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Abstract

Visual exploration is a task that seeks to visit all the nav-
igable areas of an environment as quickly as possible. The
existing methods employ deep reinforcement learning (RL)
as the standard tool for the task. However, they tend to be
vulnerable to statistical shifts between the training and test
data, resulting in poor generalization over novel environ-
ments that are out-of-distribution (OOD) from the training
data. In this paper, we attempt to improve the generaliza-
tion ability by utilizing the inductive biases available for the
task. Employing the active neural SLAM (ANS) that learns
exploration policies with the advantage actor-critic (A2C)
method as the base framework, we first point out that the
mappings represented by the actor and the critic should sat-
isfy specific symmetries. We then propose a network design
for the actor and the critic to inherently attain these sym-
metries. Specifically, we use G-convolution instead of the
standard convolution and insert the semi-global polar pool-
ing (SGPP) layer, which we newly design in this study, in
the last section of the critic network. Experimental results
show that our method increases area coverage by 8.1m?
when trained on the Gibson dataset and tested on the Mat-
terport3D dataset, establishing the new state-of-the-art.

1. Introduction

Embodied visual navigation is one of the key problems
of autonomous navigation and has attracted increasing at-
tention recently. Researchers have studied various target-
oriented tasks of visual navigation so far. These include
point goal navigation aiming to reach a given coordinate in
an environment [5 1], object goal navigation aiming to find a
specific object in an environment [7,20,54], image goal nav-
igation aiming to navigate to a location in an environment
designated by an image [36, 39], reconstruction navigation
deciding where to look next to reconstruct a scene [2 1, 38],
and room goal navigation aiming to navigate to a specified
room [47].

In contrast with these tasks, visual exploration is univer-
sal and task-agnostic; an agent is asked to visit all the nav-
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igable areas of an unknown environment as quickly as pos-
sible. Thus, it can serve as an upstream task for the above
target-oriented tasks. For instance, the agent may first ex-
plore the unseen environment and establish the knowledge
about the environment, after which the agent utilizes it to
perform specific tasks efficiently [36].

Numerous methods have been proposed for the prob-
lem of visual exploration so far. These methods are di-
vided into two categories, heuristic methods [14,44,49] and
learning-based methods. Recent studies have mainly con-
sidered learning-based methods.

Visual exploration is a problem of choosing the optimal
action at each time step to maximize the above exploration
goal, given a history of inputs to the agent. Recent studies
employ simulators of virtual environments, such as Habi-
tat [42], to consider the problem under realistic conditions.
In such simulators, photorealistic visual inputs from virtual
environments are available. To predict the optimal action
from the agents’ input, including the visual inputs, learning-
based methods typically use reinforcement learning (RL) to
acquire the mapping between the two from an enormous
amount of agents’ interaction with the virtual environments.

Although they have achieved reasonably good explo-
ration performance, the learning-based methods are inher-
ently vulnerable to the statistical deviations between train-
ing and test data. Specifically, a model trained on a set of
training data works well on novel environments that are sta-
tistically similar to the training data but yields suboptimal
performance on novel environments that are dissimilar, i.e.,
out-of-distribution (OOD) inputs. This is not the case with
the heuristic methods.

To apply the learned models to real-world environments,
it is necessary to increase their generalization ability in the
above sense. How is it possible? A promising approach is
data augmentation, and it has been widely adopted in both
deep learning [13, 24, 52] and reinforcement learning [22,

, 50]. However, this approach has its limitations.

In this study, we pay attention to the inductive biases spe-
cific to the task. Using them, we want to narrow the solu-
tion space for RL and thus avoid overfitting to training data,
aiming to improve the above generalization ability. Specif-
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ically, we employ the framework of active neural SLAM
(ANS) [6], which is the most successful for the task, and
consider how to do the above within the framework.

ANS is a method with a modular and hierarchical struc-
ture. First, a module yields a long-term goal from a his-
tory of the agent’s inputs. The mapping between them is
called global policy, which is represented by a neural net-
work. Next, another module computes the shortest path
from the agent’s position to the given long-term goal. The
path is then subsampled to construct a sequence of short-
term goals. Selecting a short-term goal in turn, another
module generates actions to reach the short-term goal.

