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Abstract— The use of multi-camera views simultaneously has
been shown to improve the generalization capabilities and
performance of visual policies. However, using multiple cameras
in real-world scenarios can be challenging. In this study,
we present a novel approach to enhance the generalization
performance of vision-based Reinforcement Learning (RL) al-
gorithms for robotic manipulation tasks. Our proposed method
involves utilizing a technique known as knowledge distillation,
in which a “teacher” policy pre-trained with multiple camera
viewpoints guides a “student” policy in learning from a single
camera viewpoint. To enhance the student policy’s robustness
against camera location perturbations, it is trained using data
augmentation and extreme viewpoint changes. As a result, the
student policy learns robust visual features that allow it to locate
the object of interest accurately and consistently, regardless
of the camera viewpoint. The efficacy and efficiency of the
proposed method were evaluated both in simulation and real-
world environments. The results demonstrate that the single-
view visual student policy can successfully learn to grasp and
lift a challenging object, which was not possible with a single-
view policy alone. Furthermore, the student policy demonstrates
zero-shot transfer capability, where it can successfully grasp
and lift objects in real-world scenarios for unseen visual
configurations.

I. INTRODUCTION

In recent years, the field of deep reinforcement learn-
ing (DRL) has seen rapid progress in robot control and
manipulation applications, with vision-based RL algorithms
being particularly noteworthy due to their ability to learn
directly from high-dimensional visual inputs such as images,
point clouds or videos [1]-[3]. However, one of the most
significant challenges for these algorithms remains the gen-
eralization of learned skills to new and diverse situations.
To address this issue, researchers have employed various
data randomization[4] and augmentation methods, including
changes to the background color, texture, and other parame-
ters [5]-[8]. While these techniques have shown effectiveness
in learning representations of high-dimensional data, their
generalization capabilities are limited to the features acquired
from a fixed viewpoint perspective.

To overcome this limitation, researchers have explored
various techniques to enhance the generalization capabili-
ties of vision-based RL algorithms. One approach involves
training the algorithm using multiple viewpoints to recognize
objects from different perspectives. For example, to develop
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Fig. 1: An illustration of a single-camera visual policy setup for
robot manipulation tasks, with a front-facing third-person camera.

visuomotor manipulation skills, researchers often employ
a third-person camera view that captures the robot and
environment from the outside, as well as a first-person
(egocentric) camera that is linked to the robot’s end-effector.
The third-person camera allows visuomotor policy to view
the environment and robot from a wide static perspective
and results in a better understanding of the environment.
In contrast, the egocentric camera provides a closer yet
restricted observation due to its inability to view the robot
arm and environment in full scope. The perspective of the
egocentric camera changes according to the position of the
end-effector, which can lead to important visual features
becoming obscured. It is also feasible to use both egocentric
and third-person cameras simultaneously, which improves
the generalization capability and performance of visual pol-
icy [9][10]. In a simulation environment, it is possible to
use multiple third-person and egocentric cameras together
to obtain better results without having any limitations. In
contrast, deploying multiple camera devices in real-world
scenarios presents significant challenges, including the need
for additional hardware components and design constraints.
In addition, coordinating and synchronizing multiple cameras
to capture frames simultaneously can be technically complex
and time-consuming.

In this paper, we propose a method for learning a robust
manipulation policy that can generalize to unseen visual
configurations, using a single camera. Our approach lever-
ages knowledge distillation to transfer privileged multiple-
view information from a teacher policy to a student policy
that observes the task using information only from a single
camera. By learning from the teacher policy’s rich multi-
view information, the student policy can acquire robust



