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Abstract. Consider an active target search and coverage problem in which a mobile
3D sensor aims both to quickly find relevant targets in its environment and to quickly scan
these targets so as to cover them. We propose a deep reinforcement learning method to find
a sequence of sensor poses that solves this problem. The method uses a deep hierarchical
encoder-decoder architecture that heavily modifies the point cloud transformer network. To
reduce computation, a new way is proposed to select representative points from the cloud,
based on cosine similarities between feature vectors. In simulated experiments, the novel
encoder-decoder architecture significantly improves performance compared both to a greedy
baseline, and to a network structure closer to the point cloud transformer. The architecture also
improves classification and segmentation performance in supervised learning on point clouds.
We successfully train much deeper networks than those usually employed in reinforcement
learning, and we believe the ideas used to achieve this can be adapted to deep reinforcement
learning in general.

Key-words: Active sensing; artificial intelligence; deep reinforcement learning; point
cloud.

1. Introduction

The search for targets in the environment of a robot is an important objective in active robotic
sensing. Examples include search and rescue, where the targets are victims [1], as well as looking
for mines [2], litter, or weeds [3]. We consider a scenario in which a mobile robot equipped with
a 3D sensor aims not only to find relevant targets as quickly as possible, but also to scan these
targets so as to fully cover them. Coverage is needed to obtain maximal information about
the targets for later tasks, such as classification [4]. We call this problem target search and
coverage, and propose an end-to-end deep reinforcement learning (RL) approach to solve it. One
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such problem involves an underwater vehicle equipped with a sonar, such as in the SeaClear2.0
project (https://seaclear2.eu/), where the goal is to locate and identify submerged
litter objects. The type of object will often not be apparent from a single sonar scan, and different
images must instead be taken from various viewpoints. Similarly, in air, LIDAR sensors are often
used to search for and identify objects [5].

An RL agent uses experience obtained by interacting with the environment to optimize cumu-
lative, long-term rewards [6]. Here, the main input of the agent is a 3D point cloud representation
of the scene, which is partitioned in two subsets of points: targets and background, using another
network that we call a discriminator [7]." More reward is received for finding target points,
while still rewarding background points less in order to encourage exploration. The discrimina-
tor is trained from ground-truth data collected by the agent along random-action trajectories that
are therefore representative for the task. To evaluate our methods, a simulator is developed where
cylinders or pyramids must be found by a mobile Kinect sensor in a multi-room environment.

Inspired by the point cloud transformer (PCT) [8] and a few other methods, we devise a novel
deep neural network architecture for RL to address target search and coverage. The network
combines three main components: encoder, decoder, and tail. The encoder uses deep hierarchi-
cal feature learning [9], selecting at each hierarchical stage a subset of representative points. This
selection is done either with farthest point sampling [9] or with a newly developed, computation-
ally cheaper alternative: cosine similarity sampling. The second, decoder component takes the
synthetic information provided by the representative points selected by each encoder stage, and
merges it back across stages, in a novel transformer structure for point clouds. The final com-
ponent is an RL tail that combines distributional dueling [10, 11] with spectral normalization
[12].

Previous studies have reported that large reinforcement learning (RL) networks are prone to
instabilities and often perform worse than smaller networks [13—17]. In contrast, our proposed
large encoder-decoder network outperforms a smaller network, which is still larger than those
typically employed in RL. To our best knowledge, the only bigger network so far is the adaptive
agent network from [18], which has 500 million parameters. In that method, a smaller “teacher”
network helps the bigger “student” network kick-start the learning. In contrast, our method
directly learns the 163 million parameters of a single large network.

While creating the novel network structure for RL, we also make several improvements to
supervised learning on point clouds. Firstly, when combined with PCT, cosine similarity sam-
pling yields better results than farthest point sampling on the ModelNet40 classification dataset
[19], at significantly smaller computational costs. Secondly, the encoder-decoder structure works
better than PCT on the ShapeNet Parts dataset for segmentation [20].

Returning to the active search and coverage problem, we compare RL using the best network
structure found to a greedy method that at each step selects a next pose for the sensor maximizing
the immediate reward. For this purpose, the next observation must be known in advance, so
this baseline is stronger than would be implementable in practice. We nevertheless manage to
improve upon it using RL, in terms of both mean performance and variance.

