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Abstract

In this work, we investigate Active Vision Reinforcement Learning (ActiveVision-
RL), where an embodied agent simultaneously learns action policy for the task
while also controlling its visual observations in partially observable environments.
We denote the former as motor policy and the latter as sensory policy. For example,
humans solve real world tasks by hand manipulation (motor policy) together
with eye movements (sensory policy). ActiveVision-RL poses challenges on
coordinating two policies given their mutual influence. We propose SUGARL,
Sensorimotor Understanding Guided Active Reinforcement Learning, a framework
that models motor and sensory policies separately, but jointly learns them using with
an intrinsic sensorimotor reward. This learnable reward is assigned by sensorimotor
reward module, incentivizes the sensory policy to select observations that are
optimal to infer its own motor action, inspired by the sensorimotor stage of humans.
Through a series of experiments, we show the effectiveness of our method across
a range of observability conditions and its adaptability to existed RL algorithms.
The sensory policies learned through our method are observed to exhibit effective
active vision strategies.

1 Introduction

Although Reinforcement Learning (RL) has demonstrated success across challenging tasks and games
in both simulated and real environments [2, 9, |11} 189} 197], the observation spaces for visual RL tasks
are typically predefined to offer the most advantageous views based on prior knowledge and can not
be actively adjusted by the agent itself. For instance, table-top robot manipulators often utilize a
fixed overhead camera view [51]. While such fixed viewpoints can potentially stabilize the training
of an image feature encoder [14]], this form of perception is different from humans who actively
adjust their perception system to finish the task, e.g. eye movements [24]. The absence of active
visual perception poses challenges on learning in highly dynamic environments [59,61]], open-world
tasks [30] and partially observable environments with occlusions, limited field-of-views, or multiple
view angles [40} 83]].

We study Active Reinforcement Learning (Active-RL) [[102], the RL process that allows the embodied
agent to actively acquire new perceptual information in contrast to the standard RL, where the new
information could be reward signals [3} 23} 127,150l 56| 162]], visual observations [32| 33]], and other
forms. Specifically, we are interested in visual Active-RL tasks, i.e. ActiveVision-RL, that an agent
controls its own views of visual observation, in an environment with limited visual observability [33]].
Therefore, the goal of ActiveVision-RL is to learn two policies that still maximize the task return: the
motor policy to finish the task and the sensory policy to control the observation.

Our project page, code, and library are available at this link
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Figure 1: ActiveVision-RL with limited visual observability in comparison with standard RL, with
exemplary process in Atari ganBoxing Red arrows stand for additional relationships considered
in ActiveVision-RL. In the example on the right, the highlighted regions are the actual observations
visible to the agent at each step. The rest of the pixels are not visible to the agent.

ActiveVision-RL tasks present a considerable challenge due to the coordination between motor
and sensory policies, given their mutual in uen@®%. The motor policy requires clear visual
observation for decision-making, while the sensory policy should adapt accordingly to the motor
action. Depending on the sensory policy, transitioning to a new view could either aid or hinder the
motor policy learningl14,/40,[102]. One notable impediment is the perceptual aliasing mentioned
by Whitehead and BallarfL02]. An optimal strategy for sensory policy should be incorporating
crucial visual information while eliminating any distractions. In the real world, humans disentangle
their sensory actions, such as eye movements, from their motor actions, such as manipulation, and
subsequently learn to coordinate thés8g,[61]. Despite being modeled separately, these two action
policies and the coordination can be learned jointly through the interaction during sensorimotor
stagel[25, 711, 72, 103].

Taking inspiration from human capabilities, we propose SUGARL: Sensorimotor Understanding
Guided Active Reinforcement Learning, an Active-RL framework designed to jointly learn sensory
and motor policies by maximizing extra intrinsic sensorimotor reward together with environmental
reward. We model the ActiveVision-RL agent with separate sensory and motor policies by extending
existing RL algorithms with two policy/value branches. Inspired by sensorimotor stdgéZ, 103,

we use the intrinsic sensorimotor reward to guide the joint learning of two policies, imposing penalties
on the agent for selecting sub-optimal observations. We use a learned sensorimotor reward module to
assign the intrinsic reward. The module is trained using inverse dynamics predictioB2za% [

with the same experiences as policy learning without additional data or pre-training.