features that can consistently locate the object of interest,
regardless of the single-camera viewpoint. First, a teacher
policy is trained with multiple views gathered from fixed
viewpoints to learn more generalizable representations. Then,
a student with a single-camera viewpoint is trained to imitate
the action of the teacher policy. To enhance robustness
against camera location, the camera locations and parameters
are constantly changed, in addition to data augmentation
techniques such as random cropping and color jiggering.
Furthermore, we employ a straightforward curriculum train-
ing approach for continuous policy learning by gradually
expanding the student’s camera parameter range. Notably,
camera randomization alone is insufficient on its own to
ensure robust learning. Our experiments demonstrate that
substantial camera randomization, without the guidance of
knowledge distillation, fails to enable policies to acquire the
essential knowledge and skills required for successful task
performance. Consequently, the single-camera student can
learn the same actions as the teacher from heavily augmented
and perturbed camera positions. This enables the student
policy to perform manipulation tasks using a single-camera
observation and as a result, makes it more practical and
efficient for real-world applications. To this end, the main
contributions in this work can be summarized as follows:

• A novel and robust visual-policy learning by transfer-
ring privileged multiple-view information of the teacher
to the single-camera view student.

• The use of randomized camera views during training,
allowing the student policy to learn to adapt to different
camera angles and positions.

• Investigation on the effect of the number of third-
person camera views for knowledge distillation from
the multiple-view teacher to the single-view student.

II. RELATED WORK

A. Vision-based Reinforcement Learning

The overall goal of vision-based reinforcement learning is
to enable agents to learn from visual inputs, such as images
or videos, in order to perform tasks in complex environ-
ments. To extract high-level features and improve the sample
efficiency of vision-based RL algorithms, CURL method is
proposed [5]. This method employs contrastive loss to ensure
consistency between an image and its augmented version.
Many works also focus on data augmentation methods such
as random shift, random crop, color jitter, and applying
Gaussian noise, and random convolutions for learning ro-
bust representations from the raw input image [6]-[8]. Data
augmentation and CURL are also successfully implemented
for real-world robotic tasks [11]. One limitation of these
methods is that they may not be adequate to handle more
intricate forms of variation, such as variations in viewpoint
or camera parameters.

B. Knowledge Distillation

The procedure of using the knowledge of a pre-trained
neural network model to enhance the capabilities of another
one is referred as knowledge distillation (KD) [12]. Most

commonly the pre-trained model, called the “teacher”, is
used to provide additional annotation for the data samples
to be used along with the ground truth labels while training
another model from scratch. This enriches the limited infor-
mation conveyed by the ground truth labels. As a result,
the model trained with such enhanced information called
the “student”, can achieve performance beyond its original
capacity and even outperform the teacher.

In the context of reinforcement learning, KD has been
employed for various tasks, such as policy distillation [13]
which proposes distilling the knowledge of a large and
accurate policy network, called the teacher, into a smaller
and faster policy network, called the student. Additionally,
it’s worth noting that similar concepts have been extended
to scenarios where a single student agent can leverage mul-
tiple expert teachers, each specializing in individual tasks,
allowing for more diverse and versatile knowledge transfer
and multi-task learning [14] [15].

C. Privileged Provision

Recently, KD is utilized in learning vision-based urban
driving [16] [17], dexterous hand manipulation [18], in-hand
object reorientation [19], and quadrupedal locomotion over
challenging environments [20] [21] where the teacher policy
that has access to privileged information in a simulation
environment is used to guide the student policy that has only
access to sensory information available in the real world. The
student policy is then deployed and successfully tested in a
variety of challenging real-world environments. Another ap-
proach [22] [23] is to train the teacher in a simplified virtual
environment with basic geometry and rendering, enabling
faster learning. Then, a student is trained in a high-fidelity
simulation featuring realistic sensors with the guidance of the
teacher before being deployed in the real world. Similarly,
KD is also applied for zero-shot generalization of visual
policies [24]. At first, weak image augmentation is used to
train an expert policy. Then, using imitation learning with
strong augmentations, a student network learns to mimic the
expert policy. Even though it has been demonstrated that
strong augmentations can offer robust representation learning
for a range of visual policy tasks in diverse simulation
contexts, generalization capabilities are restricted to features
acquired through a single fixed viewpoint only.