Compared to [21], where we initially proposed active search and coverage, both the method-
ology and the experiments are new. Methodologically, the encoder-decoder architecture is novel,
with the key innovation of a hierarchical decoder structure; in [21] we used a network much
closer to PCT. Furthermore, cosine similarity sampling is new, and we use the discriminator

'Even though the discriminator segments the point cloud, we prefer to reserve the term “segmentation” for other
concepts, such as a network similar to point cloud transformers for segmentation, which we employ for RL.
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neural network to automatically separate targets from background, whereas [21] required this
separation to be performed a priori, by an oracle. The supervised-learning results are also novel.
Experimentally, we consider a larger and more intricate environment consisting of three rooms,
as opposed to a single room in [21].

2. Related Work

While we are the first to address active target search and coverage, point-cloud RL exists
for coverage-only problems. In [22], RL is used to find out a sequence of viewpoints that may
each transport the sensor anywhere in the environment, whereas in our method the sensor moves
locally at each step, in order to realistically reflect the dynamics of a robot. Moreover, in [22]
a CAD model is built from the point cloud, whereas here the point cloud is directly used as an
RL input. In [23], RL explores the environment using both a different network structure from
ours (convolutional) and a different representation that preprocesses the point cloud into e.g. an
occupancy grid. In [24], a point cloud is also used as part of the RL state, but the problem solved
is different from ours: navigation. Despite modifying ShellNet [25] to preserve geometric data,
the approach of [24] still relies on max-pooling, resulting in the loss of some spatial information.
The method of [4] finds the pose of a known target in a point cloud that is supplied fully from
the start, whereas here we incrementally construct the cloud so as to cover the targets. Reference
[26] segments an already given point cloud using RL and a PointNet-based network.

Regarding representative point sampling, the critical points layer [27] uses max-pooling to
select one point for each feature, providing an alternative to farthest point sampling. Points that
are frequently selected are sampled because they are seen as the most important. This method
avoids the use of K -nearest neighbors, so it is computationally cheaper than farthest point sam-
pling. However, it has significantly worse performance, whereas our cosine similarity sampling
improves performance while also reducing computational cost. Differently from our goals, the
method of [28] uses learning to get dense, uniform point clouds.

Overall, we show that — differently from recent techniques in 2D active target sensing using
RL [29] or informative path planning [3] — it is possible to learn not only how to search for targets
in a 3D environment, but also how to cover them, directly from 3D shape information.

3. Preliminaries

Consider a point cloud P, = {pi cR3 [i=1,..., nt} at discrete time ¢ that represents a
scene containing targets of interest at initially unknown locations. The point cloud is incremen-
tally constructed by a mobile sensor, which has pose (position and orientation) ¢; at time ¢. From
point cloud P, and newly measured points z;, an updated point cloud P, ; is obtained as ex-
plained in Section 3.1. Each cloud P, comprises points 7} belonging to targets and background
points B;. A neural-network discriminator approximately separates targets from background.

The objective is to find a sensor path (sequence of sensor poses) 9 = {qo, ¢1, ...} so that the
targets are both found and covered with points in as few steps as possible. This objective will be
encoded in an RL reward function as explained in Section 3.2.

3.1. Simulator

To investigate RL for active target search and coverage, we developed a simulator using the
Robot Operating System [30] and Gazebo [31]. A mobile Kinect sensor is modeled that stays
horizontally oriented and moves in a 2D plane, so that its pose g; € R? consists of a 2D position
and a scalar orientation (yaw). The sensor moves only in discrete cells, so we will use these
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cells as a unit of measurement. The sensor receives point returns from surfaces that are between
0.2 and 5 cells away, and has a resolution of 640 x 380 points. Each 3D point cloud z; newly
measured by the sensor is concatenated with the previous point cloud P;, after which a voxel filter
[32] eliminates duplicates and decreases the number of points, so as to reduce computational and
training time requirements. The new point cloud P, is thereby obtained.