In our experiments, we use modi ed Ata8][and DeepMind Control suite (DMCP[7] with limited
observability to comprehensively evaluate our proposed method. We also test on Robosuite tasks
to demonstrate the effectiveness of active agent in 3D manipulation. Through the challenging
benchmarks, we experimentally show that SUGARL is an effective and generic approach for Active-
RL with minimum modi cation on top of existed RL algorithms. The learned sensory policy also
exhibit active vision skills by analogy with humans' xation and tracking.

2 Active Vision Reinforcement Learning Settings

Consider a vanilla RL setting based on a Markov Decision Process (MDP) describ@pdoyr; P; ),
whereS is the state spacd, is the action space,is the reward function? describes state transition
which is unknown and is the discount factor. In this work, we study ActiveVision-RL under limited
visual observability, described KB; O; AS; A°;r;P; ), as shown in Figure 10 is the actual
partial observation space the agent perceives. In particular, we are interested in visual tasks, so each
observatioro is an image contains partial information of an environmental stdtke an image

crop in 2D space or a photo from a viewpoint in 3D space. To emulate the human ability, there
are two action spaces for the agent in Active-RL formulatiéid.is the motor action space that
causes state changgsYs; a®). A° is the sensory action space that only changes the observation of
an environmental stat® ojs; a°). In this setting, the agent needs to t¢ké; a°) for each step, based

on observation(s) only. An example is shown in Figure 1.

Our goal is to learn the motor and sensory action poli€i€s °) that still maximize the returrF1> M.
Note that the agent is never exposed to the full environmentalst&eth policies are completely
based on the partial observatiom$:= 5(jo),a° = °(jo). Therefore the overall policy learning
is challenging due to the limited information per step and the non-stationary observations.



Figure 2: Overview of SUGARL and the comparison with original RL algorithm formulation.
SUGARL introduces an extra sensory policy head, and jointly learns two policies together with
the extra sensorimotor reward. We use the formulation of SFCds an example. We introduce
sensorimotor reward module to assign the reward. The reward indicates the quality of the sensory
policy through the prediction task. The sensorimotor reward module is trained independently to the
policies by action prediction error.

3 SUGARL: Sensorimotor Understanding Guided Active-RL
3.1 Active-RL Algorithm with Sensorimotor Understanding

We implement Active-RL algorithms based on the normal vision-based RL algorithms with simple
modi cations regarding separated motor and sensory policiés °), and the sensorimotor reward
rsuwsal  We use DQN 5] and SAC B6] as examples to show the modi cations are generally
applicable. The example diagram of SAC is shown in Figure 2. We rst introduce the policy then
describe the sensorimotor reward in Section 3.2

Network Architecture The architectural modi cation is branching an additional head for sensory
policy, and both policies share a visual encoder stem. For D83\ fwo heads outpu®®; Q° for each
policy respectively. This allows the algorithm to sela&t= arg max,s Q% anda® = arg max Q°

for each step. Similarly for SAC3f], the value and actor networks also have two separate heads for
motor and sensory policies. The example in the form of SAC is in Figure 2.

Joint Learning of Motor and Sensory Policies Though two types of actions are individually
selected or sampled from network outputs, we nd that the joint learning of two policies bene ts
the whole learning41, 111]. The joint learning here means both policies are trained using a shared
reward function. Otherwise, the sensory policy usually fails to learn with intrinsic reward signal only.
Below we give the formal losses for DQN and SAC.

For DQN, we take the sum of Q-values from two polic@s Q° + Q° and train both heads jointly.
The loss is the following vy]here we indicate our modi cations Iby blue:

2
L2( 1) = Epasanyp ¥i Q% (o) + Q° (o;a)
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whereL Q is the loss for Q-networks, stands for the parameters of both heads and the encoder stem,
i is the iteration, and is the replay buffer.r *9"is the extra sensorimotor reward with balancing
scale which will be described in Section 3.2.

For SAC, we do the joint learning similarly. The soft-Q loss is in the similar form of above DQN
which is omitted for simplicity. The soft-value lots’ and is

LY( )= En 5 V(@)+ Vo(@)

2
Eas sae o Q%(or;ap)+ Q°(o;af) log °(afjo) log °(afjor) ;
and the actor losk is
L ()= Eo b log *(afjor)+log °(afjor) Q°(or;a7) Q°(o;ar) ;



where ;  are parameters for the critic and the actor respectively, and reparameterization is omitted
for clearness.

