability and stability.

Instead of demanding a universal policy that is invariant to
distribution shifts or transferable to novel environments, we
achieve generalizability by demanding universal visuals that
can be fed into the subsequent RL policy learner, freeing it
from visual distractions and making it more effective.

3. Unsupervised Visual Attention & Invariance

Our goal is to extract universal visual foreground and then
feed clean invariant vision to an RL policy learner (Fig. 2).
Our technical challenge is to deliver such clean visuals with
a completely unsupervised learning approach, without man-
nual annotations or access to environment internals.

Our VAI method has three components: Unsupervised
keypoint detection, unsupervised visual attention, and self-
supervised visual invariance. The first two are only used
during training to extract foregrounds from videos without
supervision, whereas only the last trained model is deployed
to automatically remove distractors from a test video.

3.1. Unsupervised Keypoint Detection

We assume that training videos contain moving fore-
grounds against a relatively still background. Our idea for
unsupervised foreground extraction is the following: Given
two such source and target frames, we can learn to predict
keypoints and visual features from each image so that fore-
ground features and target keypoints can be used to recon-
struct the target frame, without requiring manual annotations.

For a particular image pair, the moving foreground may
have a still part (upper body), or the background may have
a moving part (flickering flames) . However, when the key-
point predictor and the visual feature extractor have to work
consistently across all the videos in the same environment,
they would have to focus on the entire moving foreground
and disregard the random minor background motion.
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Figure 3: Technical implementation of our three components. 1) Unsupervised keypoint detection: We build unsupervised

keypoint detection and visual feature extraction based on KeyNet [

] and Transporter [24]. The goal is to reconstruct the

target frame from the target foreground appearance and the source-transported background appearance, capturing a moving
foreground on a relatively still background. 2) Unsupervised visual attention: We remove the model bias in the foreground
mask derived from detected keypoints with novel causal inference for counterfactual removal. 3) Self-supervised visual
invariance: We train a model to restore an invariant foreground visual image by adding artificial distractors to extracted

foreground and perform self-supervised distraction removal.

Let oy, 0, € RO*HW denote the source and target frames
sampled from a trajectory, where C, H, and W are the
channel dimension, image height and width respectively. Let
®(-) denote the visual feature extractor. Let U(-) denote
the keypoint network that predicts K keypoints in terms of
2D spatial locations {pux}. We render each keypoint as a
smaller H' x W’ Gaussian heatmap with fixed variance o2,

and derive a foreground mask by taking the max of all of

them:
2 — pel?
jT) = - . 1
G(p; ) pe (X XD < 52 )]
We follow KeyNet [21, 24] to reconstruct the target obser-

vation o; from K landmarks ¥(o;), ¥(o;). We follow [24]
to transport the source background appearance to the target
frame by putting the source feature at common background
areas and the target feature at the target keypoints:

®(0t,05) =P(0,) ® (1 - G(¥(0s)))(1 — G(¥(0y)))
+®(0;) ® G(¥(0y)) 2

where ® denotes location-wise multiplication applied to each
channel. A visual attention (VA) decoder outputs a recon-
struction O, of target frame o; from the transported feature
é(ot, 05). Minimizing the reconstruction loss below opti-
mizes the KeyNet and the visual attention encoder/decoder

end-to-end:

Lor(0:,06¢) = |lo, — 6]]3. 3)

Note that the original Transporter only focuses on changes
between frames in the same episode, whereas we also sample
frames from different episodes 50% of the time in reacher en-
vironment which has a fixed target throughout each episode,
so that our keypoints will be able to capture the target and
spread over the entire moving foreground.

3.2. Unsupervised Spatial Attention

Now we already have an unsupervisedly learned keypoint
detector. We first explain why we do not use keypoints for
control and instead derive a visual foreground mask. We
then describe our novel causal inference formulation for
obtaining a foreground mask without model bias.

Transporter [24] successfully makes use of keypoints for
RL in Atari ALE [2] and Manipulator [53]. Keypoints are ge-
ometrical extraction without visual appearance distractions
that they could be potentially used to minimize differences
between training and testing environments.

