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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.
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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.

N, 2 oA %3l Transporter-3D"%=  keypoint-based  attention2}
point cloud 71%ke] 914 wj & Agste], 54 £ glo]
1. S4 7|8 =2 M0t 3D #o of5 % 3D ¥7F AolA pick-and-place 9IXE E&HOZ oS
k= 725 AlgHelsith o] £l Tt point cloud 718
e 28 22 A o AA St T 2D o] 22 R AFS0] A B4 gjRE Abd HojE 7
PIA] 71N s dol, 3D w1 ARE ASHCE B8 g ajg Al oEeb, AR U A1-he] A whalo] A
T RO AL gk 551 voxel 71Nl 3D EAL ) agpo] v Gl B AA L B4 vk
RGB-D o|W|A| 278 4/J€ point cloudS 33H voxel Perceiver-Actor'"1} Habitat 7]4¥} embodied Al =2 =1
grid= WHeete 2, A o] 939 Y AR A4 I AR 3D Ed 7Iuke] A eSS R A
I JeE 29 F e AEES ATl SHAIRE, thE g E AlA Aol Z1akek ddew 544
HlEAQ) el 2, PerAct™”= e RGB-D AIHOERE  goj gom) A1 4wl A 74 WE7E 34 el
A3 ¥ point cloudE T voxel grid® F&E §, 2o N wzts 2o AHo Rz A3k o)
B3} A o]E PP Z Wl PerceiverlO 7]HF] 3
EHAA 2% P5e A5 ol Fx= 7159 2D sl
A 7k AR 22 I ARSI, s AA
HHe] Fge Fo A FAY Aok AlF T 1% X AR dutstel A A2 AFES, OFT 25
AR B9Rde A% Bad 5 3 FAEH 24 Ao TR AL e HE 24 A



592 W8 =R A30E A4E, 20253 7€ (JBE Vol.30, No.4, July 2025)

A 5ol FHFekal Ak o5 FIWHS Tt
B AZEddo] dHolE Al AbH SE =1
(vision-language models, VLMs)!''2*71S 8310 o}
o] 22 AAE @l FA FxoA Sgetal dykst
= wae gelsi,
dE E°f, RT2PE 9 2AY e v7d-91o) HolHE
g8 A SEE RS 7]‘:‘“’; o] HH I Az
PHS ol 22X YPFS AF oS53t Vision-Language-
Action(VLA) E9-& | <tstith. 1 22 A4 Z2E A
oo] VLMS] WL A4S F7H 07 Aole & 9SS 1
o] Atk Octo!" = Thefst 28 Fejo] A 3 HE
B 22 HolHE 7o E, sty 345 Tl 2
B2 AR oy 9 dwksir} Thed +ERE TSI
Folli= OpenVLAMI9L 7o) AlAl Shrgl Alzh wl
(SigLIP"", DINOV2!" 53 1o} Rel(LLaMA2!" )<
VBT AU E EeHA, 24 PFE o] EE AEA
oMz gsle) 23407 Russs= Azsty AF ¢
Z= AlekE 7 Tk OpenVLAE end-to-end %419 &
2] fine-tuning®| 7Fsatm, A4 X AYdNM =2 A%
< A5
gy olE tEe Bd
Alokell A =3 # 01”17\] dgs 7
gAY &, Alokzt
}H-’:-oﬂ u] ]‘_E oy LS. A % x—loi
AR T 249 A = ;
o] AA w g AU #5 dAo] FA Aol HA
1

2 A48Y 5 YSoIE BT, ool @ AAZQ

rﬂ rlo
=
2
re
9

m{o

rE
é‘l
2 >
k)
-4
oX
ol
_12
o
oX
B
o
>

9
SNE
M ©
1%
N
A

R
o ox oN o 1%

:::‘
}L
bt
ol
Ko
oxl ©
(L
o Olf
e
o?z
:i
>
k)
2
i
2
)
1o
ofy
ko
oX

2 AT ME Amold” wlolEo A Al g3l & 5709
RGB-D A& 7] E‘lﬁi, B35 A Foh 0 w}i 4
A 5] Aol Wl AT A AR A5 A
Ao M AL Figure 2 2 Table 19 Azl= o] dth
570e] Ao 2 AR 8h5¥ Baseline 29-&
atof, 7} Al ] FAEE fine-tuningS I ATk &, &
U3k 7] RIS 7Nko g A Ao pAvS gels)
o fine-tuning® S =M, A4 749 JPts Tl 7t

S QES APS AAsA,

zwgog

3k
=

(1) Front

(2) Base

a7 2. 2 Mso| A= Amold Challenge 212 RGB-D Al T4

(3) Left

(4) Wrist_Bottom (5) Wrist

Fig. 2. RGB-D viewpoints used in our experiments, captured from the Arnold Challenge environment



AEY 9] 32

ZE 2R A koA o A A wske] Az sk A 503

(Dowon Kim et al.: Quantitative Analysis of Multi-Viewpoint Configuration Effects in Robotic Manipulation Policy Learning)

1. MBS0 AF2E AJE TA TA QOF

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-
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Success Mean
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Table 3. Policy performance when the same viewpoint configuration
is used for both training and evaluation

Viewport Success Rate (avg) Fine-tuned
5-view 0.90 7
front 0.90 7
front + base 0.75 7
front + wrist 0.75 7
front + base + wrist 0.75 7
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