3.2 Sensorimotor Reward

The motor and sensory policies are jointly trained using a shared reward function, which is the
combination of environmental reward and our sensorimotor reward. We rst introduce the assignment
of sensorimotor reward and then describe the combination of two rewards.

The sensorimotor reward is assigned by the sensorimotor reward moquleThe module is trained
to have the sensorimotor understanding, and is used to indicate the goodness of the sensory policy,
tacking inspiration of human sensorimotor learniig][ The way we obtain such reward module is
similar to learning an inverse dynamics modg8][ Given a transitior(oy; af; 0t+1 ), the module
predicts the motor actioa® only, based on an observation transition tuf@e o¢+; ). When the
module is (nearly) fully trained, the higher prediction error indicates the worse quality of visual
observations. For example, if the agent is absent from observations, it is hard to infer the motor action.
Such sub-optimal observations also confuse agent's motor policy. Since the sensory policy selects
those visual observations, the quality of visual observations is tied to the sensory policy. As a result,
we can employ the negative error of action prediction as the sensorimotor reward:

re9= (1 p(afjor;op U ) (1)
This non-positive intrinsic reward penalizes the sensory policy for selecting sub-optimal views that do
not contribute to the accuracy of action prediction and confuse motor policy learning. In Section 5.4
we show that naive positive rewarding does not guide the policy well. Note that the reward is less
noisy when the module is fully trained. However, it is not harmful for being noisy at the early stage
of training, as the noisy signal may encourage the exploration of policies. We use the sensorimotor
reward though the whole learning.

The sensorimotor reward module is implemented by an independent neural network. The loss is a
simple prediction error:
LY( )= Eoiona a0 [Error(a;  u (0g;041))]; 2)

where theError( ) can be a cross-entropy loss for discrete action space or L2 loss for continuous
action space. Though being implemented and optimized separately, the sensorimotor reward module
uses the same experience data as policy learning, with no extra data or prior knowledge introduced.

Combining Sensorimotor Reward and BalancingThe sensorimotor reward'9"is added densely
on a per-step basis, on top of the environmental rew&tdn a balanced form:
re= reV+ p Suoan (3)

where is the balance parameter varies across environments. The reward balance is very important
to make both motor and sensory policies work as expected, without heavy bias towards o&8]side [
which will be discussed in our ablation study in Section 5.4. Following the studies in learning
with intrli:psic rewards and rewards of many magnitud&® B8, 75, 96, 99|, we empirically set

=E| thl r£™=T], which is the average environmental return normalized by the length of the
trajectory. We get these referenced return data from the baseline agents trained on normal, fully
observable environments, or from the maximum possible environmental return of one episode.

3.3 Persistence-of-Vision Memory

To address ActiveVision-RL more effectively, we introduce a Persistence-of-Vision Memory (PVM)
to spatio-temporally combine multiple recent partial observations into one, mimicking the nature

Figure 3: Examples for different instantiations of PVM wigh= 3.
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Figure 4: Five selected Robosuite tasks with examples on four hand-coded views.

of human eyes and the memory. PVM aims to expand the effective observable area, even though
some visual observations may become outdated or be superseded by more recent observations.
PVM stores the observations frofhpast steps in a buffer and combines them into a single PVM
observation according to there spatial positions. This PVM observation subsequently replaces the
original observation at each step:

wheref () is a combination operation. In the context of ActiveVision-RL, it is reasonable to assume
that the agent possesses knowledge of its focus point, as it maintains the control over the view.
Therefore, the viewpoint or position information can be used. In our implementatidr(s)shown

in Figure 3, we show a 2D case of PVM using stitching, and a PVM using LSTM which can be used
in both 2D and 3D environments. In stitching PVM, the partial observations are combined like a
Jiasaw puzzle. It is worth noting that combination functiocan be implemented by other pooling
operations, sequence representatidfs 44, 85, 86], neural memoriesd7, 39, 76, 78], or neural 3D
representations [74, 107], depending on the input modalities, tasks, and approaches.