III. PRELIMINARIES

The reinforcement learning environment is defined as a
Markov Decision Process (MDP) tuple ⟨S,A, p, r, γ⟩: S is
the continuous state space, A is continuous action space,
p(st+1|st, at) is the state transition model where probability
density of the next state st+1 ∈ S given st ∈ S and at ∈
A, r is the reward function, and γ ∈ (0, 1] is the discount
factor. Episode length is denoted by T . The objective of an
RL algorithm is to find an optimal policy π : S → A to
maximize the expected return.

In order to determine the policy distribution π(at|st), we
employ an actor-critic model. As our algorithm of choice,
we use the Soft Actor-Critic (SAC) [25], a state-of-the-art



Fig. 2: The figure depicts the overview of our framework for training the teacher πt and student πs policies in part (a) and an example
of randomized third-person camera views used to train the student policies in the visual-policy learning task in part (b). In part (a), we
illustrate the flow of information and learning between the teacher and student policies. The teacher policy is trained using a delayed
reward scheme and is used to guide the training of the student policy. In part (b), we show a collection of sampled third-person camera
views used to train the student policy, which are randomized by camera position and parameters to introduce variability in the training
data and improve the generalization capability of the student policy.

off-policy maximum entropy deep reinforcement learning
algorithm due to its good performance in sparse reward
setups. The optimal policy equation of SAC is shown below:

π∗ = argmax
π

∑
t

E(st,at)∼ρπ
[r(st, at) + αH(π(·|st))]

(1)
where the temperature parameter, denoted as α, controls the
stochasticity of the optimal policy by determining the relative
importance of the entropy term compared to the reward.

IV. APPROACH

A. Problem Formulation

In visual policy learning, the agent perceives the environ-
ment through cameras, and therefore, the environment is only
partially observable. This makes the problem formulation
a Partial Observability Markov Decision Process (POMDP)
instead of a standard MDP. As a result, the state vectors
st in (1) are replaced with observations, denoted as o. These
observations are obtained by encoding RGB images collected
from the environment [I1, ...IN ] via a function f before
being provided to the policy module:

o := f([I1, ...IN ]) where I ∈ RC×H×W (2)

Typically f is parameterized by a neural network (NN) ϕ
and learned using gradient-based optimization techniques.
Since neural networks generalize poorly when training data
lacks diversity, increasing the number of unique views N
by using more cameras can improve the performance. As
a result, there is a natural trade-off between the hardware
complexity of the robotics system and performance since
utilizing multiple camera devices to process diverse views

of the environment typically provides robust policies against
domain variations at the expense of increased hardware
demand and design complexity. To break such a trade-off, we
propose training a privileged teacher policy πt(a|ot) using
multiple camera views from the simulation environment and
later distilling the learned policy to train a non-privileged
student policy πs(a|os) that works with only single-view
observations. In this way, while the hardware requirement
of deploying πs is limited to a single camera, it can provide
similar performance to πt.

Our objective is to find the optimal student policy π∗
s that

minimizes the knowledge distillation (KD) loss. The KD loss
measures the discrepancy between the student policy and the
teacher policy:

π∗
s := argmin

πs

LKD(πs, πt) (3)

B. Implementation Details

The teacher operates with images collected from a single
egocentric camera (Ie) and N stationary third-person view
cameras ([Iθ1t , ...IθNt ]) while the student uses the view of a
single third-person view camera (Iθkt ).

ot := fϕt(Ie, [I
θ1
t , ...IθNt ])

os := fϕs(I
θk
t ) where θk ∼ U(0, θmax)

(4)