The experiments are run in the three-room problem illustrated in Fig. 3. The environment
has a size of 14 x 14 cells, but due to walls, the agent can only move in an area of 12 x 12 cells.
The sensor elevation is 1 cell, the walls are 2 cells high, and the targets sought are pyramids of
size 2 cells on all axes, see Fig. 3. A voxel filter with a distance of 0.24 cells is applied to reduce
the number of points while still placing an adequate number of points on the targets.

Fig. 1. Left: The environment with three rooms and three objects (pyramids), where the sensor
is represented by the drone circled in red near the lower-left pyramid. Right: A point cloud of
the same environment at a late step in one of the experiments. The new incoming point cloud
measurement z; is shown in white. The colored points represent the point cloud P; prior to
concatenation with z;, where the color of each point indicates its height,fsolors representing
lower points.

3.2. RL problem

The problem is modeled as a Markov decision process [33] M = <S AT, R) where S
is the state space, .4 the action space, 7 gives the transition dynamics, and R is the reward
function. At time step ¢, the state is s; € S and the agent performs an action a; € A. As a
result, the state stochastically changes to s;11 ~ T (- | s, a;) and the agent receives a reward
re+1 = R(St,as, st41). The objective is to maximize the expected value of the discounted return
Gy =372, 774+, where v € (0,1) is a discount factor.

Policy m(als) indicates for each state s € S and action a € A the probability of execut-
ing a in s. The Q-value Q(s,a) is the expected return G; when starting from s, performing
a, and then following : Qr(s,a) := Er 7 [G¢ | sy = s,a; = a]. The optimal Q-value func-
tion is Q*(s,a) = max, Q. (s,a), and the RL objective is to learn from interaction with the
environment an optimal policy 7* that achieves Q™.

States and observations: The state s; includes the true scene with its background and tar-
gets, the filtered point cloud P; gathered so far, and the agent’s pose ¢;. Note that the true scene
is of course unknown in advance, and ¢; and P; are in fact a partial observation [34] of the state.
However, following standard practice in deep RL, we will use algorithms that are designed for
state signals and simply plug in the observations instead of the states.
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Actions and transitions: The actions a; are performed with respect to the agent’s local
reference frame. At each time step, the agent can either move one cell forward, backward, left,
or right; or rotate 90° clockwise or counterclockwise. When the agent attempts to move into a
wall or target, an illegal, terminal transition occurs.

Rewards: The objective is to find and cover the targets " as quickly as possible, so in general
rewards will focus on the amount of target points found. Nevertheless, to help the agent explore
more effectively, we also reward it — to a lesser extent — for finding new background points:

rep1 = max{0, 1.25(|Tiq1| — |T3]) + 0.25(|Begr| — | Be])} (1)

where T', B denote the target and background points as approximately determined by the dis-
criminator network. Sometimes, due to the approximate nature of the discriminator, the number
of target points decreases from one step to the next, leading to a negative reward which could
make the agent needlessly avoid the associated states. To prevent this, rewards are kept positive
via the max operation.

4. Algorithm and Network Structure

The experiments use the Rainbow [35] deep RL approach, together with collision-free ex-
ploration. Collisions cause the trajectory to end with a bad return, discouraging the agent from
revisiting positions from which collisions are possible. In order to prevent this, terminal transi-
tions that would result in collisions are prohibited. To still allow the agent to learn from such
transitions, the collision-generating action is nevertheless stored in the experience replay buffer,
together with its associated reward and a termination flag. A different action is then taken to
continue the trajectory.

We use a number of networks for deep RL, for the discriminator, and more generally for
supervised learning. These networks are all constructed using elements shown in Fig. 2, to
which we will refer many times throughout the paper. We explain here how network components
and layer types are indicated visually, leaving algorithmic details for the following subsections.
Green-shaded blocks show the three main components of the network: encoder, decoder, and
tail, the latter with two types: for supervised learning or for RL. Turquoise blocks are detailed,
zoomed-in views of an encoder stage (with two options: farthest point sampling and cosine sim-
ilarity), and the purple block details a decoder stage. Blue-shaded, dotted-edge blocks show
elements that form the core of the PCT classification or segmentation networks [8]. The nota-
tions Ey, Dy, Py, Fp, Y, respectively mean encoder, decoder, points, point features, and decoder
outputs at stage b; the number of stages is B. The two F stages are never used together. In the
encoder, point paths are blue, feature paths are black, and indices of selected points are red. In
some blocks, signals can follow two paths depending on the network variant, as explained later;
in that case, the default path is dashed and the alternative path is dotted.