However, there are three major issues with keypoints in
practice. 1) It is often hard to track keypoints consistently
across frames; even for humans, whether a keypoint is on the
left or right foot is unclear in Fig. 4. This implies that using
predicted keypoints for control directly would be brittle even
in clean images.

2) While keypoints along with image features and LSTM
could work on relatively complicated tasks [24], they add
substantial model complexity and computational costs. 3)
While keypoints themselves are free of visual distractions,
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Figure 4: Our VAI foreground reconstruction (Row 1) pro-
vides clearer and more robust foreground visual information
than detecting keypoints across image frames using Trans-
porter (Row 2). Due to occlusion, symmetry, and lacking
visual distinctions, it is often impossible to track keypoints
consistently across frames. That is, keypoint locations alone
are not suitable as an invariant visual representation.
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Figure 5: Foreground reconstructions with causal inference
are cleaner (Row 2) than those without (Row 1).
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Figure 6: Causal graph of casual inference with counter-
factual reasoning for our foreground mask extraction. The
Controlled Direct Effect (CDE) is measured by the contrast
between two outcomes: the counterfactual outcome given
the visual feature A; and that given the null feature Ay.

their extractor (KeyNet) is only trained for the training envi-
ronment, with no guarantee for robustness against domain
shifts.

We thus propose to generate a foreground mask G(¥ (o))
from the (un-ordered) collection of predicted keypoints in-
stead. We enhance the visual feature in the foreground:
G(¥(0t)) ® ®(0;) and pass it to the VA decoder to recon-
struct a cleaner image 0, (Fig. 5 Row 1). However, it is
blurry with common background remnants captured in the
bias terms of the decoder. The bias terms are essential for
proper reconstruction and cannot be simply set to zero.

We apply causal inference with counterfactual reasoning
[41, 48,43, 11, 52] to remove the model bias (Fig. 6). Intu-

f

cartpole walker open drawer

Figure 7: Our detected keypoints (Row 1) and generated fore-
ground masks (Row 2) from DeepMind control and Draw-
erWorld benchmarks. Note that they could cover multiple
moving objects in the foreground.

itively, the predicted foreground mask Y has a direct cause
from the visual feature A, and an indirect cause from the
model bias M through the decoder D. To pursue the direct
causal effect, we perform counterfactual reasoning known as
Controlled Direct Effect (CDE) [41, 11], which contrasts the
counterfactual outcomes (marked by do(+)) between visual
feature A; and null visual feature Ag (set to the zero tensor):

)] @)

We further threshold it to obtain the foreground mask D(oy):

Dlog) = {O,CDE(Y) <e

CDE(Y) =[Y|do(A,), do(M)]—[Y |do(Ay), do(M

1,CDE(Y) > ¢ ©)

Fig. 7 shows our detected keypoints and generated masks:
1) While the keypoints may be sparse and imprecise, the
foreground mask is clean and complete; 2) Our unsupervis-
edly learned keypoints do not correspond to semantic joints
of articulation, e.g., for the grasper opening a drawer, there
are keypoints on both the grasper and the drawer, and our
derived foreground mask contains both moving objects.

3.3. Self-supervised Visual Invariance

Our spatial attention module outputs a foreground mask,
after seeing samples in the training environment. To make
it adaptable to unknown test environments, we augment the
clean foreground image with artificial distractors and train
a model to reconstruct a mask to retrieve clean foreground
observation.

Given image o, we generate equally cropped clean target
image /; and noisy source image I.

Iy = Te(oy) @ Te(D(oy)) (6)
Is =Ty (1) + To(Te(or) @ (1 = D(11))) (7)

where D(I;) = T.(D(o:)), T denotes synchronized ran-
dom crop, 7 adds possible foreground changes such as
color jitter and random brightness change, whereas 7T, adds
a set of possible background changes such as random col-
ored boxes to the background. We learn a convolutional
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Figure 8: Visualization results of testing environments in DeepMind Control benchmark [ 13,

video backgrounds

distractions

]. The testing environment

changes include randomized colors, video backgrounds, and background distractions.

encoder/decoder pair to reconstruct the clean foreground
mask from noisy I, so that they could focus more on the
foreground and ignore background distractors. We impose a
feature matching loss at output of encoder £ and an image
reconstruction loss at output of decoder D:

Liow = [|D(L) = D)3+ - [|EL) — EX)[3 (®)

where D(I,) is simply the cropped version of D(o;). During
RL training and deployment, for any frame I, we feed I ®
D(E(I)) to the learned RL policy.