To make the student robust against environmental pertur-
bations, we apply domain randomization and sample the
camera angle θk randomly from a uniform distribution that
ranges from 0 to θmax. Both the teacher and the student have
the same network architecture comprised of a 12-layer con-
volutional encoder with a single-layer self-attention module



and a SAC policy. We use the PyTorch [26] implementation
of SAC as in [11].
Knowledge Distillation: We apply the principles of DAgger
[27], which reduces distributional shifts in learned policies
by incorporating data from an expert policy, to distill the
knowledge of the teacher policy into the student policy.
Different than DAgger, our expert is not a human, instead we
use a pre-trained teacher policy. To train the student, we use
two sources of information: the actions and encoded features
provided by the teacher. To distill the first information into
the student, the mean squared error (MSE) between the
student πs and teacher πt policies is minimized:

LKD := ∥πs(os)− πt(ot)∥ (5)

The student policy πs is updated by minimizing this loss
using the transition batch sampled from experiences replay
buffer D. The updated student policy is then used to collect
more data, which is added to D and used for the next iteration
of the policy update. During the training of the teacher, only
the loss of the critic is used to update the weights of the
encoder network for learning the representation space. For
training the student encoder, instead of using the gradients
of critic to update the student encoder we implement two
methods. The first one is inspired by [28] where we align
the pairwise similarity matrix of teacher observations Ct

with that of the student observations Cs by minimizing the
following loss:

Lsim :=
∑
i

∑
j

∥Cij
T − Cij

S ∥2F (6)

Different to [28], We use the cosine distance to quantify the
pairwise similarities between different observations:

C :=
C

∥o[i,:]∥∥o[i,:]∥T
; C := ooT ; o ∈ Rb×(z) (7)

Here o is the flattened output tensor of the feature extractor
fϕ. In the second one, the distillation objective is to minimize
the Euclidean distance between the features of the teacher
and student. Thus, the second method tries to minimize
the sum of all the squared differences between the teacher
encoder output and the predicted student output:

LMSE := ∥ot − os∥2 (8)

Our results, to be presented in the next section, show that
minimizing the Euclidean distance between features yields
superior performance for the student policy when compared
to the pairwise similarity method. This finding suggests that
minimizing the Euclidean distance provides better distillation
for learning high-level visual features.
Curriculum Learning: To make the student robust against
environmental perturbations we apply domain randomization
and permute the camera angle θk and camera parameters. We
utilize a simple curriculum training that gradually increases
the range of camera parameters of the student. Initially, when
training begins, the camera parameter range closely aligns
with that of the teacher. As training progresses, we incremen-
tally widen the parameter range every 50 episodes (up to the

Algorithm 1 Multi-View to Single-View KD
1: Input: multi-view teacher policy πt, single-view student policy

πs, feature extractors fϕt and fϕs, a buffer containing fixed
expert demonstrations Be.

2: #Train teacher policy πt and fϕt.
3: for t in 1, . . . , Ttrain do
4: Update πt and fϕt based on Eq. 1 using dataset Be.
5: Execute policy πt and obtain new transitions Bt.
6: Be ← Be ∪ Bt.
7: end for
8: #Train student policy πs and fϕs via KD.
9: Use πt to collect multi-camera view transitions B.

10: for t in 1, . . . , Tdistill do
11: Update πs and fϕs to minimize the loss in Eq. 5 and Eq. 8

using observations in B.
12: Execute policy πs and obtain new transitions Bs.
13: B ← B ∪ Bs.
14: if Episode is done then
15: Randomize camera viewpoint.
16: end if
17: end for