Moving on to layers types, linear layers are pink and labeled by “NNNf” with NNN the
number of features. Max-pooling layers are yellow, and purple layers perform concatenation.
Brown layers are reshaping the input, where M is the batch size, u is the feature size, v is the
number of points, and K is the number of nearest neighbors. Fully connected layers are dark blue,
labeled “FC NNN” with NNN the number of outputs. Dropout layers are light blue, labeled by
the dropout probability. In the encoder stage zoom-ins, blue layers perform representative point
sampling, and the orange layer selects matrix rows with the smallest sum. The bright purple “Get
clouds” layer extracts the representative points and their features based on the indices. The light
purple layer “K-NN” finds K neighbors for each point, followed by centering in the light blue



20 M. Rosynski, L. Bugsoniu

B4
Reshape=Mxuxv
Max Pooling over K
CSS encoder  256f
stage A
252f\
q »Reshape=MuxuxK Classification Y, Y — — — 5 >
A A BJiK:Transf.~>Transf.—»Transf.~>Transf. S
R Centering | cole | =8
- g
(dim=MxuxKkxy) O E—iﬁ' l e ‘ e ‘ ‘ 2 é s
-1 TN 7
wnw =1 Encoder Transformer decoder stage -
Get clouds i P FB [: DB
A B
Index} E £
e = = Ys. 5§ RL-tail
similarity” E >DB-1 kot g
E R, B-]T—” g2 = c
= c
B-1 Ra E., e ”2‘2}’5\3 =
5 . A 2 2
FT e § o U B 5
B A B-2 ~R.a.g 8 & L E-8
Reshape=Mxuxv %'2 ES-Z’ hd oo 5 = o
A E Y. «f B ° 3 3
Max Pooling over K a B-3 s ,_‘/t Z
. ~= g
FPS encoder 256f Decoder T s R
stage A F’2 ? g 7
258 . M
- »Reshape=MvxuxK E Tall @ |>\
KA A = i o ) )
S Centering P P Sup. learning-tail
(dim=MxuxKxv) 'B 1
£ EN
KNN < 0 E x o=
si® 4 £ 8F
Get clouds T HRERY e gk
£ =
Mndex 8 g V 2=
FPS < g g=
Ra R. Po Segmentation core

Fig. 2. Network architecture template. The figure is meant to be used together with the explana-
tions throughout Section 4, and cannot be understood in isolation. Notations, layer types, colors,
and the meanings of the network elements are all explained in the text (including e.g. the two
versions instances of encoder stage E'y).

layer. In the decoder, light gray layers are transformers, each with query, key, and value inputs
“q”, “k”, “v”. In the tail, green indicates softmax layers. The supervised learning tail outputs
either class probabilities or the segmented point cloud, depending on whether the network is used
for classification or segmentation. The blue layer in the RL tail computes Q-values using dueling,
and then a softmax layer provides distributional Q-values.

As input, the network receives the point cloud, which is translated and rotated into the agent’s
coordinate system. Thus, from the agent’s point of view its actions rotate and move the point
cloud, so the sensor pose no longer needs to be included explicitly.

To make it easier to keep track of the various architectures we use in the sequel, we establish
a standard naming convention of the form Core-Repres+Tail. Core is the core of the network,
and can be one of Segm(entation), Classif(ication), or Enc(coder)Dec(oder) consisting of the
full encoder and encoder blocks. Repres is the representative point sampling algorithm, one of
FPS (farthest point sampling) or CSS (cosine similarity sampling). Note that Segm does not use
representative point sampling, so Repres will be skipped for this core type. Tail is the network
tail, one of RL, Segm(entation), or Classif(ication), respectively for the RL tail, or the supervised
learning tail configured for segmentation or classification. Thus, for example, the final network
that we use for RL is EncDec-CSS+Segm: its core consists of the complete multistage encoder
and decoder, CSS is used in the encoder for representative point sampling, and the RL tail is
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appended; all this along the default signal paths (dashed).