The module that plays a key role in ANS is the neural
network that represents the global policy. (The problems
solved by the other modules are not so hard.) ANS employs
the advantage actor-critic (A2C) method [28] to learn the
global policy. The actor and the critic are modeled by neural
networks, specifically, a pair of independent networks or a
single network having two output branches. The actor and
the critic receive as their input the current estimate of the
environment’s map along with the agent’s navigation paths
etc. expressed in the form of a multi-channel 2D map. The
actor yields a 2D likelihood map for the long-term goal,
whereas the critic predicts the future accumulated reward
as a scalar value.

In this paper, we first point out that specific symmetries
should exist for each mapping represented by the actor and
the critic. Concretely, the 2D map predicted by the actor
should be equivariant to translation and rotation of its input
having the form of a 2D map. The reward predicted by the
critic should be invariant to input rotation and should not be
invariant to input translation. However, standard convolu-
tional neural networks (CNNs), employed in ANS, do not
by nature have these symmetries.

To cope with this, we design the network to inherently
possess the desired symmetries for the actor and the critic.
Specifically, we redesign the network of ANS as follows.
First, we employ p4 G-convolution [12], which approxi-
mately achieves rotation equivariance, for all the convolu-
tional layers and replace the max pooling with blur pool-
ing [53], which achieves translation equivariance more ac-
curately. Then, the resulting network representing the actor
becomes equivariant to input translation and approximately
to input rotation. For the critic, employing the same stack
of convolutional layers (rigorously, it is shared by the ac-
tor), we design and place a new building block named a
semi-global polar pooling (SGPP) layer on top of the con-
volutional block. The SGPP layer applies polar mapping to
its input and then pooling in the circumferential direction in
the input map. Then, the resulting critic becomes not invari-
ant to input translation and approximately invariant to input
rotation.

We conduct experiments to test our approach using the
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Gibson [48] and the Matterport3D (MP3D) [5] datasets.
The results show that the proposed method improves the
original ANS by a good margin, proving the approach’s ef-
fectiveness. Specifically, it improves ANS by 8.1 m? (from
76.3 to 84.4 m?) in area coverage, the primary metric for
evaluating exploration performance, in the setting to eval-
uate the generalization ability, i.e., training the models on
Gibson and testing them on MP3D.

2. Related Works
2.1. Visual Navigation

Classical navigation methods leverage simultaneous lo-
calization and mapping (SLAM) to construct environmen-
tal maps, including occupancy map [4] and topological map
[36]. Agents navigate to points in the environments. This is
known as map-based navigation [2].

In contrast with the map-based navigation that assumes
a known map, target-driven navigation tasks have recently
emerged, which are termed mapless navigation. In these
tasks, the movement of the agent is determined by vi-
sual cues provided by the environment. Example tasks are
object-goal, room-goal, and image-goal navigation.

Object-goal navigation requires agents to navigate to
designated objects in an unknown environment. Either im-
plicitly learned [54] or explicitly encoded [17,25] relation-
ship of objects is utilized to facilitate finding the objects.
Room-goal navigation requires agents to arrive at a spe-
cific room as quickly as possible. A method is proposed
in [47] to learn a probabilistic relation graph to acquire prior
knowledge about the layout of environments.

Image-goal navigation asks agents to navigate to a lo-
cation in an unknown environment that is specified by its
image. A popular solution is to take both current and goal
observation as inputs and employ a Siamese network to
perform the navigation effectively. The method proposed
in [26] combines an attention mechanism with the Siamese
network for building the memory of environments, which
is then used by the policy for image-driven navigation. The
work [ 1] follows the same formulation based on a Siamese
network but exploits information obtained through keypoint
matching, generating a self-supervised reward.

2.2. Visual Exploration

Visual exploration has received considerable attention
due to its task-agnostic nature [6, 9,21, ]. Classical
approaches continually select vantage points, such as fron-
tier points [49], to visit. The downside of these approaches
is that they are vulnerable to external noises such as sensor
noises.