4 Environments and Settings

4.1 Active-Gym: An Environment for ActiveVision-RL

We present Active-Gym, an open-sourced customized environment wrapper designed to transform
RL environments into ActiveVision-RL constructs. Our library currently supports active vision agent
on Robosuite 114, a robot manipulation environment in 3D, as well as Atari gan®sifd the
DeepMind Control Suite (DMC)]7] offering 2D active vision cases. These 2D environments were
chosen due to the availability of full observations for establishing baselines and upper bounds, and
the availability to manipulate observability for systematic study.

4.2 Robosuite Settings

Observation Space In the Robosuite environment, the robot controls a movable camera. The image
captured by that camera is a partial observation of the 3D space.

Action Spaces Each step in Active-Gym requires motor and sensory ac{iahs®). The motor

action spacd ® is the same as the base environment. The sensory actionApasa 5-DoF control:
relative (x, y, z, yaw, pitch). The maximum linear and angular velocities are constrained to 0.01/step
and 5 degrees/step, respectively.

4.3 2D Benchmark Settings

Observation Space In the 2D cases of Active-Gym, given a full observat©rwith dimensions

(H; W), only a crop of it is given to the agent's input. Examples are highlighted in red boxes in
Figure 5. The sensory action decides an observable area by a lopatjgncorresponding to the
top-left corner of the bounding box, and the size of the bounding/bpw). The pixels within the
observable area becomes the foveal observation, de nefl aso® = O[x : x + h;y : y + w].
Optionally, the foveal observation can be interpolated to other resolutiors Interp(o®; (h; w) !

(rL;rfN)), Where(rL;r\fN) is the foveal resolution. This design allows for exibility in altering

the observable area size while keeping the effective foveal resolution constant. Typically we set
(r{1 ;rf) = (h;w) and xed them during a task. The peripheral observation can be optionally provided
as well, obtained by interpolating the non-foveal pafrt="Interp(O n oS (H; W) ! (rf;rB)),
where(rf; rP) is the peripheral resolution. The examples are at the even columns of Figure 5. If the
peripheral observation is not providexf, = 0.



Figure 5: Left: observations from Active-Gym with different foveal resolutions (F) and peripheral
settings (P) in Atari and DMC. The red bounding boxes show the observable area (foveal) for clarity.
Right: 4x4 discrete sensory action options in our experiments.

Table 1: Results on Robosuite. We report the IQM of raw rewards from 30 evaluations. Highlighted
task names are harder tasB&ld numbers are the best scores of each taskuaittrscoreciumbers
are the second best.

Approach Wipe Door NutAssemblySquare Lift Stack
SUGARL-DrQ (Stacking PVM) 56.0 274.8 78.0 79.2 127
SUGARL-DrQ (LSTM PVM) 58.5 266.9 108.6 88.8 315
SUGARL-DrQ (3D Transformation+LSTM PVM) 74.1  291.0 65.2 875 324
SUGARL-DrQ w/o Joint Learning 43.6 175.4 58.0 107.2 12.0
SUGARL-DrQ w/o PVM 52.8 2433 37.9 55.6 7.7
Single Policy 124 228 8.42 10.7 0.53
DrQ w/ Object Detection (DETR) 152 431 54.8 15.4 7.5
DrQ w/ End-to-End Attention 142 1414 28.5 33.0 136
Eye-in-hand View (hand-coded, moving camera) 16.1 114.6 1029 2339 73.0
Front View (hand-coded, xed camera) 49.4 240.6 39.6 69.0 13.8
Agent View (hand-coded, xed camera) 12.7 190.3 49.9 122.64.7
Side View (hand-coded, xed camera) 259 136.2 345 56.6 12.8

Action Spaces The sensory action spaéé€’ includes all the possible (pixel) locations on the full
observation, but can be further formulated to either continuous or discrete spaces according to speci ¢
task designs. In our experiments, we simplify the space by a 4x4 discrete grid-like anchoes/for
(Figure 5 right). Each anchor corresponds to the top-left corner of the observable area. The sensory
policy chooses to place the observable area among one of 16 anahsodugecontrol), or moves it

from one to the four neighbor location®lative control).