Next, we delve into the components of Fig. 2, starting with the encoder in Section 4.1 and the
decoder in Section 4.2. The PCT classification and segmentation cores are discussed in Section
4.3. The tails for RL and supervised learning are discussed in Sections 4.4 and 4.5, respectively.

4.1. Encoder

The encoder embeds the points using deep hierarchical feature learning, introduced by Point-
Net++ [9]. At each hierarchical encoder stage b = 0,...,B — 1, starting from the points
Py, € R3*" and their features F, € RV**“, a sampling algorithm selects a smaller number
vpr1 < vy of representative points via their indices pp C {1,..., v}, |p| = vp11.> Notations
vp and uy, are respectively the number of points and the feature length in stage b. The smaller,
representative point cloud P11 = {p;|i € pp} is passed to the next stage.

To compute the next-stage features, each representative point 7 € py is associated with the
set of indices of its K -nearest neighbors N, (7), in the “K-NN” layers in the turquoise encoder
stages of Fig. 2. Denote by Fj, ; the ith row in feature matrix Fy. In the “Centering” layers of
Fig. 2, the features I, ; of each point 4 are subtracted from the features F}, ; of each neighbor
j € Ny(i), obtaining centered features. All of these centered features are put together in a tensor
Fy, € Rvv+1xKxus which is then passed through two linear layers and a max-pooling layer over
K, finally leading to the features Fj, 1 € RVs+1*"s+1 in the next stage. Note that to accurately
estimate the value in RL, all points should remain represented in the centered features F}, of each
stage, for which it is necessary that Kvp1 > vp.

Stage 0 is special in that representative point sampling is skipped, so that all points are se-
lected; P, = Py, po = {1,...,v0}, and v1 = vy. With this observation, the generic stage
description above holds. The feature input Fj of stage O is found by preprocessing the initial
point cloud Py € R"*3 by two linear layers, so that Fy € RY*%0 with vy = n a constant
upper bound on the size of the point cloud given the filtering settings; smaller point clouds are
increased to this size by appending zero points.

The iterative application of all the stages b = 0, ..., B — 1 leads to the overall hierarchical
structure. Recall that Fig. 2 shows the hierarchical encoder in the green block labeled “Encoder”.
Note that the total number of stages is B, and the output of the final stage is denoted Fz. As
will be explained in Section 5, in both supervised and reinforcement learning experiments we
achieved good performance by using a ratio of 0.25 between the number of points in two consec-
utive stages, ”’:;1 , Which in practice provides upper bounds on (i) the size of the network and (ii)
the number of stages B, since we expect stages with fewer than about 10 points to not be useful.

Next, two variants for the representative point sampling algorithm are discussed: farthest
point sampling (FPS) [9], illustrated in the turquoise block labeled “FPS encoder stage” in Fig.
2, as well as a new technique: cosine similarity sampling (CSS), illustrated as “CSS encoder
stage”. The objective in both techniques is to find p; at any stage b > 1.

FPS creates the representative set p, by repeatedly adding to it a point that is farthest from the
previously selected points. Set pp is initialized to {¢}, where ¢ is uniformly randomly selected
from {1,...,v,}. The distance between any point p and any set of points with indices p is
defined as d(p, p) = min,e, ||p — p;l|, where || - || denotes the Euclidean norm. Then, pj is
iteratively updated using py, < pp U {argmax;c i 4,1\ ,,4(Ps, po)} until the desired number
vp+1 Of representative points is reached. Ties in the argmax are broken to obtain a single point.

2In this section, by an abuse of notation we reuse the index of the point cloud P to mean stage (P) instead of time
(P;), with the understanding that the network works with the point cloud at the current time step at the input.
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Note we keep updating the same set p;, which is why we use an assignment instead of an equal
sign.
CSS aims to reduce the computational cost of FPS. The cosine similarity [36] between every

pair of feature vectors % and j in F}, is computed by taking the dot product of the vectors and
T
= m Then, points ¢ are ranked by their
cumulative similarity with all other points j: C; = Zj”zl ¢ ;. Denote by C” the result of sorting
vector C' in ascending order. The representative set of indices p; consists then of the first vp41
indices 4 in C". Intuitively, the points with the smallest cumulative similarities are the ones with
the “most unique” features. The computational cost of CSS is smaller than that of FPS mainly
because it is quadratic in vy, compared to cubical in vy, like FPS.
Note that feature length remains constant across encoder stages in the default configuration
(dashed paths in the FPS and CSS blocks of Fig. 2). This is a significant advantage compared
to PCT [8], since at each stage that method performs feature concatenation (dotted paths in FPS