What augmentations to use has a big impact on gener-
alization. We propose four additional strong background
augmentations on 7p. 1) The background could randomly
assume the training image background, a random color, or
the mean foreground color with small perturbations. 2) Gaus-
sian pixel-wise noise and random boxes are added. Multi-
ColorOut, an extension to Cutout-color [26], adds multiple
boxes of random sizes, colors, and positions. 3) Darkened
foreground copies are added to the background areas where
the foreground mask values are O, to simulate distractors
that look similar to the foreground. 4) We follow [14] to ran-
domly select images in the Places dataset [62] as background
images for augmentation. For fair comparisons, we list our
results with and without this option. With such generic aug-
mentations, our model is able to perform well on realistic
textures and unknown testing environments even though it
has not encountered them during training.

RL policy training with weak augmentations. Our vi-
sual invariance model outputs a clean foreground image with
background distractors suppressed. The RL policy learner
still needs to handle foreground variations in unknown test
environments. We train our RL policy with weak foreground
augmentations to make it robust to noise and distortions. We
add the usual Gaussian random noise and use only a simple
MultiColorOut to simulate the inclusion of backgrounds and
missing foreground parts. Empirically we find that such
weak augmentations do not affect the RL training stability.

4. Experiments

We experiment on two benchmarks, DeepMind and Draw-
erWorld, and perform ablation studies. The DeepMind Con-
trol benchmark contains various background distractions

Random colors SAC DR PAD SODA+P|VAI VAI+P A

414 594 468 692 819 918 +226
Walker, walk +74 4104 +47 68 |11 %6 (1 33%)
Walker, stand 719 715 797 893 |964 968 +75

+74 96 46  +12 |2 3 (18%)
; 592 647 630 805 830 819 14
Cartpole, swingup | 255 Ji¢ Jo3 28 |+10 46 a 2%)
; Al 857 867 848 _ 990 957 142
Cartpole, balance || 775 T35 59 w9 1)

; 411 470 563 949 886 960 11
Ballincup, catch || By 555 356 210|433 <8 :Tl%)

Finger.spin || 530 293 8 AR |2 % i
Finger,umcasy || 770 107 2% - |8 & 5w
Cheetah,ran || 130 155 19 - |3 B Hihe
Raheeny |19 108 2 %% B
average 467 464 531 - 793 812 ;}25831% )

Table 1: VAI outperforms existing methods on DeepMind
randomized color tests by a large margin without using the
external Places dataset; it is even better than SODA+P, which
uses Places as a part of the training set. Soft Actor-Critic
(SAC) [12, 32] is used as a base algorithm for DR (do-
main randomization), PAD [13], SODA [14], and our VAL
SODA+P and VAI+P use Places [62] as overlay or adapter
augmentation. The results of SAC and DR are copied from
PAD [13]. Listed are the mean and std of cumulative rewards
across 10 random seeds and 100 random episode initializa-
tions per seed. The absolute and relative improvement of
VAI over SOTA method are listed in the A column.

[54, 13] as in Fig. 8. We propose a DrawerWorld Robotic
Manipulation benchmark, based on MetaWorld [60], in order
to test a model’s texture adaptability in manipulation tasks.

4.1. DeepMind Control Benchmark

Tasks. There are walking, standing, and reaching objects
[54], all in 3D simulation. Our agent receives pixel-based
inputs instead of state-based inputs from the underlying dy-
namics unless otherwise stated.