4.4 Learning Settings

In our study, we primarily use DQN6p] and SAC B6] as the backbone algorithms of SUGARL to
address tasks with discrete action spaces (Atari), and use DrQv2 [108] for continuous action spaces
(DMC and Robosuite). All the visual encoders are standardized as the convolutional networks
utilized in DQN [65]. To keep the network same, we resize all inputs to 84x84. For the sensorimotor
understanding model, we employ the similar visual encoder architecture with a linear head to predict
a;. Each agent is trained with one million transitions for each of the 26 Atari games, or trained with
0.1 million transitions for each of the 6 DMC tasks and 5 Robosuite tasks. The 26 games are selected
following Atari-100k benchmark47]. We report the results using Interquartile Mean (IQM), with

the scores normalized by the IQM of the base DQN agent under full observation (except Robosuite),
averaged across ve seeds (three for Robosuite) and all games/tasks per benchmark. Details on
architectures and hyperparameters can be found in the Appendix.

5 Results

5.1 Robosuite Results

We selected ve of available tasks in Robosuitd 4], namely block lifting (Lift), block stacking
(Stack), nut assembling (NutAssembleSquare), door opening (Door), wiping the table (Wipe). The
rst two are easier compared to the later three. Example observations are available in Figure 4. We
compare against a straightforward baseline that a single policy is learned to govern both motor and
sensory actions. We also compare to baselines including RL with object detection (a replication
of Cheng et al[17]), learned attentior9f3], and standard RL with hand-coded views. Results are

in 1. We con rm that our SUGARL works outperforms baselines all the time, and also outperforms



(a) Without peripheral observation (b) With peripheral observation (c) Static policies comparison

Figure 6: Results with different observation size and peripheral observation settings. The green
bars are results from SUGARL. The red dashed lines stand for the DQN baseline trained on full

observations using the same amount of data. We compare SUGARL against two dynamic views:
Random View and Raster Scanning, and three static view baselines. In (b) with peripheral observation,
we compare a baseline using peripheral observation only indicated by the cyan line.

the hand-coded views most of the time. Speci cally, for the harder tasks including Wipe, Door, and
NutAssemblySquare, SUGARL gets the best scores.

Designs of PVM We compare different instantiations of proposed PVMs including: Stacking:
naively stacking multiple frames; LSTM: Each image is rst encoded by CNN and fed into LSTM;
3D Transformation + LSTM: we use camera parameters to align pixels from different images to the
current camera frame. Then an LSTM encodes the images after going through CNN. We nd that 3D
Transformation + LSTM works the best, because it tackles spatial aligning and temporal merging
together. LSTM also works well in general.

5.2 2D Benchmark Results

We evaluate the policy learning on Atari under two primary visual settingth and without
peripheral observation. In each visual setting we explore three sizes of observable area (set
equivalent to foveal resolution20x2Q 30x3Q and50x5Q In with peripheral observation setting, the
peripheral resolution is set to 20x20 for all tasks. We use D@Bjthased SUGARL (SUGARL-

DQN) and compare it against two variants by replacing the learnable sensory policy in SUGARL with:
Random ViewandRaster Scanning Random View always uniformly samples from all possible
crops. Raster Scanning uses a pre-designed sensory policy that chooses observable areas from left
to right and top to down sequentially. Raster Scanning yields relatively stable observation patterns
and provides maximum information under PVM. We also provide a DQN baseline trained on full
observations (84x84) as a soft oracle. In with peripheral observation settings, another baseline trained
on peripheral observation only (20x20) is compared as a soft lower bound.

In Figure 6a and 6b, we nd that SUGARL performs the best in all settings, showing that SUG-
ARL learns effective sensory and motor policies jointly. More importantly, SUGARL with peripheral
observation achieves higher overall scores (+0@2) than the full observation baselines. In details,
SUGARL gains higher scores than the full observation baseline in 13 out of 26 games with 50x50
foveal resolution (details are available in the Appendix). This nding suggests the untapped potential
of ActiveVision-RL agents which leverage partial observations better than full observations. By ac-
tively selecting views, the agent can lter out extraneous information and concentrate on task-centric
information.