and CSS), leading to doubling of the feature length.
4.2. Decoder

In the classical PCT classifier [8], the encoder is followed by a single-stage decoder consisting
of a stack of four transformer layers applied to the output F'p of the last encoding stage B —
1, where the outputs of these transformer layers are concatenated. In our network, we also
concatenate the transformers with F'p itself, and pass the result through a max pooling layer, two
linear layers, and a dropout layer.

In addition to this classical single-stage decoder, inspired by the hierarchical encoder struc-
ture, we exploit the hierarchy of point clouds by adding earlier stages to the decoder as well.
This connects the higher-level features in later stages with the finer-grained point clouds in ear-
lier stages. To this end, at each stage b = B — 1, ..., 1 in reverse order, we use another stack of
four transformers similar to the one at stage B described above, but altering the first transformer
in the stack as follows.> The output Y3 of decoder stage b 4+ 1 (which was applied to the point
cloud of smaller size vy 1), is fed into this first transformer in the stack at decoder stage b via key
and value, whereas the query is computed based on the point features F, at the input of encoder
stage b. By making these choices for the key, query, and value, the dimensions are compatible
with the earlier stage, and the reverse hierarchical computation can continue.

Fig. 2 details a decoder stage in the purple block on the right, emphasizing the query, key,
and value signals entering the first transformer in the stack. This structure applies to both stage
B and earlier stages, with the difference being which signal is fed into the query. The overall
hierarchical decoder is the green “Decoder” block. Note that the alternate encoder stage E is
skipped in this default configuration; instead, the query input of D1 is F; (dashed path).

dividing it by the product of their lengths: ¢; ;

4.3. PCT classification and segmentation cores

In our supervised learning experiments, we use simpler network components that are simi-
lar to PCT for classification and segmentation. We call these components “classification core”
and “segmentation core”. Complete classification or segmentation networks can be obtained by
appending a supervised learning tail to these cores. The two core types are illustrated in dotted-
contour blue blocks in Fig. 2.

3Note that encoder stages are numbered 0, . . ., B — 1 since their inputs contain Fy, ..., Fg_q and Py, ..., Pg_1,
whereas decoder stages are numbered B, . .., 1 since their inputs are F'g, ..., F. The number of stages is B in both
the encoder and decoder.
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The classification core consists of the hierarchical encoder and only the last decoder stage.
As mentioned in Section 4.1, the classification encoder concatenates the features of each set of
nearest neighbors py,(7) with the features of their respective representative point i (dotted paths in
the FPS and CSS blocks of Fig. 2. Nevertheless, to prevent iterative doubling of the feature size
in the encoder, differently from standard PCT, in our architecture the feature vector is halved back
to its initial length of 256 with the next linear layer. Moreover, unlike the default configuration,
representative point selection is performed also in encoder stage Ey. Finally, in the decoder
stage, the last concatenation layer is skipped, so the signal follows the alternative, dotted path.

The segmentation core uses Ey and the alternate, dotted-path encoder stage E (to the right
of Fy in Fig. 2). Feature vectors are halved like in the classification core. Both Fy and E; select
the full set of points Py = P; = P», using feature concatenation. The output F5 of Fj is used
for the query, key, and value in the decoder, symbolized in Fig. 2 by cutting through the decoder
stage D; with the segmentation core outline, so that Y; is left outside of the block.

Finally, note that our architecture provides point features of length 256 as an output of the
initial two linear layers in Fig. 2, whereas the length was 64 in the original PCT.

4.4. RL tail and normalization

The tail can be configured in several ways, in order to obtain the RL network or supervised-
learning networks for classification or segmentation. This section discusses the RL tail, depicted
at the top of the green “Tail” block in Fig. 2.