Testing. We follow PAD [13] and test our method under
three types of environments: 1) randomized colors; 2) video
backgrounds; and 3) distracting objects. For tasks with
video background and distracting objects, we apply a moving
average de-noising trick by subtracting a moving average



Video background||SAC DR PAD SODASODA+P| VAI VAI+PA

616 655 717 635 768 870 917 +149

Walker, walk +80 55 +79 48 38 |+21 8 (1 19%)
g ot 899 869 935 903 55 966 968 +13

Walker, stand ¢593 +60 20 +56 213 w1 (1%
, ; 375 485 521 474 758 624 761 +3

Cartpole, swingupl| 505" J67 376 143 +62  |el46 127 (1 0%)

Cartpole, balance t61903 19626 ggg - - 181683 iSZA(% (+Tl§62%)
s (3 21 38 30 g (20 %6 0
e 4135 01 38 8 [ O ol
ey 353 38 20 [ d
Cheetah, run i%" il_gf 5846 - - 2552 2%15 :TISIE?%)
average 497 470 569 - - 678 757 :Tlé;?%)

Table 2: VAI+P (VAI) outperforms PAD by more than 33%
(19%) on challenging DeepMind video backgrounds. Same
settings and conventions as Table 1.

Distracting objects SAC DR PAD VAI A
Cartpole, swingup 815 809 771 891 +120

+60 424 +64 +0  16%)
§ 6 38 60 993 24

Cartpole, balance 22(? 23 £ 229 0 2'? 2%)

Ball in cup, catch 177 331 545 956 +411

+111 +189 +173 +4 (1 75%)

Finger, spin 652 564 867 805 -62

+184 +288 +72 +3 { 7%)
i 302 165 347 389 +42
Finger, turn_easy 168 +12 48 | 18 (1 12%)
average 583 561 698 | 806 7?19?% )

Table 3: VAI outperforms current SOTAs by more than 15%
on DeepMind Control distracting objects. Although VAI
performs worse than PAD on “Finger, spin” task in terms of
mean rewards, the reward variance is greatly reduced from
72 to 3 in std. Same settings and conventions as Table 1.

of the past observations from the current observation and
adding back the mean color of the moving average. We
introduced a constant factor @ multiplied to past moving
average to tune the aggressiveness of the de-noising trick.

Training. For each scenario, we train agents without distrac-
tions and evaluate the model across 10 random seeds and
100 random environment initializations. To get observation
samples for training, we export 5000 transitions from the
replay buffer for the training environment, which are col-
lected with a random policy. We use the same environment
settings such as frame skip and data augmentation as in PAD
to ensure fair comparisons between VAI, PAD, and others.

Randomized color results. Table 1 shows that our VAI
outperforms published SOTA on all the 9 tasks by up-to
an astonishing 337% margin in terms of mean cumulative
rewards, without seeing samples in the test environment
at any time. In contrast, DR is trained with color change
to the environment (which requires knowing and changing
the internals of the environment), which, to some extent,
previews what the test environment would be. Similarly,

success % DrawerOpen DrawerClose
‘0
SAC PAD VAI A SAC PAD VAI A
Grid 98 84 100 +2 100 95 99 -1
£ &7 20 (12%) £ 83l (L1%)
Black 95 95 100 +5 75 64 100 +25
2 13 #2 (15%) £ 9 20 (133%)
28 54 86 +32 0 0 85 +85
Blanket || 50 20 16 (159%) |40 0 48 (1 oo%)
Fabric 2 20 99 +79 0 0 74 +74
+1 +6 *1 (1 395%) +0 +0 +8 (T co%)
Metal 35 81 98 +17 0 2 98 49
+7 3 2 (121%) +0 +2 3 (1 4800%)
3 3 43  +40 0 0 49  +49
Marble £1 41 #7 (11333%) | 20 40 =13 (T co%)
Wood 18 39 94 455 0 12 70 +58
5 30 x4 (1141%) | 20 2 6 (1483%)
+33 +57
average 40 54 87 (161%) 25 25 82 (1 228%)

Table 4: Our VAI consistently outperforms all the baselines
in new texture environments, and on DrawerClose in par-
ticular, VAI succeeds 82% vs. SAC/PAD’s 25%. Grid is
the training environment. Black means a completely dark
background without texture. Other textures are shown in
Fig. 9. DrawerClose is more challenging than DrawerOpen,
as the drawer handle is concealed by the effector in Draw-
erClose, which would require the agent to infer the handle
position from the position and the size of the effector. The
success rate is the percentage of successful attempts out of
100 attempts to open or close a drawer. The mean/std are
collected over 10 seeds.

although PAD does not use any evaluation samples during
training, it does use the samples at the test time to tune the
encoder. Since VAI does not change model weights, it has
no adaptation delay, better stability, and less compute (see
more details in supplementary materials). By suppressing
distractions and feeding only the foreground image, the RL
algorithm ideally sees the same input no matter what the
environment is and is thus not influenced by background
distractions or domain shifts in the test environment.