maximum parameter range) and sample camera parameters
randomly from this expanded distribution. Our intuition is
that gradually increasing the camera parameters increases
the difficulty level of the task. It is also possible to utilize
more efficient automatic curriculum learning methods like
ALP-GMM [29], Automatic Curriculum Learning through
Value Disagreement [30], where the complexity of the task
is determined by the performance of student policy.
Data Augmentation: To improve the generalization ability
of the policies, we employ two techniques for data augmen-
tation during training: pixel shifting and color augmentation.
These techniques help to expose the models to a more diverse
range of visual inputs, which in turn can improve their
ability to perform the task in a wider variety of scenarios.
Specifically, we randomly shift the pixels of the images in
two dimensions and apply color augmentation techniques
such as changing the brightness, contrast, and saturation. By
applying these techniques, we aim to make the policies more
robust to changes in lighting, and other environmental factors
that may be present in real-world scenarios.
Setup Details: Multiple cameras can be employed to capture
various viewpoints and enhance the generalization capability
of visual-policy learning. Our study focuses on the utilization
of two-camera and three-camera setups to train an expert
visual policy. The two-camera setup comprises a first-person
(egocentric) camera attached to the robot’s end-effector and
a third-person camera positioned in front of the robot to
capture a bird’s eye view of the table and robot. The three-
camera setup consists of a first-person camera and two third-
person cameras positioned in front and on the side of the
robot, respectively. These cameras are positioned to offer
orthogonal viewpoints. This arrangement minimizes informa-
tion redundancy across cameras, maximizing the advantages
of multi-view input.

During the training of the student policy, we employ
only one of the third-person cameras to capture the visual
information. More precisely, we use a single third-person



camera placed in front of the robot but the camera parameters
and view are randomly changed. By constantly changing the
camera view and parameters, the training data becomes more
diverse, and the student policy can learn to adapt to different
camera angles and positions. This allows the student policy
to generalize better to new, unseen camera views, which
is crucial for applications where the camera position and
orientation may not be known or fixed. In our context, the
visual policy is responsible for generating control actions that
enable the robot to perform a given task. The action space
includes control over the 3-DoF end-effector position along
the X, Y, and Z axes, 1-DoF rotation control on the yaw-
axis, and 1-DoF gripper control. We train both the teacher
and student policies using 84x84 RGB camera images as
observations. However, for tasks requiring finer details, it
is possible to utilize higher-resolution observations during
student policy training. This approach offers the advantage
of reducing computational costs and accelerating training
times when compared to training students from scratch using
higher-resolution image observations.
Reward Scheme: We train the teacher policies using a
delayed reward scheme with a fixed time horizon, in which
the agent gets rewarded only if the task is completed success-
fully. Achieving a task successfully results in a +100 reward
at each subsequent time step, and accumulates until the end
of the episode, which encourages the agent to complete the
task as quickly as possible.
Task Definition: The tasks in our experiments require the
robot to grasp either a cube or a mug and lift it to a
predetermined height from its initial position. While cubes
and spheres have a symmetrical shape that makes it easier
for visual policies to learn grasping strategies, the lack of
symmetry in the mug presents a greater challenge. The task is
further complicated by visual localization, which requires the
agent to infer object positions solely from high-dimensional
RGB camera pixel data. To increase the diversity of training
data, objects are randomly spawned at different positions on
the table for each episode. This ensures that the agent learns
to adapt to different object positions, enhancing its ability to
perform the task in novel scenarios.

V. RESULTS

A. Simulation Experiments

In order to evaluate the effectiveness of our proposed
approach, we conducted experiments using a 7 degree-of-
freedom Franka Panda Emika manipulator equipped with
a two-fingered parallel gripper in a PyBullet simulation
environment [31], based on code from [32]. To train the
teacher policies πt, we utilized a combination of first-
person, front, and side camera views, as depicted in Figure
2(a). The two-camera view teacher policy comprised a front
camera labeled as (1) and an egocentric camera attached
to the robot’s end-effector labeled as (2) in Figure 2(a).
Additionally, the three-camera view teacher policy included a
side camera labeled as (3) in Figure 2(a) in addition to these.
Furthermore, we introduced a single-camera view teacher,
which solely utilized a front camera. This single-camera view

teacher provided a baseline for comparison and allowed us to
evaluate the benefits of incorporating multiple camera views
in the training process.

