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Abstract—Active vision learning aims to develop intelligent
systems capable of actively exploring and understanding their
surroundings to optimize detection performance. Although cur-
rent research has begun to explore how reinforcement learning
can drive robots to actively perceive their environment, it often
overlooks the critical role of integrating historical contextual
information. To address this, we propose an innovative approach
to active vision learning, designed to enhance target detection
performance in unknown environments. Specifically, this method
combines reinforcement learning with deep neural network
techniques and cleverly designs a sliding window mechanism to
integrate observations over multiple steps into the state input.
We employ PointNet++ for feature extraction and utilize a
Transformer encoder module to process spatial contextual in-
formation, thereby constructing a comprehensive representation
of the robot’s environment. Additionally, our carefully designed
reward mechanism encourages the robot to prioritize the explo-
ration of diverse object categories. With these reward strategies,
we achieve significant improvements in detection accuracy and
sampling efficiency. We validated our approach on the real-world
3D dataset R3ED, and the results demonstrate that our method
outperforms other baseline methods in terms of performance.

Index Terms—Active vision learning, Robotic Control, Deep
Reinforcement Learning.

I. INTRODUCTION

Active vision learning [1]-[6] is an emerging field at the
intersection of robotics and computer vision, focused on
developing intelligent systems that actively explore and per-
ceive their environments. By leveraging reinforcement learning
(RL) [7]-[11] and deep neural networks [12]-[14], significant
progress has been made in enabling robots to make informed
decisions based on visual input. The ultimate goal is to allow
robots to effectively adapt to new and dynamic environments,
improving detection capabilities while reducing reliance on
extensive data collection.

In recent years, 3D object detection [15]-[19] has been
crucial for enabling robots to perceive and understand the
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spatial layout of their environments. Among these, DeepGCNs
[20] utilizes the geometric relationships between 3D point
clouds for accurate and robust object detection. VoteNet [21]
learns to generate a set of 3D object proposals and then op-
timizes these proposals using a voting mechanism to estimate
the final object pose. Another significant advancement is 3D-
DETR [22], which employs a transformer-based architecture to
directly predict 3D object bounding boxes from RGB images
and associated point clouds. However, these algorithms heavily
rely on sufficient and meticulously curated datasets for train-
ing, which limits their adaptability to unknown environments.
When robots equipped with these detectors enter unfamiliar
environments, their performance can significantly deteriorate
due to the lack of prior knowledge.

Thus, it is crucial to develop effective motion strategies
that allow robots to collect new training samples in novel
environments. These strategies should enable robots to actively
explore and perceive the new environment, gather diverse
and representative data, and adapt their detection models to
achieve reliable performance in previously unseen scenarios.
Real 3D Embodied Dataset (R3ED) [23] introduces a real
3D embodied dataset to address the performance degradation
issue associated with using synthetic data in real-world sce-
narios. Another study [24] models active object detection as
a sequential action decision process and introduces a deep
reinforcement learning framework. However, these methods
do not sufficiently consider historical and spatial positional
information, which may lead to an incomplete understanding
of the environment.

To overcome this challenge, our approach introduces a state
representation rich in contextual information as the input state
for the DQN [7]. Specifically, we store the robot’s historical
movement trajectories in a buffer and use a sliding window
mechanism to select the most recent observations for state
encoding. To more effectively integrate observations across
time frames, we employ a standard transformer encoder for
the encoding task. Additionally, we have newly designed the
action space and incorporated a dueling network architecture,
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Fig. 1.

____________________________________________

The proposed active visual learning framework. The point cloud data within the sliding window are sequentially subjected to pointnet++ feature

extraction followed by spatial location embedding operation. Then the features will be encoded by transformer encoder. Finally an action policy is generated

by a dueling dgn network.

allowing the robot to independently assess the current state
and potential action choices. We evaluated our method on the
R3ED [23] collected in real-world scenarios and compared
it with other benchmark methods. The experimental results
demonstrate that our approach performs exceptionally well.
Our contributions can be summarized as follows:

1) We propose a novel reinforcement learning method in

active vision learning, leveraging a transformer encoder
to enhance object detection in unknown and dynamic en-
vironments, empowering robots with active exploration
and perception capabilities.
The proposed reward design enables robots to prioritize
object category exploration and perform real-time eval-
uation of detection performance at the current location,
achieving superior results on the R3ED dataset.