Video background results. Table 2 shows that our VAI
outperforms baselines in 7 out of 8 tasks in terms of mean
cumulative rewards, often by a large margin.

Distracting object results. Table 3 shows that our VAI
surpasses baselines on 4 out of 5 tasks in terms of cumulative
rewards. It not only obtains nearly full scores on “Cartpole,
balance” and “Ball in cup, catch” tasks, but also greatly
decreases the variance of results to a negligible level.

4.2. Drawer World Manipulation Benchmark

A New Texture Benchmark for Manipulation. CNNs are
sensitive to textures [9]. We propose to evaluate a model’s
texture adaptability in manipulation tasks, based on the Meta-
World [60] benchmark for meta RL and multi-task RL.

In the original MetaWorld, the observations include 3D
Cartesian positions of the robot, the object, and the goal
positions collected with sensors on the object and the robot.
Accurate object positions and robot keypoints are hard to get
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Figure 9: DrawerWorld environments. Grid is the texture
used in training. Other 5 evaluation textures are from realistic
photos, which makes the task challenging.

by in real-world applications, we thus propose a variant of
MetaWorld, DrawerWorld, with visual observations instead.
We focus on the variety of realistic textures (Fig. 9).
Tasks. There are DrawerOpen and DrawerClose tasks,
where a Sawyer arm is manipulated to open and close a
drawer. The action space contains the end-effector positions
in 3D. We adopt MetaWorld reward functions and success
metrics. See supplementary materials for details.
Testing. We test the agent on surfaces of different textures
which, unlike the grid texture used for training, come from
photos instead of from simulations. These tasks are ex-
tremely challenging for two reasons: 1) The agent has never
seen any realistic textures during training; 2) Each texture
also has a different color, so the agent needs to handle both
color change and texture change at the same time.
Texture background results. Table 4 shows that our VAI
outperforms PAD [13] and SAC [12] significantly in all the
test environments. In particular, for 5 out of 6 textures such
as blanket, metal, and wood, SAC and PAD have 0% success
rate, whereas VAI performs far better at 85%, 98%, and 70%
respectively. In the training grid environment, PAD performs
worse than SAC, consistent with [13] on the DeepMind
Control benchmark, whereas our VAI is on-par or slightly
better than SAC, suggesting that we are not gaining texture
adaptability at the cost of losing training performance.
CNNs’ sensitivity to textures poses a big challenge for
visual adaptation. 1) SAC adapts to unknown test environ-
ments with augmentations at the training time. Since textures
are not used during training, SAC breaks down during tex-
ture testing. 2) PAD has to change its feature encoder a lot in
order to adapt to never-seen textures at the time time, shifting
the feature distribution. However, PAD assumes an invariant
feature distribution and, therefore, does not fine-tune the
control part of the policy network at the test time, which
causes the vision-RL pipeline to break down.

4.3. Ablation Studies

We evaluate four ablated variants of our methods on the
DrawerOpen task:

success rate (%) Grid Wood Metal Fabric
¥ B 5 2
+ RL Augmentation 1;}0 ilg 381 i%g‘
+ Foreground Extraction li(())() if if i’f
+ Background Augmentation li%() zf: zg 219

Table 5: Ablation studies for augmentation and foreground
extraction on DrawOpen task. From top to bottom rows,
components are added to the method cumulatively. Each
method is trained in the grid environment and tested in new
texture enviroments of wood, metal, and fabric. Success
rates are collected over 500K steps. Only the last method
with all augmentations deliver consistent robustness.