For each task, we used a 3D-mouse to collect 50 human
demonstrations (total of 5K transitions), which were added to
the replay buffer to aid in training the multi-camera view ex-
pert teachers. It is important to note that these demonstrations
were exclusively utilized for training the teacher policies
and not for training the students. This method of using
demonstrations has been shown to be effective in improving
the learning process and accelerating the convergence of the
RL algorithms [11]. During the training process, we keep
only the most recent 50K transitions in the replay buffer. The
teacher policies were initially trained from fixed viewpoints.
The student policies were subsequently distilled from these
trained teacher policies. We introduced a significant level
of randomization to the camera position and parameters,
such as field of view (fov) and aspect ratio to increase the
robustness of the student policies πs. PyBullet facilitated this
by employing a synthetic camera specified by two 4 by 4
matrices: the view matrix and the projection matrix, allowing
for the rendering of images from arbitrary camera positions
for each episode. We provide a few examples in Figure
2(b) to showcase the different camera perspectives used
during the training of the student policies in the simulation
environment. For all teachers and students trained, we use
the same data argumentation methods described in section
IV-B. All simulation experiments are repeated 3 times, each
utilizing a different random seed.

The training results of teacher policies πt using different
numbers of camera views and the corresponding results of
the student policies distilled from them to lift the mug
and cube objects are presented in Figure 3. For the cube
object, all teacher policies have successfully learned the
task, but the single-camera view teacher policy πt1cam had
a lower performance than the multiple camera-view teacher
policies πt2cam and πt3cam. More importantly, for the mug
object, the single-camera view teacher policy πt1cam was
unable to effectively learn the task. Overall, these results
demonstrate the importance of utilizing multiple camera
views for learning complex tasks such as lifting asymmetric
objects (eg. mugs) effectively.

Table I presents the results of evaluating the performance
of teacher and student policies on lifting the cube and
mug objects across 100 fixed and random front-camera
views. All results are averaged across three different runs.
The performances of seven different policies are compared,
including single-camera teacher policy πt1cam, two-camera
multi-view teacher policy πt2cam, three-camera multi-view
teacher policy πt3cam, and three student policies πst1cam

,
πst2cam

, and πst3cam
, distilled from the corresponding teacher

policies. Additionally, we established a baseline by compar-
ing with π2cam, a cross-view attention-based two-camera
view visual policy introduced by Jangir et al. [10]. The
results indicate that for fixed and random front angles settings
the students distilled from multi-view teachers, πst2cam

and
πst3cam

, outperform the students distilled from single-camera
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Fig. 3: Training results of teachers and distilled student policies for lifting cube and mug objects in 3 separate runs, each using different
random seeds. The solid curves represent the mean returns, while the shaded regions indicate the range between the minimum and
maximum returns. t1cam, t2cam, and t3cam refer to the single-camera view, two-camera view, and three-camera view teacher policies,
respectively. st1cam, st2cam, and st3cam refer to the student policies distilled from t1cam, t2cam, and t3cam teacher policies, respectively.

teachers, πst1cam
in both cube and mug lifting tasks. Further-

more, since the student policies are trained with extensive
randomization of the camera positions and parameters, their
performance surpasses that of the teacher policies and the
cross-view attention policies in random camera view settings.
However, it should be emphasized that without KD, applying
only camera randomization resulted in a 0 success rate for the
single-view agent in both tasks. Notably, the multi-camera
view to single-camera view distillation approach enables
the single-camera view student policy to learn and perform
the task of lifting the mug object, despite the single front-
view camera teacher was unable to accomplish this. This
highlights the effectiveness of distillation in enhancing the
capabilities of the single-camera view policy. In terms of
teacher training time, multiple-view teacher policies require
slightly more clock time due to increased data volume.
Total training time for the students is the sum of distillation
time and the time taken for training the teacher models.
Consequently training πst3cam

and πst2cam
take 16% and

9.1% more time compared to πst1cam
, respectively.