The RL tail is a dueling network [11] with a distributional output [10], both of which are
components of Rainbow [35]. The distributional part, instead of directly representing expected
values of the returns, represents the distribution of returns over a discrete number of 51 bins
defined over a finite interval from V,,,;,, to Vi;,q2 [10]. The dueling network structure divides the
network into an advantage stream A(s, a) and a value stream V (s), and based on these streams
it represents Q-values as Q(s,a) = V(s) + (A(s, a) — Iii\l > A(s7a’)> [11].

We now turn to discussing normalization of the RL network. In deep learning in general,
batch normalization has been shown to smooth the optimization landscape, which makes training
easier, and to stabilize gradient estimation, which allows higher values of the learning rate to
be used [37]. However, in deep RL, batch normalization is usually not applied, because the
distribution of the data changes due to the changing policy over time, and so the mean features
of Q-values are not very meaningful [38].

To address this issue, consider that the first layers of the network do not directly learn Q-
values, but extract lower-level features of the data. These features are not changing fast, unlike
later layers that must track the Q-values directly. Therefore, in our method batch normaliza-
tion is applied on each linear layer in the encoder and decoder. In the tail, where the Q-values
are learned, we apply instead spectral normalization [12] on the first fully connected value and
advantage stream layers.

4.5. Supervised learning tail. Discriminator and its training

To obtain supervised learning networks, we append a supervised learning tail, depicted at
the bottom of the green “Tail” block in Fig. 2. This tail is similar to that used in PCT [8], and
consists of a first linear layer, a dropout layer, and two other linear layers that reduce the number
of features to either the number of classes (in classification) or to the number of part types that
each point may have (in segmentation). Then, for classification, the tail outputs a distribution
over the classes for the entire point cloud, while for segmentation, it outputs a segmented point
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cloud, in which each point is associated with a distribution over part types. Since we are dealing
with supervised learning, batch normalization is applied as usual.

One important segmentation network is the discriminator, whose objective is to determine
whether a point belongs to the background or to targets, on the basis of which the RL reward (1)
is then computed. There are only two part types: background and targets. To train the network,
rather than presenting arbitrary point clouds, the agent was run with a random policy and the
resulting point clouds were collected and labeled with the ground-truth classes for each point.
This procedure leads to training data that is representative for the RL regime.

Note that standard segmentation experiments will also be run, using the supervised learn-
ing tail configured for segmentation, in which we aim to improve on the PCT baseline. The
name “segmentation” is used for this general setting, whereas “discriminator” is reserved for the
specific network used to partition the point cloud into background and targets.

5. Experiments

We start with a first batch of experiments that search for a good network architecture in the
setting of supervised learning, and compare with PCT in this setting. Due to space limits, we
report these results in supplementary material, at [39].

For our main, RL experiments, we take the best-performing core from the supervised learning
experiments: the 3-stage encoder-decoder with CSS, and append the RL tail to it, obtaining a
network labeled EncDec-CSS+RL. Choosing 25% of the points for each subsequent stage yields
the best performance, so we retain the entire set of v9 = 1620 points in the first stage, then
sample v; = 400 representative points in the second stage, and finally sample vo = 100 points
in the third stage, using K = 32 neighbors (continuing with a fourth stage of 25 points would no
longer provide meaningful information).

A discriminator network with structure EncDec-CSS+Segm partitions the point cloud into
targets and background. To train it, we collected a ground-truth dataset of 400 episodes with 100
steps each. A second dataset of the same size is used for validation. The discriminator is 99.9%
accurate on the validation data, so the prediction is wrong on average about 1.62 points.

The RL settings are as follows. The agents are trained for 10000 episodes of 100 steps
each, using an e-greedy exploration strategy [6]. Linear decay is used for €, beginning at 1
(full exploration) and ending at 0 (exploitation only) after 3000 episodes. Training begins after
200 episodes. At each step, the network is trained with a batch size of 16 samples. For the
distributional representation, the minimum value V;,,;;, = 0 and the maximum value V. = 530;
this maximum was experimentally established using the largest return achieved by the agent in
preliminary experiments (515) plus a safety margin of 15. For the loss, the L2 norm is utilized
and the gradient is clipped to a maximum value of 1.5, to prevent the otherwise large gradients
caused by the deep network and estimation bias [11]. The Adam optimizer was applied with a
learning rate of 1076 and an e parameter of 10~ (note this ¢ is a different variable from the
exploration probability ). Other hyper-parameters are taken from [35].