The recent boom of deep reinforcement learning (RL)
has created a new wave of development of visual explo-
ration. Numerous works have casted the visual exploration
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as a partially observable Markov decision process and solve
it under the framework of RL [1,6,9,21,27,30-32,34,35].
Most of them use an actor-critic architecture [1,6,30,31,34,

1.

The actor learns a navigation policy, and the critic esti-
mates a value function given the agent’s current state. Ex-
isting approaches to improve performance have been geared
towards novel designs of reward, such as coverage, curios-
ity, and novelty [35], or novel architecture design, e.g., the
hierarchical architecture [0]. There is a study [9] that pro-
poses to utilize area coverage reward along with supervision
from human experience to learn policies.

An excellent standard framework, which is actor-critic
based as well, was constructed by [35] to evaluate multiple
rewards for exploration. The approaches above all solve
the exploration problem in an end-to-end manner, directly
mapping visual data to actions.

In contrast to this, the work [6] tackled it hierarchically.
It divided the mapping into two steps. First, a global tar-
get point, which was similar to vantage points in classical
exploration methods, was computed by a global policy net-
work. Then a local policy network produces actions to reach
the waypoints generated by the path planner according to
the global target point. Occupancy anticipation [34] also
predicts and rewards invisible spatial maps to improve map
accuracy.

So far, existing methods have produced impressive re-
sults in the case where the testing environments are similar
to training environments in terms of layout, area, etc. Nev-
ertheless, they still struggle with the cases where training
and testing environments are different, hindering their de-
ployment in practice. It is primarily because RL notoriously
struggles with (poor data efficiency and) generalization ca-
pabilities. We aim to enhance generalization ability for vi-
sual navigation by injecting inductive bias about symmetry
into networks.

2.3. Equivariance and Invariance

Recent years have witnessed the great success of convo-
Iutional neural networks (CNNSs) in computer vision tasks.
CNNs have built-in translation-equivariance, and those with
downsampling/pooling operations have built-in local trans-
lation invariance. These contribute to the successes in ap-
plications to various problems. It could be possible to learn
these symmetries from data if the model has sufficient pa-
rameters. However, it will increase the risk of overfitting.

A function is equivariant if the output changes in the
same way that the input changes [19]. Novel convolution
layers with different equivariance have been proposed so
far, group equivariant convolution networks [12, 16], steer-
able convolution networks and harmonic networks for rota-
tion equivariance, scale equivariance [23, 46], and permu-
tation equivariance [43]. Such convolution layers equipped

with various types of equivariance have been proven to be
beneficial to better performance in tracking [40], classifica-
tion, trajectory prediction [45], segmentation [29], and im-
age generation [15]. However, these methods have never
been applied to visual navigation.

A primary purpose of pursuing various types of equiv-
ariance is to achieve a certain type of invariance. A map-
ping is called invariant if the output remains the same no
matter how the input changes. Although data augmenta-
tion and invariance-oriented loss functions [10] may en-
hance global invariance, it is not guaranteed to generalize
to out-of-distribution data. By contrast, global invariance
can be imposed by a global pooling layer following equiv-
ariant layers. Global rotation invariance is enforced in [10]
for texture classification by combining equivariant convo-
lution layers with a global average pooling layer in this or-
der. Several studies [23, 4 1] attain global scale-invariance
by combining layers having scale-equivariance with global
max pooling.

3. Symmetry-aware Neural Architecture
3.1. Problem of Visual Exploration

Following previous studies [6,9,34], we consider a visual
exploration task in which an agent explores an unknown 3D
environment, e.g., a floor of a building, that allows only 2D
motion. The goal for the agent is to go everywhere in the
environment it can go while creating an environment’s 2D
map. We employ the Habitat simulator [37] as the frame-
work for studying the task.