Compare against Static Sensory PoliciesWe also examine baselines with static sensory policies,
which consistently select one region to observe throughout all steps. The advantage of this type
baseline lies in the stability of observation. We select 3 regi@esiter, Upper Left, andBottom

Right, and compare them against SUGARL in environment w/o peripheral observation. As shown
in Figure 6¢, we observe that SUGARL still surpasses all three static policies. The performance
gaps between SUGARL and Center and Bottom Right are relatively small when the observation
size is larger (50x50), as the most valuable information is typically found at these locations in Atari

Table 2: Evaluation results on different conditions and algorithm backbones

(a) Action modeling (b) Train more steps (c) SUGARL with SAC (d) Different PVMs

Model 20 30 50 Steps Model 20 30 50 Model 20 30 Vel 0 30 %
odel
SUGARL 0.475 0.810 0.805 SUGARL 0.424 0.730 0.785
SUGARL (abs)0.475 0.8100.805 1M gingie policy 0.132 0.222 0171 SUGARL wiors6 0.300 0.307 0.504 Stitching PVM 0.475 0.815 0.810
SUGARL (rel) 0.367 0.74%.945 SUGARL 1.170 1.121 1553 SAC-raster scanning 0.117 0.195 0.138 STM PVM  0.397 0.448 0.470

Single Policy  0.132 0.222 0.171%M  single Policy 0.332 0.640 1.145 SAC-random view 0.155 0.104 0.134
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Figure 7: Examples of learned sensory policies from SUGARL-DQN. Top: frequency heat maps of
pixels being observed. Bottom: sequences of observations showing xation-like and tracking-like
behaviors. More videos are available at this link

environments. Static observation is therefore quite bene cial for decision-making. However, as the
observation size decreases, an active policy becomes essential for identifying optimal observations,
leading SUGARL to outperform others by a signi cant margin.

Sensory-Motor Action Spaces Modeling SUGARL models the sensory and motor action spaces
separately inspired by the human abilities. An alternative approach is jointly modeling two action
spacedA = AS A °and learning one single action policy, with environmental reward only (referred
asSingle Policy). We compare Single Policy and display the results in Table 2a, which reveal that
modeling one large action space fails to learn the policy properly due to the expanded action space.
Additionally, we examine two types of sensory action spaedsolute (abs) andelative (rel).
Absolute modeling allows the view to jump across the entire space while relative modeling restricts
the view to moving only to the neighboring options at each step. Results in Table 2a indicate that the
absolute modeling performs better in smaller observable regions, as it can select the desired view
more quickly than relative modeling. In contrast, relative modeling demonstrates better performance
in larger observable region setting as it produces more stable observations across steps.

Training More Steps We subsequently explore SUGARL performance when trained with more
environmental steps, comparing outcomes between 1M and 5M steps. Results in Table 2b con rm
that SUGARL continuous to improve with more steps and consistently outperforms the single
policy baseline, suggesting that it does not merely stagnate at a trivial policy. However, due to the
challenges posed by limited observability, the learning still proceeds slower than for the agent with
full observations, which achieves the score 4.106 at 5M steps.

Generalization of SUGARL We apply SUGARL to Soft Actor-Critic (SAC)36] and evaluate its
performance on environments without peripheral observation. As before, we compare it with Random
View, Raster Scanning, and SUGARL without intrinsic reward. According to Table 2c, we nd that
SUGARL-SAC outperforms the naive version without the guidanag®" further emphasizing

the signi cance of our method. Moreover, SUGARL-SAC also surpasses the random view and raster
scanning policies. However, when employing max-entropy-based methods like SAC, it is necessary
to reduce the weight of the entropy term to ensure consistency in the sensory policy. We will further
discuss it in Section 5.3 based on the analysis of the learned sensory policy behavior.

DMC Tasks We also evaluate SUGARL on DI\{I(!BY] Table 3: SUGARL on DMC
tasks based on DrQ1{g, an improved version of

DDPG [10(. We use six environments in DMQ7]:  Model 20 30 50
ball_in_cup-catchcartpole-swingupcheetah-rundog-  SUGARL-DrQ | 0.686 0.717 1.052
fetch sh-swim, andwalker-walk Three foveal observa- Did paser seamning 0,609 0.266.0.953
tion resolutions (20x20, 30x30, and 50x50) without pePrQ-Random View 0.569 0.591 0.768

ripheral observation are explored. We use relative contra G AR oo Yt ing 6327 0 ad6 6 355

for sensory action and decide the discrete sensory optiorns

by thresholding the continuous output. We compare our approach with baselines with joint modeling
of sensory and motor action spaces (Single Policy), Raster Scanning, and Random View. Results are
shown in Table 3. SUGARL outperforms all baselines in three foveal settings in DMC, showing it is
also applicable to continuous control tasks.