1. SAC, a base universal policy learning model
2. Method 1 4+ RL with image augmentations, equivalent to

Domain Randomization;

3. Method 2 + Visual invariance module trained without
augmentations: 7T¢, 7 are identity functions;

4. Method 3 4+ We apply the augmentations in Section 3.3
on Ty, Ty, for greater adaptability.

Table 5 shows that while all the methods perform well
in the training environment, they adapt poorly to realistic
textures except the last one. These results suggest that adding
visual augmentations during RL or to the entire image as a
whole is insufficient; providing a clean observation for RL
agents with foreground clues adds significant robustness to
vision-based RL.

5. Summary

We propose a fully unsupervised method to make vision-
based RL more generalizable to unknown test environments.
While existing methods focus on learning a universal policy,
we focus on learning universal foreground vision.

We learn to extract foregrounds with unsupervised key-
point detection, followed by unsupervised visual attention
to remove model bias and generate a foreground mask. We
then train a model to reconstruct the clean foreground mask
from noise-augmented observations.

We propose an additional challenging DrawerWorld
benchmark, which trains manipulation tasks on grid and
tests on texture environments. Existing methods fail due to
CNN’s sensitivity to textures, yet our model with foreground
extraction and strong generic augmentation is robust to never-
seen textures without sacrificing training performance.

Our method significantly advances the state-of-the-art in
vision-based RL, demonstrating that it is not only possible
to learn domain-invariant vision without supervision, but
freeing RL from visual distractions also improves the policy.

Acknowledgments. This work was supported, in part, by
Berkeley Deep Drive.



6. Additional Environment Descriptions
6.1. DeepMind Control

We wrote a short description for each environment in
DeepMind Control suite [54] in Table 6 to further introduce
the environment.

Environment||Descriptions

Walker A planar walker which encourages an upright torso and
minimal torso height in the “stand” task. In “walk” task
forward velocity is also encouraged.

A pole tied to a cart at its base, with forces applied to the base.
“swingup” task requires the pole to swing up from pointing
down while “balance” task requires the pole to balance to be
upright.

Cartpole

Ball in cup |[|A ball attached to a cup, with forces applied to the cup to
swing the ball up into the cup in the “catch” task.

A finger is asked to rotate a rectangular body on a hinge.
The top of the body needs to overlap with the object in
“turn_easy” task and the body needs to rotate continuously in
the “spin” task.

An animal with two feet which is asked to run in the “run”
task.

A planar reacher with two links connected with a hinge in a
plane with a random target location. In the “easy” task, the
reacher is asked to reach the object location. The “hard” task
is unused in our evaluation since it was not adapted by [13].

Finger

Cheetah

Reacher

Table 6: Descriptions for each environment in DeepMind
Control suite.

We also provide samples for the evaluation environments
designed by [13] in Fig. 10.

6.2. DrawerWorld

We propose the DrawerWorld, a benchmark with observa-
tions in pixels, based on MetaWorld [60] to enable the agent
to work in an environment close to real-life scenarios. There
are two tasks in DrawerWorld, which are DrawerOpen and
DrawerClose. These tasks ask a Sawyer robot to open and
close a drawer, respectively.

The multi-component reward function R is a combina-
tion of a reaching reward Reacnh and a push reward Ry, as
follows:

R = Rreaeh + Rpush (
= —[|h = pllo + Ljn—p|la<c - c1 - exp{[[p — g|[3/c2}

where € is a small distance threshold and is set as 0.08 by
default, p € R3 be the object position, h € R3 be the
position of the robot’s gripper, and g € R? be goal position.
¢y = 1000 and ¢y = 0.01 for all tasks in DrawerWorld
benchmark.

The goal of distraction-robust RL is to learn a task-
conditioned policy 7 (a|s, z), where z indicates an encoding
of the task ID, and in this case, different task IDs have dif-
ferent drawer positions. This policy should maximize the av-
erage expected return from the task distribution p(7"), given

9)

by Erop(r) [Ex[S1—o V' Ri(s¢, ar)]]. The success metric,
which is evaluate the agent in evaluation time, is described
by I}|p—g||o<e> Where € is set to 8cm. The difference between
training and evaluation time is the texture and color of the ta-
ble cloth. Image samples of textures that we use are provided
in the main text.