The agent receives several inputs from the environment,
i.e., an image or a depth map of the scene in front of it, the
agent’s pose, and an odometry signal measuring its motion.
Then, the agent moves to explore the environment by feed-
ing the actuation signal to its motor. Thus, the problem is
to compute the actuation signal and update the environment
map at every time step, given the history of the inputs the
agent has received until then. See the literature [6] for more
details.

Recent studies have formulated the problem as learning
policies that yield actions (or intermediate representation
leading to actions) from the received inputs; most of them
employ reinforcement learning (RL) [6,9,21,34]. Recently,
Chaprot et al. [6] proposed a method named active neural
SLAM (ANS), having established the new state-of-the-art.
Our study is built upon ANS and we will first revisit and
summarize it below.

3.2. Reivisiting Active Neural SLAM (ANS)

ANS has a modular and hierarchical structure to better
solve the visual exploration problem. Instead of learning
a direct mapping from the inputs to an action, ANS learns
two different policies in a hierarchy, i.e., a global policy that
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yields a long-term goal in the 2D environment map and a lo-
cal policy that yields actions to approach a short-term goal,
which is subsampled from the path to the long-term goal.
More specifically, ANS consists of four modules, i.e., a neu-
ral SLAM module, a global policy module, a path planner,
and a local policy module.

The neural SLAM module computes a local top-view
2D egocentric map p; € [0, 1]2X¥*" and estimates an ac-
curate agent pose from the current inputs. (The first and
second channel of p, represents the obstacle and the ex-
plored region at time ¢, respectively.) Then, the com-
puted local egocentric map is registered to the global map
hy € [0, 1]#*M>M yging the estimated pose. (The first and
second channel of h; represents the obstacles and explored
area at time ¢ respectively. The third channel indicates the
computed agent position. The last channel records the path
that has been visited by the agent.)

The global policy module makes ANS the most distinct
from other methods. It predicts a long-term goal g; given
two different views k7 and h} of the latest map hy; hY is a
rescaled version of h;, and Al is a local view cropped from
h; with the agent position as its center; and h{ and h! have
the same size G x G and are concatenated in the channel
dimension.

The module is implemented as an advantage actor-critic
(A2C) network [28]. As shown in Fig. 1, it consists of an
actor network and a critic network. Each network has a
similar design of a convolutional block, which consists of
a stack of convolutional and max-pooling layers, and sub-
sequent fully connected layers. In a standard design, they
share the convolutional block.

The actor network outputs a 2D likelihood map of the
long-term goal g; represented in the coordinates of the
global map h{. It learns a global policy, denoted by g; =
7(s¢|0c), where s; = (hL,h?) is the state at time ¢ and
fc are parameters. The critic network represents a value
function V' (s¢|0v ); V (s¢|0v ) estimates the expected future
accumulated reward with the agent, which is currently at
state s; and will take actions by following the current pol-
icy m(s¢|0c). The parameters 6 and 6y are optimized to
maximize the area coverage.

The other two modules, i.e., the path planner and the lo-
cal policy module, play the following roles. The path plan-
ner computes the shortest path from the current location to
the long-term goal, which is subsampled to generate a num-
ber of short-term goals. The local policy module predicts
actions to reach the next short-term goal.

3.3. Symmetries in the Global Policy
3.3.1 Outline

Although ANS performs reasonably well and is currently
state-of-the-art, its network is a plain CNN consisting only
of generic network components, such as convolutional and

fully connected layers. Thus, there is room for improve-
ment in architectural design, and we aim to find a design
that better fits the problem structure.

Toward this end, sticking to the basic framework of ANS
that is proven to be effective, we propose to redesign its
global policy module, which consists of the actor and critic
networks. We consider what conditions the mappings real-
ized by the two networks should satisfy. We pay attention
to symmetry of the mappings, more specifically, their equiv-
ariance and invariance to translation, rotation, and scaling.
Leveraging the fact that the exploration task is a geomet-
ric problem, we derive what symmetry the ideal actor and
critic networks should implement, based on which we re-
design the two networks.

In other words, we incorporate the inductive bias of the
task into the network design. A neural network represents
a mapping, and we train it using data to hopefully find an
optimal mapping. The network’s architecture specifies a
subspace in the mapping space. Enforcing the network to
inherently satisfy a required constraint by its design shrinks
the subspace, leading to a better solution.

