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Quantitative Analysis of Multi-Viewpoint Configuration Effects in
Robotic Manipulation Policy Learning
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Abstract

In robotic manipulation policy learning, the number and configuration of observation viewpoints are critical factors that influence
policy performance by mitigating occlusion and reducing information loss. This study goes beyond simply increasing the number of
input views and quantitatively analyzes how different combinations of observation viewpoints impact both policy learning and
generalization. Using the Isaac SIM simulation environment and the voxel-based PerAct model, we fine-tune policies with varying
viewpoint configurations while keeping the manipulation task and model architecture fixed. Policy performance is evaluated in
terms of task success rate and 3D grasp prediction accuracy. Experimental results show that certain 2-view configurations
outperform or match the full 5-view baseline, while others with more views lead to degraded performance due to redundant or
conflicting observations. These findings highlight that viewpoint selection based on task relevance and information complementarity
is more important than mere quantity. This work provides practical insights and design guidelines for viewpoint-efficient policy
optimization in real-world robotic systems.

Keyword : Robotic Manipulation, Viewpoint Selection, Voxel-based Policy Learning

Copyright © 2025 Korean Institute of Broadcast and Media Engineers. All rights reserved.
“This is an Open-Access article distributed under the terms of the Creative Commons BY-NC-ND (http://creativecommons.org/licenses/by-nc-nd/3.0) which
permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited and not altered.”



590 W33 =EA A0 A4, 202519 7€ (JBE Vol.30, No.4, July 2025)

ol
2,
> d
rr
>,
(]
o,
=3
3
! o
M
S
N\
A
=
i_“/

sl whAlo] FEL 9tk

dg Eol, PerAct”= T A1 9] RGB-D 94 3D
50 2 W33l Transformer 7]+ A Y EY
Bas B 22 gAda] 945 AL 9=
EH2 A AHRE F7HH o2 AE

=]
3] FElE IS 5 glo], AA 9 A} HE Hit

S

e

5]
= o0

Aska gtk RT21 Octo!') OpenVLAM 5o Rel 5o
thFet 28 ZRE FANA Gutgl shset S 8

a) T FZH W T]o] 8 Global School of Media, Soongsil
University)
% Corresponding Author : 713]J(Heewon Kim)
E-mail: hwkim@ssu.ac.kr
Tel: +82-2-820-0679
ORCID: https://orcid.org/0000-0001-7777-9823
% This research was supported by the MSIT (Ministry of Science and ICT),
Korea, under the National Program for Excellence in SW  (2024-0-00071),
the Graduate School of Metaverse Convergence support —program
(IITP-2025-RS-2024-00430997), and the Convergence security core talent
training business support program (IITP-2025-RS-2024-00426853) supervised
by the IITP (Institute of Information & communications Technology
Planning & evaluation). This work was supported by the Technology
Development Program (RS-2024-00510957) funded by the Ministry of
SMEs and Startups (MSS, Korea)
+ Manuscript May 26, 2025; Revised July 4, 2025; Accepted July 4, 2025.

ol 29S 2ET gov, 4 e
o 5l MAE G AAYOR 4

[e]
of, Al B A" 75 Aol= st=dlof Aok Bl

<
AN AP LTAYE 5 T of s, WAl AT
5o olels 484 ZWE 323 BEA ok Qrt. o
g 5o, ¢ JhlelE BY 4A8a 51s8se e
AT Mg BAS Furd

oz sol w} &

2
N
o
&
2
rg
>
k)
o
- r
o
)
oX
Ir
=2

W Fi
nAE=7E o] Ao tig g k7] S8, & dAe
Isaac Sim 73014 PerAct'”! 7]Wke] 22t A2 wElS 7]
WO 2 AR Aol A B ATl vAE dFE AA

Hog st} s7iel 14 7hd 2K Front, Base, Left,
Wrist_Bottom, Wrist) & thdt A8 2@ 43k, 2t
T AFE, AF Y, dutst gl nAE T
BEHOE ke
2 ATY F2 7lde v 2k
O #HZ A A AAH +4: bdgs w5 A
o] FAo tis =2 FF HuE 53, A
T e o] AT S AE JA L of
< Helth
@ &&3 AH 749 T 534
Front+Wrist_Bottom)©] 5-view
o

[e}
[} [e] [elie) 3
A E e A5S BY £ 982 48HoE 3

5
=.
a

S

-
oX,
o
2

hsias

@ Yntsl A5 E49: Novel object/scene/state 27101 A
o] YIS E9, A= Al HR7F dutsl A5E
A3 5 2

[o & P
olr
offt
a

- >
o
2
2
ol
1o
kd
oy
(g o
-
il
to
o3
il



AR 6 39k 28 24 49 dgeln tE AF P4 wale) Ad 9% B4 sl
(Dowon Kim et al.: Quantitative Analysis of Multi-Viewpoint Configuration Effects in Robotic Manipulation Policy Learning)

5 — >
. ' Predict
E 1.
= . . .
§ | : translation, rotation, gripper open,
@, 2 gl | and collision avoidance action
= — 5 |
«w — e
(-4
= 5 | |
" =
+ [

LEFT

Voxel Decoder

.‘

BASE

PreceiverlO Transformer

F
VY Y Y Y v Yy

Pick up the bottle twenty ’
centimeters from the ground.

Point Cloud — Voxelization
v
F
vy oY

Language Encoder

FRONT

2 1. SH AE TAS M8 PerAct 73t Alg]

=i
S

M3 MY IR, oAOIIME AFS 7HSEt CH 7Hel AR & FRONTS BASE 7HH[2t2 FE{S| RGB-D
O|0|X|Z MEHSI0] SiLfe| ZOIE S2IRER E55H 5, 2M3 XS A 3D AKX HEZ HEH=IC) 512 voxel grid= ©10{ B2 (“Pick up the
bottle twenty centimeters from the ground”)Z} 871 PerceiverlO 7|8t Transformer0f 212i5|0{, ZEH2 2 29| grasp X, AHM|, I2|H JHH|
L |, B W 22X HojSae| S52 WX|ske 3ln| SX0| EatE 3D #SS OIEEIT) olEE 2IRl= Wk voxel2 AlZHEE|0f QT
Fig. 1. Overview of the experimental setup using the PerAct architecture with a specific viewpoint configuration. In this example, RGB-D
images from the FRONT and BASE cameras are selected from the five available viewpoints and fused into a unified point cloud, which
is then voxelized. The voxel grid, together with a language instruction (“Pick up the bottle twenty centimeters from the ground”), is processed
by a PerceiverlO-based Transformer. The model outputs a predicted 3D action, represented by the red voxel, which encodes the robot's
grasp position, orientation, gripper command, and adjustments to avoid physical collisions with obstacles in the environment.
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Table 1. Summary of Viewpoint Configurations Used in the Experiments

Configuration Name Viewpoints Used # of Views Description
5-view (baseline) front, base, left, wrist_bottom, wrist 5 Uses all available viewpoints in Arnold Challenge
1-view front 1 Single front-facing viewpoint
Ablation front, wrist_bottom 2 Alternative 2-view configuration for analyzing view importance
2-view front, base 2 Combines frontal and base-angle views
3-view front, base, wrist_bottom 3 Adds a wrist-downward view to 2-view configuration
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Table 2. Experimental results with fixed 5-view evaluation for all con-
ditions

Success Mean
Viewport Rate Distance Fine-tuned
(avg) (avg, cm)
default (5-view) 0.85 1.21 X
5-view 0.90 1.17 7
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front + base + wrist 0.80 3.98 7
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Viewport Success Rate (avg) Fine-tuned
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