2)

II. BACKGROUND

We use a six-tuple (S, A, R, p, v, ) to describe the sequen-
tial action decision process for active visual learning of the
robot, and they mean the following:

1) S is the set of states, where the robot can obtain state
s € S at each time step.

A is the set of actions, and at each time step, the robot

takes action a € A according to the current state s.

R is the reward, which is the sum of the rewards that

the robot can receive for performing action a according

to state s.

4) p: S x A— S is the state transfer probability.

5) v €10,1] is the discount factor.

6) m:S — A is an action policy that guides the robot to
choose an action based on the current state.

2)

3)

The robot is equipped with a pre-trained detector to enter
a new environment, and in the initial state, the robot acquires
state sp. In each subsequent time step, the robot selects an
action a; = m(s¢—1) based on the policy and the state s;_1
from the previous step. The objective of active vision learning
is to find an optimal policy 7*, which recursively adjusts the
state of the robot to obtain a better data collection trajectory.

III. METHOD

We propose a reinforcement learning method based on
Dueling Deep Q-Networks [8]. As illustrated in Fig. 1, our
approach involves processing individual point clouds within
a sliding window using PointNet++ [25] for feature extrac-
tion. The resulting feature representations are then position-
embedded to incorporate spatial information. Subsequently,
the data stream is encoded using a transformer encoder
module. Finally, the action policy is derived through the RL
network.

A. State Representation

In active vision learning, the state representation is crucial
for capturing relevant information about the robot’s environ-
ment. While previous approaches often relied solely on the
robot’s current position, our method takes a more selective
approach by considering a subset of historical point cloud
frames along with the current frame. To achieve this, we
establish a cache pool to store a collection of historical
point cloud frames. The selected subset is then processed
using PointNet++ [25] within a sliding window for feature
extraction.

St = TE(Feztract(PCt—k:t) ¥ PE(‘T7 Y, 0))a (1)

where @ denotes vector concatenation, TE represents the
Transformer Encoder, PC;_.; denotes a sequence of point
clouds within a sliding window of size k, Feg¢rqct refers
to feature extraction using PointNet++ [25], PE represents
position embedding, and (z, y, f) represents the current robot’s
position information.

By integrating PointNet++ for feature extraction and lever-
aging the Transformer encoder module with positional embed-
ding, our state representation captures both local geometric
details and global spatial dependencies. This comprehensive
representation enables the robot to make informed decisions
based on immediate visual input, historical context, and spatial
relationships within the environment.
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B. Action Representation

In our approach, we aim to enhance the robot’s motion
selection capabilities by dividing the action space into two
components: position selection and camera angle adjustment.
The position selection component focuses on choosing the
robot’s next position relative to its current location, allowing
movement in eight directions: up, down, left, right, upper left,
lower left, upper right, and lower right, as well as remaining in
the current position. Meanwhile, the camera angle adjustment
component enables the robot to modify its viewing angle in
45-degree intervals, providing eight possible angle options.
Additionally, at time ¢, the robot maintains a feasible set
A; C A of candidate actions to avoid collisions.

Inspired by the dueling DQN [8] architecture, we incorpo-
rate a similar design into our framework for action representa-
tion, as illustrated in Fig. 1. This architecture consists of three
main components: state value Vj, action position advantage
Vp, and action angle advantage V,. Consequently, the output
Q-value in reinforcement learning can be expressed as:

Q(s,a;&) = ‘/S(S;etves) + (Vp(s7ap;9t79;0) + (Va(svaa;etaea)
1 1
W, D Vols,0p:00,05)) = 5 D Vals, 06300, 0)),

al,€Ap @ aneA,

(@)

where the parameters of the common encoding parts are
denoted as 0;, while the parameters 6, 0,, and 6, correspond
to the three branches of the fully connected layers. IV, and
N, are the number of selected positions and angle actions,
respectively.