3.3.2 Invariance and Equivariance

As mentioned above, we are interested in equivariance and
invariance. Their mathematical definitions are as follows.
Given a group G on homogeneous spaces X7 and X>, a map-
ping ¥ : f(X;) — f/(X>) that has the property

V[T, f ()] = Ty ¥[f(2)],Vg € G, (M

is said to be equivariant to the group G (or G-equivariant)
and to be invariant to the group G (or G-invariant) if T} = e,
the identity [3]. T, is the transformation corresponding to
its group action g.

Intuitively, they are intepreted as follows. Suppose a
mapping that receives an input and yields an output and also
applying a geometric transformation to the input of the map-
ping. If the mapping is invariant to the transformation, the
output for the transformed input will remain the same as the
original output. If the mappping is equivariant to the trans-
formation, that will be the same as the result of applying the
same transformation to the original output.

Convolutional layer are equivariant to input translation.
Thus, shifting an input map results in the same shift of the
output map. This applies to the input/output of a stack of
any number of convolutional layers. (Rigorously, the out-
put map undergoes the input shift plus downscaling cor-
responding to the downsampling in those layers.) On the
other hand, global average pooling (GAP) layers are invari-
ant to input translation. Thus, CNNs having a GAP layer on
top of the stack of convolution layers are invariant to input
translation. CNNs and a stack of convolution layers are not
equivariant to rotation nor scaling. They are not invariant to
them, either.
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3.3.3 Ideal Symmetries of Actor and Critic Networks

Now we consider what symmetry the actor and critic net-
works should have. First, the actor network receives a 2D
map encoding the current state of the agent, and outputs a
2D map containing a long-term goal, as explained above
and shown in Fig. 1. It is easy to see that this mapping
should ideally be equivariant to translation and rotation. It
should not be equivariant to scaling.

The critic network receives the same input map and out-
puts a scalar value, the future accumulated reward when
following the current policy given the current state. The
mapping should be invariant to rotation since the future ac-
cumulated reward should be independent of the orientation
of the input map. It should not be invariant to translation
or scaling, since applying these transformation to the input
map should change the reward.

Table 1 (the first two rows) summarizes the requirements
for the ideal actor and critic networks.

To design a new critic network, we limit our attention to
networks having a stack of convolutional layers at their ini-
tial section. This is also the case with the critic network of
ANS, which has a stack of fully connected layers right after
the convolutional layer stack, and we will redesign this sec-
tion. Now, for the mapping from the input to the final output
to be invariant to rotation as mentioned above, the mapping
to the last convolutional layer needs to be equivariant to ro-
tation. This is because otherwise, it will be extremely hard,
if not impossible, to achieve the rotation-invariance at the
final output. We express this requirement in the “1 at the
last conv.” row in Table 1.

The actor and critic networks of the original ANS does
not have the same symmetries as the ideal ones. The miss-
ing symmetries are indicated by the X’s in Table 1. Specifi-
cally, the actor should be rotation-equivariant but is not; the
critic should be rotation-invariant but is not. As discussed
above, the mapping from the input to the last convolutional
layer of the critic should be rotation-equvariant but is not.

3.4. Rotation-Equivariance of the Actor Network

Thus, we need to newly equip the actor network with
rotation-equivariance while maintaining its translation-
equivariance. To do so, we propose to employ G-
convolution [12] and blur pooling [53]; specifically, we re-
place the standard convolution and max pooling of the orig-
inal ANS actor network with the two, respectively.