7. De-noise with Past Averages

Since our adapter model works on each frame separately
without any assumption on temporal continuity of consecu-
tive frames, our adapter works exactly the same on videos as
on fixed backgrounds and is not affected by drastic changes
in the background such as flashes of light. However, in some
environments where the assumption of temporal continu-
ity holds, i.e. with a relatively slow-moving background,
we may make use of this assumption to better de-noise the
observations before passing the them into the adapter.

We exploit the assumption here by keeping a mean of past
observations Opean = % Zle 0; and subtract the mean from
observation o, and compute the observations after de-noise
with the formulation: This de-noise step happens before the
observation is sent into CNN (adaptor), formulated as:

Ode-noised = ﬁlter(ot — (Omean 6) + QOmean_color (10)

where Omean_color 1S the mean of Oy,e,y in spatial dimensions,
filter is a function that sets the part with value less than ¢
to 0 to remove some noise, and « € [0, 1] is the strength in
noise removal.

This is completely optional, and since it makes use of
an additional assumption, they are only used in the cartpole
and ball in cup in experiments with background videos and
experiments with distracting objects. In addition, we observe
that with Places dataset as augmentation, the model is robust
enough without this trick, so we disable it for all models in
the training of which Places dataset is used.

8. Memory Usage and Speed Comparisons

From Fig. 11, it seems that VAI is about 3 times as fast
as PAD in terms of the evaluation time in each episode and
requires substantially less GPU memory than PAD. This is
largely due to the fact that PAD trains the encoder network
at evaluation time with back-propagation, which not only
requires the intermediate results to be saved in GPU memory
but also requires backward computation to update the model
parameters, which consumes both time and memory space.
Although VAI has an extra adapter module, the computation
and memory it takes are much less than the ones required
by backward computation and storing intermediate results.
According to the requirements of computational resources in
terms of speed and memory, our method is more suitable for
robots powered by battery and edge inference devices than
PAD from this point of view.



Figure 10: Samples in evaluation environments in DeepMind Control. The samples in the first row are from [13].
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Figure 11: Comparisons on the mean time per episode and
GPU memory occupancy at evaluation time for DrawerClose
task in DrawerWorld between current state-of-the-art method
PAD [13] and the proposed method VAI. VAI is more than 2
times faster than PAD during testing time and requires ~40%
less GPU memory usage. Both methods are evaluated with
exactly the same backbone network. We take the mean of 10
runs for the latency comparison. Memory usage is obtained
with torch.cuda.max_memory_allocated.

9. Further Experiments with Raw Keypoints

To investigate the question of whether raw keypoints ex-
tracted from image observations by KeyNet are able to con-
tribute to effective learning of useful behaviors, we set up
experiments based on the Walker, walk task in DeepMind
Control and list the outcomes in Table 7.

We first train an agent with the state-based observation
provided by the environment, a 24-dimensional tensor, which
includes positions of the joint, velocity, and walker’s torso
height. We do not stack frames for this experiment. This
experiment indicates an upper bound that our agent is able to
achieve in this environment. However, to make a fair compar-
ison with other experiments, where velocity and torso height
information is not directly provided, we also remove these
parts from our observation, leaving only the positions of the
joint as observation in the second experiment. Thus, in the
second experiment, the agent directly reads a 14-dimensional
tensor per frame from the environment based on the position
of each joint. The third experiment is conducted with the RL
agent reading a tensor that contains the (z,y) coordinates of

RL Observations Cumulative Reward

Joint Positions, Velocity, Torso Height 969+2
from the Environment

Joint Positions from the Environment 93543
Keypoints Extracted with KeyNet 70943
VAI on Training Environment 889+3

Table 7: Cumulative rewards on Walker, walk task with 1)
joint positions, velocity, and torso height from the environ-
ment as observations; 2) joint positions from the environment
as observations; 3) keypoints extracted by KeyNet from im-
ages; 4) The proposed method VAL The first two use the
ground truth information, which is not accessible during
real-world deployment, and serve as upper bounds. For ex-
periment 2, 3, and 4, we use stack of 3 frames as input for
the RL agent to infer the velocity since velocity information
is missing. Since walker is a planar environment (the walker
will not lean towards to away from the screen), the extracted
keypoints should roughly correspond to positions from the
significant parts of the walker body. The gap between ex-
periments indicate that a limited number of keypoints from
KeyNet on its own is not a sufficiently informative or ac-
curate source for observations for an RL agent, which is
in accord with our visualization in the main text about the
keypoints’ temporal inconsistency.