We start by comparing our main network EncDec-CSS+RL to a Segm+RL baseline that per-
formed better than networks with a classification core in preliminary RL experiments. Then,
EncDec-CSS+RL is compared to a greedy baseline that selects at each step a next sensor pose
maximizing the immediate reward.

EncDec-CSS+RL versus Segm+RL. Fig. 3 left shows that EncDec-CSS+RL exhibits faster
learning and better final performance than Segm+RL. Note that despite the fact that EncDec-
CSS+RL uses many more transformers than Segm+RL, the two networks are close in complexity,
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Fig. 3. Left: Learning curves with EncDec-CSS+RL (blue) versus Segm+RL (red). In both
experiments, the darker and lighter shades of either color are used to differentiate the two seeds,
and competing experiments of the same shade use the same seed. To make the graphs more
readable, instead of plotting the raw cumulative reward C. at episode 7, we plot a smoothed
version C ;1 = 0.99C; + (1 — 0.99)C,. Right: Performance with the final policy learned by
EncDec-CSS+RL (blue) versus the greedy baseline (green), across 100 trials. The continuous
line is the mean performance, the shaded region is the 95% confidence on the mean, and the
dashed lines are the best and worst performances at each step.

Table 1. Complexity of the two architectures used in the final RL experiments. An NVIDIA
RTX A40 GPU card was used.

Metric Segm+RL | EncDec-CSS+RL
Params 1442 M 161.4M

GPU Memory | 19240MiB | 18399MiB
Network size | 552.6MiB | 617.5MiB

Fig. 4. A trajectory of the fully trained EncDec-CSS+RL agent. Top row from the left: 1) The
first pyramid is found and its three sides are scanned. 2) The agent scans most of the scene,
inspecting the wall to explore, and then finds two more pyramids and scans each one from three
sides. 3) The agent enters and scans the third room. 4) The agent returns and goes to scan the
back of the second pyramid, the corner and the remaining portion of the wall.

see Table 1. The reason for this is that the segmentation core seeks for K nearest neighbors of
all points in the cloud in both stages Ey and E;, without representative point sampling; see again
Fig. 2 and Section 4.3.

Greedy versus RL. In our final experiment, we pit the best-performing EncDec-CSS+RL
agent against the greedy baseline. Fig. 3 right shows that the RL agent outperforms the greedy
strategy. Fig. 4 illustrates the behavior of the final policy learned by RL, which manages to solve
the active search and coverage problem.

It is interesting to examine which points are selected by FPS and CSS, see Fig. 5. FPS selects
points uniformly, which is not appropriate in this case since it wastes points on representing the
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Stage 1 FPS Stage 2 FPS Stage 1 CSS Stage 2 CSS,

Fig. 5. Representative points selected by FPS (the two left images) and CSS (the two right
images), with green arrows highlighting points on the target objects. In stage 1, 400 points are
chosen after exploring roughly half of the environment. In stage 2, 100 points are chosen after
exploring nearly the entire environment.

floor, and makes the targets difficult to distinguish even in stage 1; the entire environment loses
structure in stage 2. In contrast, in stage 1 CSS keeps largely the edges of the environment plus
some points on the pyramid it has discovered so far, whereas in stage 2, where the number of
points is smaller, it keeps a 2D outline of the walls and the tops of the pyramids.

6. Conclusions and Future Work

We proposed a hierarchical encoder-decoder architecture for deep reinforcement learning
on point clouds, and applied it to an active target search and coverage problem. The novel
architecture worked better than a greedy baseline and than structures closer to the point cloud
transformer, and in addition to RL it also led to improvements in supervised learning.

A first direction for future work is to apply the proposed method to real sensors mounted on
a mobile robot, addressing the challenges involved in transferring results from simulation to the
real world: increasing sample efficiency, handling large point clouds, noise, and task variability.
A second, more fundamental direction is to adapt to RL in general the ways we discovered to
train very deep RL networks in active search and coverage: batch normalization on the earlier,
feature detection layers, and clipping the gradient more strongly. It is also interesting to apply
CSS sampling to other point-cloud problems.
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