Ablation Studies: In addition to our main experiments, we
conducted ablation studies to investigate the effect of feature
alignment between the teacher and student observations. As
shown in Figure 4, we compared two different alignment

methods: minimizing the euclidean distance between the
features of the teacher and student (eq. 8) and aligning the
pairwise similarity matrix of teacher observations with that of
the student observations (eq. 6). Our results indicate that the
former method provides better results, suggesting that direct
feature alignment is more effective for knowledge distillation
in our framework. This analysis provides insights into the
importance of feature alignment in knowledge distillation
and its impact on the performance of the student policy.
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Fig. 4: A comparison of two feature alignment methods utilized for
knowledge distillation in our framework for lifting the cube object.

B. Real Robot Experiments

To validate the zero-shot policy transfer capability of the
proposed framework, experiments were conducted in a real-

TABLE I: Average reward and success rates of cube and mug lifting task across 100 random view trials for 3 different runs per task
each using different random seeds. In the fixed-angle setup, no perturbations were made to the front camera position. However, for the
random angle settings, random front-camera views were introduced. πt1cam, πt2cam, and πt3cam are the single, two, and three-camera
view teacher policies, respectively. πst1cam , πst2cam , and πst3cam denotes the student policies distilled from the corresponding πt1cam,
πt2cam, and πt3cam teacher policies, respectively. SCV: Single-Camera View, MCV: Multi-Camera View

Evaluation Methods Cube Mug
Average Reward (R) Success Rate (%) Average Reward (R) Success Rate (%)

Fixed Angle

πt1cam 7954.0 ± 189.5 96.5 ± 3.5 0 0.0
πt2cam 8320.6 ± 269.9 98.6 ± 2.3 8440 ± 111.4 99.3 ± 0.57
π2cam ([10] cross-view attn.) 8397.6 ± 142.5 99.3 ± 1.1 8574± 83.8 99.3 ± 1.1
πt3cam 8420.0 ± 64.5 99.3 ± 5.7 8543 ± 121.3 100 ± 0.0
πst1cam (ours-SCV) 4285.6 ± 321.3 93.0 ± 3.6 – –
πst2cam (ours-MCV) 8015.6 ± 231.1 96.6 ± 0.5 7431 ± 244.4 89.6 ± 2.5
πst3cam (ours-MCV) 8388.6 ± 158.3 99.0 ± 1.7 7567 ± 112.8 91.6± 1.1

Random Angle

πt1cam 112.0 ± 96.9 02.0 ± 2.0 0 0.0
πt2cam 1597.6 ± 352.5 23.3± 3.2 2216.3± 1409.1 30.6 ± 18.8
π2cam ([10] cross-view attn.) 2821.6 ± 2201.3 39.6± 29.1 2909.0± 672.2 37.3 ± 9.1
πt3cam 5419.0 ± 916.7 68.7± 12.2 2818.0 ± 171.6 41.3 ± 3.2
πst1cam (ours-SCV) 3673.0 ± 475.1 84.6 ± 2.3 – –
πst2cam (ours-MCV) 7110.3 ± 219.4 88.7 ± 3.2 5450.6 ± 491.7 77.0 ± 6.0
πst3cam (ours-MCV) 7815.0 ±149.2 96.0 ± 1.7 6334.3 ± 629.9 81.7 ± 8.3



Fig. 5: Snapshots of the cube and mug lift task being performed by a robot in a real-world setup. The robot uses its single-view visual
policy trained in simulation to successfully grasp and lift the objects. The robot’s end-effector is located at the starting position, and the
cube and mug objects are placed randomly on the table.

world environment using the Panda robot with a Panda Hand
gripper and an intel RealSense D435i RGBD camera as
shown in Figure 1. Polymetis robot control framework [33]
was used to control the robot and the gripper position. The
visual policies trained for each of the aforementioned lifting
tasks, i.e. mug and cube, in the simulation were directly
transferred to the real-world setting without any further
training. Figure 5 shows snapshots of the robot successfully
executing these tasks with a random camera viewpoint.