C. Reward Function

Our reward function comprises three components. The first
component focuses on the number of detectable objects in the
current point cloud frame, where a higher number of detected
objects results in a greater reward. It can be expressed as:

R = A x ny, (3)

where )\ is an adjustable weighting factor, and n; denotes the
number of detectable objects in the point cloud collected at
time step t.

The second component considers the entropy of the object
classes observed in the historical collection of point cloud
frames. We calculate the entropy by examining the set of all
object classes and their respective frequencies in the historical
frames. When a new point cloud frame is obtained at time
step ¢, we update the set of object categories and calculate the
change in entropy compared to the previous state as a reward:

Tf = A¢ X (Ht *Ht—1)7 4

where ). is an adjustable weighting factor, and H; denotes the
entropy of the object classes in the collected dataset at time
step t. A higher entropy reward indicates the presence of a
greater variety of object classes in the environment, reflecting
higher environmental diversity. This encourages the robot to
discover new objects during exploration, leading to a more

TABLE I
THE DIVISION OF THE EXPERIMENTAL DATASET.

| pre-train scans |  train scans  |test scans

split]l |Home_1 Home_2 Home_3 Home_4 |Home_5 Home_6| Home_7
split2 | Home_2 Home_3 Home_4 Home_5|Home_6 Home_7| Home_1
split3|Home_3 Home_4 Home_5 Home_6 |Home_7 Home_1| Home_2
split4 | Home_4 Home_5 Home_6 Home_7 |Home_1 Home_2| Home_3

comprehensive understanding of the structure and content of
the environment.

The third component, known as the performance difference
reward, aims to assess the disparity between two detectors.
We have trained two VoteNet [21] detectors: detector 1,
which has no knowledge of the reinforcement learning training
environment, and detector 2, which incorporates data from that
environment during training. Our goal is to use policy learning
to collect a small number of samples and enhance detector
1’s performance to match that of detector 2 in the training
environment.

At each time step ¢, both detectors are applied to the
current point cloud frame, and the results are filtered based
on a predefined classification score threshold. The remaining
detection results for each class are then used to construct a
cost matrix, where the elements represent the Intersection over
Union (IoU) between corresponding bounding boxes from the
two detectors. We employ a binary matching algorithm based
on the cost matrix to determine the matches. The sum of
IoU values from the matched pairs is computed to represent
the performance difference between the detectors. The reward
value of the third component can be expressed as:

1
=), x - > I0U(VA, Va) (5)

where ), is an adjustable weighting factor, n; is the number
of objects in the point cloud frame at time step ¢, ¢ represents
the class of detected objects, and V; and V5, are the two
VoteNet [21] detectors, respectively. By considering the per-
formance differences between detectors, we can gain insight
into their effectiveness in a given environment. Higher IoU
values indicate that the detection results of both detectors are
very similar, suggesting a lower need for further exploration in
that region. Conversely, lower IoU values indicate significant
differences between the detection results of the two detectors,
highlighting the importance of further exploration in that
region.

Combining the above three components of the reward, the
reward that can be obtained by the robot taking action a; in
a single time step t is:

rt:Tf+Tf+Tf (6)

IV. EXPERIMENTS

In this experiment, we aim to assess the efficacy of our
proposed active vision learning approach in an unfamiliar en-
vironment. The robot is equipped with the pre-trained detector
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TABLE II
PERFORMANCE COMPARISON OF ACTIVE VISUAL LEARNING POLICIES ON THE R3ED [23] DATASET.