5.3 Sensory Policy Analysis

Sensory Policy Patterns In Figure 7, we present examples of learned sensory policies from
SUGARL-DQN in four Atari games, in settings w/o peripheral observations. These policies are
visualized as heat maps based on the frequency of observed pixels. We discover that the sensory
policies learn bothxation andmovement(similar to tracking) behaviourd P, 110 depending on

the speci ¢ task requirements. In the rst two examples, the sensory policy tends to concentrate on
xed regions. Inbattle_zonethe policy learns to focus on the regions where enemies appear and the
xed front sight needed for accurate ring. By contrast, in highly dynamic environmentsbgkeng
andfreeway the sensory policies tend to observe broader areas in order to get timely observations.
Though not being a perfect tracker, the sensory policy learns to track the agent or the object of interest
in these two environments, demonstrating the learned capability akin to humans' Smooth Pursuit
Movements. Recorded videos for entire episodes are available at our project page.

Sensory Policy Distribution We guantitatively assess the
distributions of learned sensory policies. There are 16 sen-
sory actions, i.e. the observable area options in our setup
(Figure 5). We compare the distributions against uniform
distribution using KL-divergence, across 26 games x 10
eval runs x 5 seeds. The resulting histogram are shown in
Figure 8. We observe that the learned policies consiste lg ) . T

deviate from the uniform distribution, suggesting that sedure 8: KL divergence distributions of

sory policies prefer speci ¢ regions in general. The higfaned sensory policies.

peak at the high KL end supports the “ xation” behavior identi ed in the previous analysis. As the
observation size increases, the divergence distribution shifts towards smaller KL end, while remaining
> 0:5for all policies. This trend indicates that with larger observable sizes, the policy does not need
to adjust its attention frequently, corroborating the bene t of using relative control shown in Table 2a.

Pitfalls on Max-Entropy Based Methods  In the previous analysis,Taple  4:  Varing of

we both qualitatively and quantitatively demonstrate that sensg{ygaARL-SAC.

policies are not uniformly dispersed across the entire sensory action

space. This observation implies tls@nsorypolicy should exercise Model 20 30 50
caution when adopting the max-entropy-based methods. We condgi@btune 0.271 0.358 0.444

an experiment on varying the usage ofthe entropy coef cientin xed- =0:20.424 0.730 0.785

SAC in all three foveal observation size settings. Results in Table 4

show that simply disabling autotune and setting a small value to the sensory policyfsroves.
This nding tells that max-entropy may not be a suitable assumption in modeling sensory policies.

5.4 Ablation Studies

We conduct ablation studies in the setting without peripheral observation and with 50x50 observation
size. Five crucial design components are investigated to validate their effectiveness by incrementally
adding or removing them from the full model. The results are presented in Table 5. From the
results, we demonstrate the importanceefalizingthe agent for inaccurate self-understanding
predictions rather than rewarding accurate predictiof¥¥{positive) | rs'9{negativg). By
imposing penalties, the maximum return is bounded by the original maximum possible return per
episode, allowing motor and sensory policies to better coordinate each other and achieve optimal
task performanceReward balancesigni cantly improves the policy, indicating its effectiveness in
coordinating two policies as well. PVM also considerably enhances the algorithm by increasing the
effective observable area as expected.

Table 5: Ablation study results based on DQN 50x50 foveal res w/o peripheral observation. The
blank elds means there are no such modi cations for that model.

Model rsugal  Joint Learning PVM  Reward Balance) 1QM
Random View 3 0.367
8 Base RL algorithm -

oz % + Naive positive intrinsic reward positive 0.281
< _ + Joint learning positive 3 0.322
8 - E Positive! negativer su9a! negative 3 0.360
0 +PVM negative 3 3 0.423

+ Reward Balance negative 3 3 3 0.805
SUGARL w/orsugar 3 3 0.421
SUGARL w/or U9 and w/o PVM 3 0.231




6 Related Work

Active Learning is the concept that an agent decides which data are taken into its learning and may ask
for external information in comparison to tting a xed data distributidh p, 10, 21, 22, 31, 46, 49,

55, 57, 60, 64, 66, 73, 81, 88, 90, 101, 105, 113. Active Vision focuses on continuously acquiring

new visual observations that is helpful for the vision task like object classi cation, recognition
and detection4, 5, 7, 8, 18, 28, 29, 48, 63, 98, 106, 109, segmentation]3, 58, 70], and action
recognition f5]. The active vision is usually investigated under a robot vision scenario that a robot
moves around in a scene. However, the policy is usually not required to accomplish a task with
physical interactions such as manipulating objects compared to reinforcement learning.