Considering computational efficiency, we employ p4 G-
convolution. All combinations of translations and rotations
by 90 degrees form the group p4, which can be parameter-
ized by

cos(mm/2) —sin(mn/2) =z
g(m, z1,22) = |sin(mm/2) cos(mm/2) 22|, (2)
0 0 1

Equivariance Invariance
Trans. Rot. Scale | Trans. Rot. Scale
Ideal actor v v X
Ideal critic X v X
1 at the last conv. - v -
ANS actor v X X
ANS critic X X X
1 at the last conv. v X X

Table 1. Upper three rows: ideal symmetries that should be imple-
mented by the actor and critic networks of the ANS framework.
Lower three rows: actual symmetries realized by the original actor
and critic networks of ANS. v indicates the network is equipped
with the symmetry. X indicates the network does not have the
symmetry. ‘" indicates the symmetry is not specified. Blank cells
mean the symmetry is irrelevant. X in red color indicates that the
symmetry of ANS networks differs from the ideal one.

where m € {0,1,2,3} and (21, 22) € Z? [12].

As shown in Fig. 1, p4 G-convolution can be performed
by first rotating filters with angles m= /2, m = {0,1,2, 3}
to form a filter bank, and then applying it to the input feature
map.

As mentioned above, we redesign the convolutional layer
stack of the actor network with the same number of lay-
ers performing p4 G-convolution. The original ANS actor
network employs max pooling for downsampling the fea-
ture map. However, max pooling makes the translation-
equivariance inaccurate. Max pooling ignores the Nyquist
sampling thereom, breaking translation equivariance. Blur
pooling filters the signal before downsampling to better
preserve translation equivariance. Hence, we employ blur
pooling and replace max pooling with this.

By revising the convolutional block (i.e., the stack of
convolutional and pooling layers) in the original ANS actor
network as above, the mapping represented by the block be-
comes approximately equivariant to rotation and precisely
equivariant to translation. We need to maintain the fully
connected layers after the convolutoinal block since pre-
dicting the agent’s goal seems to need them to integrate the
global features in a non-simple manner. Fully connected
layers are not inherently equipped with the desired equivari-
ance, and we leave it to training; owing to their flexibility,
we expect the actor network to gain the desired equivariance
at the final output.

On the other hand, we want to make the critic network
have rotation-invariance. As mentioned earlier, to do so, we
want the mapping represented from the input to the output
of the convolutional block to be rotation-equivariant. We
employ here the design of the original ANS that the critic
network share the convolutional block with the actor net-
work. Then, the above redesign of the convolutional block
achieves what we want. We further revise the section on top
of the convolutional block to realize the desired symmetries
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for the critic network.

3.5. Rotation-Invariance of the Critic Network:
Semi-global Polar Pooling

The critic network should represent a mapping that is
rotation-invariant and is not translation-invariant or scale-
invariant, as shown in Table 1. We assume the convolutional
block to have rotation-equivariance due to its design, as ex-
plained above. To attain the above (in)variance, we then
propose a new network component, named the semi-global
polar pooling (SGPP) layer.

SGPP is illustrated in Fig. 2. Tt first converts the in-
put feature map from Cartesian space to polar space. Let
I(x,y) € Re*"*¥ denote the feature map represented in
Cartesian space, where z,y are the Cartesian coordinates.
The feature map I'(p, ¢) € REX"*¥ represented in polar
space is given by

p=\r2+y?

3)
¢ = arctan g,
Z
where p and ¢ are the coordinates in polar space. We finally
apply average-pooling to the features over all ¢’s as

Ly
® = E;I (p.0), 4)

to obtain a pooled feature & € R°*",

As the convolutional block, whose output is the input to
the SGPP layer, is equivariant to rotation, ® is invariant to
rotation since it is pooled over the coordinate ¢ (i.e., the cir-
cumferential direction). ® is further processed by fully con-
nected layers, computing the final output of the critic net-
work. As & is already invariant to rotation, these additional
layers do not change the invariance. While the convolu-
tional block is also equivariant to translation, the Cartesian-
polar conversion invalidates the equivariance; thus ® is not
invariant to translation. It is not invariant to scaling, either.
Thus, the critic network having the SGPP layer in between
the convolutional block and the fully connected layers at-
tains the desired (in)variance to translation, rotation, and
scaling, as illustrated in Table 1.