. mAP@0.25 mAP@0.5

Policy

splitl split2 split3 split4 splitl split2 split3 split4
Pre-train 19.08 18.91 20.43 19.57 8.65 8.21 9.03 7.96
Random 42.78 41.62 43.12 43.74 18.14 17.89 18.21 19.33
Unidirectional 49.07 48.19 49.64 48.69 23.07 22.85 23.51 24.17
Maximum distance 53.18 54.76 55.41 55.27 24.86 24.63 24.97 24.65
Semantic curiosity [1] 60.32 59.48 60.89 61.73 26.75 26.03 27.17 28.12
3D Divergency [23] 63.14 62.79 63.80 63.94 27.28 26.73 28.02 28.03
Proposed 67.12 66.28 66.63 67.49 30.03 29.96 31.45 31.74
improvement +3.98 +3.49 +2.83 +3.55 +2.75 +3.23 +3.43 +3.71
w/o Contextual information 61.73 59.65 60.93 61.57 27.56 27.14 27.39 27.96
w/o Dueling Design 65.27 64.13 65.19 65.68 28.45 28.06 29.37 29.56

to develop a 100-step data acquisition strategy in the training
scene and then evaluate its performance in the test scene. The
task was trained on a computer with a 14-core Intel i9-10940X
CPU and a 24GB NVIDIA GeForce RTX 3090 GPU.

A. Dataset

The experiments in this thesis use the Real 3D Embodied
Dataset (R3ED) [23]. This dataset contains over 5,800 point
clouds and 22,400 ground truth 3D bounding boxes. R3ED
was collected from seven realistic indoor scenes using a
dense sampling method that enables the simulation of robot
actions and the acquisition of realistic data. Each room features
more than 100 densely distributed sampling points, with each
point capturing data from 8 different angles. We evaluate the
performance of various active vision learning policies on the
R3ED dataset using three different splits: splitl, split2, and
split3 (as described in Table I). We will train a VoteNet [21]
detector in a pre-training scenario, then apply our active vision
learning policy in a training scenario, and validate it in a test
scenario. The metrics used for evaluation include mAP@0.25
and mAP@0.5.

B. Baseline Polices

To show the effectiveness of the proposed approach, we
compared it with several benchmark strategies as follows:

1) Random Policy: The robot takes 100 random steps in a
new environment.

2) Unidirectional Policy: The robot moves in one direction
until it encounters an obstacle and then changes direc-
tion.

3) Maximum distance Policy: Robot moves maximum dis-
tance with 100 steps movement in new environment.

4) Semantic curiosity policy [1]: Training robot motion
strategies based on the reward formula in [1]

5) 3D Divergency Policy [23]: Training robot motion strate-
gies based on the reward formula in [23]

C. Performance Comparison

As shown in Table II, the results indicate that the pre-trained
model has limited performance in novel environments, high-
lighting the need for active visual learning approaches. Next,

we evaluate several active visual learning policies. Notably, our
proposed policy outperforms all other policies across all splits.
It achieves the highest mAP@0.25 scores of 67.12, 66.28,
66.63 and 67.49 for splits 1, 2, 3 and 4, respectively. Similarly,
it achieves the highest mAP@0.5 scores of 30.03, 29.96, 31.45
and 31.74 for the respective splits.These results demonstrate
the effectiveness of our proposed policy in improving object
detection performance in unseen environments. The proposed
policy leverages a combination of active exploration and
perception strategies, enabling the robot to collect diverse and
informative data to refine its detection model.

D. Ablation Study

We conducted two ablation studies. As shown in Table II, in
the first study, we removed the sliding window and transformer
encoder, using only the current viewpoint observation as
input and ignoring contextual information. The experimental
results revealed that, without the support of historical data,
the robot tended to repeat its movements, leading to a signif-
icant decrease in performance. In another study, we replaced
our proposed dueling network architecture with a traditional
DQN [7] algorithm. In this case, although the performance in
the test environment dropped by 2 mAP, it still outperformed
the baseline methods, further emphasizing the importance of
considering contextual information in this task.

V. CONCLUSION

This study presents a novel approach to active vision learn-
ing. By leveraging reinforcement learning and deep neural net-
works, our method endows robots with the ability to actively
explore and perceive their environments, thereby enhancing
3D object detection performance in unknown environments.
The integration of a transformer-based encoder and sliding
window technique enables the robot to combine historical
information with spatial cues, leading to more informed
decision-making. Future work could focus on further optimiz-
ing the active vision learning process, expanding datasets, and
exploring the integration of large language models to enhance
the robot’s ability to actively perceive and understand the
world.
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