Active Reinforcement Learning (Active-RL), at a high level, is that the agent is allowed to actively
gather new perceptual information of interest simultaneously through an RL task, which can also be
called active perceptioripZ. The extra perceptual information could be reward sigBa2B, 27, 50,

56, 62], visual observations from new viewpoin33 54, 67, 87], other input modalities16], and
language instructiond p, 68, 69, 94]. Though these work may not explicitly use the term Active-RL,

we nd that they can be uniformly organized in the general Active-RL formulation and we coin
the term here. In our work, we study the ActiveVision-RL task in a limited visual observability
environment, where at each step the agent is only able to partially observe the environment. The agent
should actively seek the optimal observation at each step. Therefore, our setting is more @8se to [
33] and Active Vision problems, unlike research incorporating attention-like inductive bias given a
full observation B4, 42, 43, 79, 91, 93, 104. The ActiveVision-RL agent must learn an observation
selection policy, called sensory policy, to effectively choose the optimal partial observation for
executing the task-speci ¢ policy (motor policy). The unique challenge for ActiveVision-RL is the
coordination between sensory and motor policies given there mutual in uence. In recent works, the
sensory policy can be either trained in the task-agnostic @&ywith enormous exploration data, or
trained jointly with the task32] with naive environmental reward only. In this work we investigate

the joint learning case because of the high cost and availability concern of pre-training tasks [33].

Robot Learning with View Changes Viewpoint changes and gaps in visual observations are the
common challenges for robot learning)[ 53, 77, 84, 92, 117, especially for the embodied agents

that uses its rst-person viewsp, 35, 80]. To address those challenges, previous works proposed to
map visual observation from different viewpoints to a common representation space by contrastive
encoding P6, 82, 83] or build implicit neural representations3, 107]. In many rst-person view

tasks, the viewpoint control is usually modeled together with the motor action like manipulation and
movement B0, 80]. In contrast, in our ActiveVision-RL setting, we explore the case where the agent
can choose where to observe independently to the motor action inspired by the humans' ability.

7 Limitations

In this work, we assume that completely independent sensory and motor actions are present in an
embodied agent. But in a real-world case, the movement of the sensors may depend on the motor
actions. For example, a xed camera attached to the end-effector of a robot manipulator, or to a
mobility robot. To address the potential dependence and con icts between two policies in this case,
extensions like voting or weighing across two actions to decide the nal action may be required.
The proposed algorithm also assumes a chance to adjust viewpoints at every step. This could be
challenging for applications where the operational or latency costs for adjusting the sensors are high
like remote control. To resolve this, additional penalties on sensory action and larger memorization
capability are potentially needed. Last, the intrinsic reward currently only considers the accuracy of
agent-centric prediction. Other incentives like gathering novel information or prediction accuracy
over other objects in the environment can be further explored.

8 Conclusion

We present SUGARL, a framework based on existed RL algorithms to jointly learn sensory and
motor policies through the ActiveVision-RL task. In SUGARL, an intrinsic reward determined
by sensorimotor understanding effectively guides the learning of two policies. Our framework is
validated in both 3D and 2D benchmarks with different visual observability settings. Through the
analysis on the learned sensory policy, it shows impressive active vision skills by analogy with
human's xation and tracking that bene t the overall policy learning. Our work paves the initial way
towards reinforcement learning using active agents for open-world tasks.
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A Appendix

A.1 Learning Curves

Figure 9: Learning curves of 26 Atari games, under the setting of 50x50 foveal observation size and
20x20 peripheral observation.

Figure 10: Learning curves of 26 Atari games, under the setting of 30x30 foveal observation size and
20x20 peripheral observation.

A.2 Hyper-parameter Settings
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