4. Experimental Results
4.1. Experimental Setup

As with previous studies [6-9, 18, 34, 39], we use the
Habitat simulator [37] for our experiments. We choose the
configuration that depth images are available as the visual
input and the actuation and sensory signals include noises.
This applies to the training and test times. To evaluate the
performance of exploration methods, we use the area cov-
erage (i.e., the area seen during exploration) within a time
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Figure 1. Overall architecture of Symmetric Global Policy Net-
work (using G-convolution, blur pooling and SGPP) and Global
Policy Network of ANS (using convolution, max pooling and
without using SGPP). The dashed rectangle illustrates the feature
maps produced by p4 G-convolution assuming its input is E and
the filter is a horizontal edge extractor.
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Figure 2. Illustration of the proposed semi-global polar pooling
(SGPP).

budget for the primary metric, following [6,9]. We compare
our method with several baselines. We run each method five
times and report their average area coverage with the stan-
dard deviation. Our code is publicly available '.

4.2. Datasets

Following previous studies, we employ two datasets,
Gibson [48] and MP3D [5]. Both of them contain photore-
alistic virtual environments created from real-world scenes.
Most environments contained in Gibson are office spaces,
while those in MP3D are homes. Thus, the environments
of Gibson differ from those of MP3D in terms of sce-
narios, layout, area, and so on. Overall, MP3D environ-
ments are larger in the area and more irregular in the layout.
Fig. 3 provides the layouts of several representative exam-
ples from Gibson and MP3D. It is seen that there is a gap in
various aspects between the two.

To evaluate the generalization ability of the methods
across different datasets, we train each model on Gibson
and test it either on Gibson (in-distribution) or on MP3D
(out-of-distribution), following the experiments of [6].

Ihttps://github.com/vincent341/S-ANS



(b) MP3D.

Figure 3. Environment layout of samples from (a) Gibson and (b)
MP3D dataset.

4.3. Compared Methods

We experimentally compare the proposed method with
several baselines for global policy. The first is FBE (Fron-
tier based Exploration) [49]. FBE is a heuristic method
that iteratively selects a point at the frontiers (boundaries
between explored free region and unexplored region) us-
ing various strategies. We follow the strategy implemented
in [35], selecting a random point at the longest boundary.
We replace the global policy module in ANS with FBE and
evaluate its performance.

The second is a variant of FBE, named FBE-RL, which
replaces the global policy module in ANS with a RL-based
FBE. To be specific, FBE-RL selects a target point at the
frontiers using the policy produced by an actor-critic net-
work, instead of a heuristic policy. More details of FBE-RL
will be given in the supplementary material.

The third is ANS, for which we use the code? and the
settings given in [34]. Our method for generating global
policy is integrated to ANS by replacing the original global
policy module with ours. We call this model symmetry-
aware ANS or S-ANS in what follows. We run each model
five times and report their average and standard deviation of
the area coverage at time step 1, 000.

4.4. Results

Table 2 shows the results. Comparing the methods in
the case of training and testing on Gibson, the proposed
S-ANS outperforms ANS with the margin of 0.8m? (33.7
vs. 32.9m?). The margin becomes more significant when
testing the same models on MP3D, i.e., 8.1m? (84.4 vs.
76.3m?). This demonstrates the better generalization abil-
ity of S-ANS.

Fig. 4 shows the representative examples of their explo-
ration paths of ANS and S-ANS on the same four environ-
ments of MP3D. The first and second columns of Fig. 4

2gjthub.com/facebookresearch/OccupancyAnticipation

Gibson (m?) MP3D (m?)

FBE 26.5+05  69.6+1.9
FBE-RL 282403 63.0+3.2
ANS 32.9+0.2 76.3+2.8
S-ANS 33.7+02 844+1.7

Table 2. Exploration performance (in area coverage, m?) of dif-
ferent models on Gibson and MP3D. All the models are trained on
Gibson.

Area
721

Area
140.0 - 66.4 . A 999

(b) S-ANS.