In order to evaluate the performance of student policies,
we tested them under random camera views for cube and
mug tasks as shown in Figure 6 and Figure 7 respectively.
As πst3cam

had demonstrated overall better performance than
πst2cam

in simulation, we selected it for evaluation in real-
world experiments. Table II and Table III show the average
success rates of cube and mug lifting tasks for different
random views in these figures, respectively. The success rate
is defined as the percentage of successful lifts out of the total
number of trials.

The results show that the student policy πst3cam
outper-

forms the student policy trained with a single camera view
πst1cam

in all camera viewpoints. As for the mug lifting

(a) θc1 (b) θc2

(c) θc3 (d) θc4

Fig. 6: Cube lifting task executed with different random camera
views in real-world experiment. The results for each view are given
in Table II.

TABLE II: Zero-shot average success rate of cube lifting task
for random camera views in Figure 6 evaluated in a real-world
setup through 20 trials. The student policies distilled from the three-
camera view and one-camera view teacher policy are denoted as
πst3cam and πst1cam , respectively.

Camera View πst1cam πst3cam

θc1 40% 80%
θc2 60% 80%
θc3 20% 60%
θc4 35% 50%

task, there is no corresponding πst1cam
policy available as

the single-camera view teacher was unable to learn the task
in the simulation environment. Notably, the average success
rates were lower than those obtained in the simulation. This
can be attributed to the domain gap between simulation and
the real-world. The single-view teacher policy, on the other
hand, was unable to lift the object in any of these random
camera views, despite being trained in simulation with the
data augmentation method as well. Moreover, we conducted
an analysis to evaluate the impact of the robot state on the
performance of the proposed approach. The joint states of
the robot, represented as q ∈ R7 for its seven degrees of

(a) θm1 (b) θm2

(c) θm3 (d) θm4

Fig. 7: Mug lifting task executed with different random camera
views in real-world environment. The results for each view are
given in Table III.



freedom joint angles, were augmented with visual features
to train both the teacher and student policies. The results
presented in Table III demonstrate that incorporating robot
joint angles leads to performance improvements for zero-shot
policy transfer in a real-world setup. These findings highlight
the need for further research to bridge the gap between
simulation and reality and improve the transferability of
policies learned in simulation to real-world scenarios.

TABLE III: Zero-shot average success rate of mug lifting task for
random camera views in Figure 7 evaluated in a real-world setup
through 20 trials.The student policy distilled from the three-camera
view teacher policy is denoted as πst3cam . The policy distilled
from the three-camera view teacher using joint state information
is denoted as πst3cam+state .

Camera View πst1cam πst3cam πst3cam+state

θm1 – 70% 80%
θm2 – 70% 80%
θm3 – 65% 75%
θm4 – 50% 65%

VI. CONCLUSION AND FUTURE WORK
In conclusion, we proposed a multi-camera view to single-

camera view distillation approach for enhancing the perfor-
mance of a single-view camera robot policy. The proposed
method enables a single-view policy to learn from a pre-
trained teacher policy, which has been trained with multiple
camera viewpoints, ensuring robust feature learning. To make
the student policy robust against unseen visual camera con-
figurations, we utilized a combination of data augmentation
techniques and significant variations in camera location and
parameters. The experimental results demonstrated that our
approach can enhance the performance of a single-view cam-
era policy, and successfully lift the challenging object even
when the single-camera view teacher policies fail. Hence,
this approach holds promise for increasing the practicality of
visual policy learning in scenarios where the use of multiple
cameras may not be feasible or where camera calibration
is unnecessary. Future work will focus on investigating
the use of point-cloud and depth information to improve
performance in zero-shot sim-to-real transfer scenarios.
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