24 keypoints. The keypoints are from a KeyNet which reads
an image input. The KeyNet is pre-trained with transporter.
In the last experiment, we run VAI, with the adapter module
trained from the same KeyNet that is used in the experiment
above, on the training environment, although it is able to
adapt to other environments as well and thus is more general.
To infer velocity information, we stack the observations for
three frames for experiments 2, 3, and 4. We run both ex-
periments for 500k steps. We compare their efficiency by
evaluating the agent in training environment 10 times with
10 seeds.

According to the performance of these RL agents in the
training environment, keypoints on its own do not capture
all the information needed by the RL agent accurately. This
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Figure 12: Samples from DrawerWorld, DrawerClose task with their corresponding observation processed by the adapter
module. The Grid task is the training task for the adapter. All the observations use the same adapter for a fair comparison.

will be even worse if the agent is evaluated in a different en-
vironment is has never seen before, since KeyNet itself does
not come with the ability to adapt, although the keypoints
it generates are not supposed to carry domain-specific or
distraction information. Using keypoints information along
with image features as well as history observations may help,
as illustrated in [24] and described in the main text, but it
will add greatly to the complexity of the RL framework.
What’s more, agents may need information other than what
keypoints provide. For example, keypoints do not carry
the shape, size, and color information, which may be of
paramount importance in certain tasks. Furthermore, since
KeyNet allocates an output dimension for each keypoint, the
number of parameters as well as computation time scales lin-
early with the number of keypoints, which prohibits adding a
large number of keypoints to compensate the effect of tempo-
ral inconsistency or to capture complicated observations. In
contrast, since KeyNet is not used in getting adapted obser-
vations in our method, the speed and number of parameters
of our RL agent, including the adapter, at evaluation time
are not affected by the number of keypoints used to generate
ground-truth, which allows our method to scale to compli-
cated environments with many moving parts without losing
efficiency.

10. Visualizations of the Observation Adapter

How to make sure that RL will adapt to a certain setting
that is different from training setting is still an open problem.
Our method opts to work on observation-space. In contrast,
PAD works on an intermediate encoder feature space. Our
method is much easier to visualize and debug since humans
are able to directly understand the quality of adapted obser-
vations while it is really difficult to understand what happens
in the feature space.

To give examples on how to assess whether an adapter

works on a certain environment easily and to illustrate our
performance in a visual way in evaluation environments, we
gathered 6 pairs of raw samples and samples processed by
the adapter in DrawerClose task from the same adapter in
Fig. 12. As can be seen from the examples, the adapter
model differentiates most of the evaluation environments
well, with the exception of the marble environment, which
the adapter confuses parts of the foreground and background
such as the handle and the patches around the actuator, prob-
ably due to the fact that the reflected light on the actuator
has a similar white color to the color of background. This
indicates why our model performances worse in marble envi-
ronment, as illustrated in the experiment section in the main
text, and, in real-life applications, means that the adapter
needs to be re-trained or fine-tuned with observations from
similar environments, or if this is not applicable, with aug-
mentation specially-designed to handle this case. We leave
the question of handling adapter fine-tuning and re-training
to later research.

This visualization has a large impact on the real-world
applications of our method: with only a few observations
from an intended deployment environment, one could easily
visualize and assess whether our method will adapt to such
environment. This does not require any ability to run the
policy in the dynamics, nor does it require reward functions
or consecutive observations which may be difficult to obtain
from deployment environments in real-world applications.
We strongly believe that this simple assessment provides a
direction for future research in explainable, adaptable, and
generalizable reinforcement learning and will present great
benefit to potential applications of reinforcement learning.
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