Figure 4. Exploration paths of ANS (top row) and S-ANS (bot-
tom row) for four representative environments from MP3D. The
number at the bottom left of each box indicates the area coverage
(m?). The dissimilarity of the environment from the training data
tends to widen the gap between the two methods.

show typical examples for which S-ANS explores a much
larger area than ANS; S-ANS explores twice as large area
as ANS. As with these examples, S-ANS tends to show bet-
ter exploration performance for environments that are more
dissimilar from those of Gibson. When the environments
are similar, their performances tend to be close, as shown
in the third column of Fig. 4. These observations further
verify the improved generalization ability of S-ANS.

It is seen from Table 2 that FBE and FBE-RL show infe-
rior performance. It is noteworthy that FBE and FBE-RL
behave differently for different combinations of the train
and test data. While FBE-RL performs better on Gibson
by 1.7m? (28.2 vs 26.5m?), it performs worse on MP3D by
—6.6m?2 (63.0 vs 69.6m2). We can say that learning bet-
ter policies improves exploration performance when there
is only a little gap between the train and test data. However,
it is a double-edged sword; it causes overfitting and leads
to inferior exploration ability when there is a gap between
the train and test data. This demonstrates the difficulty with
learning-based approach to the exploration task.
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4.5. Ablation Study

As explained earlier, our method imposes translation-
and rotation-equivariance on the actor network and (ap-
proximate) rotation-invariance on the critic network. The
former is implemented by the G-convolution and the blur
pooling. The latter is implemented by SGPP in addition to
G-convolution and the blur pooling. To examine the effec-
tiveness of each component, we create two variants of the
proposed network, named E-ANS and G-ANS.

E-ANS is a model created by removing the SGPP layer
from the critic network of S-ANS. Without SGPP, it is not
(even approximately) invariant to rotation, translation, or
scaling. Its actor network maintains the ideal property of
equivariance. G-ANS is an intermediate model between E-
ANS and S-ANS; it is created by replacing the SGPP layer
with a global average pooling (GAP) layer in the critic net-
work of S-ANS. The added GAP layer makes the critic net-
work invariant to both rotation and translation; recall that
the convolutional block before the GAP layer is equivariant
to rotation and translation due to the employment of the G-
convolution and the blur-pooling. The added translation in-
variance is superfluous compared with the ideal invariance
of the critic network shown in Table 1. In short, consid-
ering the excesses and deficiencies of the implemented in-
variance/equivariance, the expected performance will be S-
ANS > E-ANS, G-ANS > ANS.

We train E-ANS and G-ANS on Gibson and test them
on Gibson and MP3D in the same way as ANS and S-ANS.
Figs. 5(a) and (b) show the explored areas by the four mod-
els on the test splits of Gibson and MP3D, respectively.
Each solid curve and shadowed area indicates the mean and
standard deviation over five runs, respectively, of the area
coverage at a different time step.

It is seen from the results that the four models are ranked
in the performance as S-ANS > E-ANS > G-ANS > ANS.
This matches well with our expectation mentioned above.
The results further tell us that the excessive translation-
invariance of the critic network in G-ANS does more harm
than deficient rot-invariance of that of E-ANS. Overall,
these results validate the effectiveness of our approach.

5. Conclusion

Existing learning-based methods for visual exploration
struggle with generalization to OOD environments, that
is, statistically different environments from those used for
training. We believe this is partly because the inductive bi-
ases available for the task are not used effectively. Employ-
ing the framework of active neural SLAM (ANS), we have
shown that the actor and the critic should satisfy specific
symmetries with their mappings. We then propose a de-
sign of neural networks that inherently possesses the ideal
symmetries. Specifically, we propose to use G-convolution
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Figure 5. Expolaration performance (in area coverage, m?) of
ANS, S-ANS, G-ANS, and E-ANS tested on (a) Gibson and (b)
MP3D. All the models are trained on the Gibson dataset.

instead of the standard convolution layer. We also propose
the semi-global polar pooling (SGPP) layer, a network com-
ponent, that can make the network invariant to rotation and
not invariant to translation when using it at the final section
of the critic network. Our approach improves the perfor-
mance of ANS by 8.1m? in area coverage in the setting
where training and test datasets are different.
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