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Abstract: Occluded tasks remain a bottleneck in robot manipulation. Existing
solutions either deploy additional physical cameras requiring training-inference
camera parity, or rely on explicit 3D reconstruction with high computational cost.
Moreover, both approaches rely on standard agent-view and wrist-view observa-
tions, while failing to capture occlusion information and future scene evolution.
To this end, we propose UniviewVLA, a unified multiview Vision-Language-
Action model with world modeling, which infers multiview scene evolution for
action prediction from only standard two-camera observations. We demonstrate
that by leveraging generated multiview future views from the world model, Uni-
viewVLA reveals occluded cues and models future scene evolution, improving
action prediction and removing the need for extra hardware or explicit reconstruc-
tion. Besides, to accelerate inference while preserving prediction accuracy, Uni-
viewVLA develops Motion-Informative Token Compression, which compresses
each generated view from 625 to 16 tokens and reduces per-view latency from
6–7s to 0.2–0.3s. UniviewVLA also proposes training-free Action-Entropy View
Selection, which dynamically identifies the most action-informative view at dif-
ferent inference stages. Extensive experiments show that UniviewVLA achieves
95.8% on LIBERO and 4.60 on CALVIN ABCD→D, both standard occlusion-
free benchmarks. On customized occlusion-focused tasks, it improves success
rate from 40.0% to 73.3%, and average real-robot success rate by 33.4 points,
demonstrating stronger occlusion-focused performance without sacrificing stan-
dard occlusion-free benchmarks. Project website: This URL.

1 Introduction

Vision-Language-Action (VLA) models have made substantial progress in robot manipulation by
mapping visual observations and language instructions to robot actions [1, 2, 3, 4, 5]. However,
their performance is fundamentally constrained by the visual information available at deployment
time. In manipulation, action-critical cues, including gripper-object relations, object poses, and
contact regions, are highly view-dependent. When these cues are occluded in the deployed camera
views, the model may fail even if the underlying task knowledge has been learned.

A natural solution is to expand the visual input by deploying additional physical cameras, and
prior multiview methods have shown that richer visual coverage improves manipulation perfor-
mance [6, 7, 8]. However, these approaches require strict camera parity between training and in-
ference, i.e., the number, placement, and calibration of cameras must be consistently replicated
across deployment sites, which is brittle and difficult to scale. Another line of work resorts to ex-
plicit 3D reconstruction to infer scene geometry from partial observations [9, 10, 11, 12], but it is
limited to current scene states and incurs substantial computational cost. This motivates a central
question: Can a world model conditioned on only standard observations infer multiview in-
formation and future scene evolution for downstream action prediction, and thereby improve
occlusion-focused manipulation without high-cost sensing setups?

To answer this question, we propose UniviewVLA, a unified multiview VLA model with world
modeling capabilities, that infers multiview scene evolution for action prediction. The model learns
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to predict multiview future scene evolution from only standard two-camera observations. By con-
ditioning action prediction on the generated auxiliary future-view representations, UniviewVLA
injects multiview information and future scene evolution knowledge into robot manipulation, and
produces occluded action-critical evidence without requiring costly additional camera deployment
or explicit 3D reconstruction [13, 14, 15, 16, 17, 18]. We first demonstrate that introducing addi-
tional views, whether derived from ground-truth images quantized using visual quantization (VQ)
techniques [4] or generated by a world model, consistently improves prediction accuracy, as shown
in Section 3. Further, we discovered that such formulation introduces two practical challenges:
(1) redundant auxiliary-view tokens increase latency and may harm action prediction, and (2) the
most informative viewpoint varies across different inference stages. UniviewVLA addresses token
redundancy with Motion-Informative Token Compression (Section 4.3), which compresses each gen-
erated view from 625 to 16 tokens and reduces per-view latency from 6–7s to 0.2–0.3s. To enable
dynamic view selection, UniviewVLA also proposes Action-Entropy View Selection (Section 4.4),
which identifies the most action-informative view for action prediction. We evaluate UniviewVLA
on standard occlusion-free benchmarks, where it achieves 95.8% success on LIBERO and 4.60 on
CALVIN ABCD→D. To further evaluate its occlusion performance, we construct six occlusion-
focused simulation tasks with customized occlusion scenarios and collect multiview demonstra-
tions through 3D-SpaceMouse teleoperation. UniviewVLA achieves an average improvement from
40.0% to 73.3% success on these tasks. In two real-world occlusion tasks, it yields a 33.4 points
gain in average success rate.

Our contributions are summarized as follows:

• We propose UniviewVLA, a unified multiview VLA framework with world modeling that
infers multiview future scene evolution before predicting action, without requiring addi-
tional physical cameras or explicit 3D reconstruction. Experimental results show that Uni-
viewVLA achieves an average improvement of 33.3 percentage points on six occlusion-
focused simulation tasks and 33.4 percentage points gain on two real-world occlusion-
focused tasks.

• We develop Motion-Informative Token Compression and Action-Entropy View Selection
to reduce redundant auxiliary-view tokens and enable dynamic multiview selection across
inference stages without additional training, significantly decreasing the inference latency.

• We introduce six customized occlusion-focused manipulation tasks and an open-source
pipeline for multiview data collection, processing, and evaluation, enabling assessment of
occlusion-focused performance.

2 Related Work

Vision-Language-Action Models. Modern Vision-Language-Action (VLA) models incorporate
language conditioning and vision-language pretraining [19, 20, 21, 22, 23, 24, 25], leading
to generalist policies that map language-conditioned visual observations directly to robot ac-
tions [26, 27, 1, 28, 29, 2, 30, 31]. Recent work further improves action prediction performance
through flow matching, action tokenization, diffusion experts, video-based policy learning, and
world modeling [3, 32, 9, 6, 4, 5]. Yet most models still perceive the scene through a fixed set
of deployed cameras. When action-critical cues are occluded beyond these fixed views, policy-side
architectural improvements alone cannot overcome the resulting observability bottleneck.

Multiview Robot Learning. Multiview perception has been widely adopted in robot manipula-
tion to provide complementary visual evidence for robot learning [33, 12, 11, 10, 8]. These methods
exploit multiview observations through voxelized representations, virtual re-rendering, multiview
transformers, view-scaled demonstrations, or generated views and demonstrations [34, 35, 36, 37,
16, 38, 7]. However, their gains are often tied to hardware constraints: policies trained with addi-
tional views typically require similar camera poses, calibration, and synchronization at deployment.
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3 Preliminary Experiments
At deployment, VLA models usually use only two standard physical observations, the agent-view
xa and wrist-view xw, which may miss critical information under occlusions. As shown in Fig. 1
and Table 4, the agent-view cannot observe the occluded switch in Task 6, whereas the 120◦ third-
camera view exposes it, improving success from 4% to 16% and highlighting the value of multiview
information for occlusion-focused manipulation. Nevertheless, physical multiview policies require
matched camera configurations between training and inference, and only observe the current scene
without predicting future scene evolution. UniviewVLA addresses these constraints by generating
auxiliary future views from the two standard observations.

Figure 1: Multiview observations under occlusion. Green boxes mark the selected best views
with the lowest action entropy, while red boxes mark higher-entropy views. Bar charts show action
entropy, with lower entropy indicating a more action-informative view.

625 → 16 tokens

Figure 2: Motion-informative token
compression.

However, as shown in Figure 2, each auxiliary-view genera-
tion incurs excessive visual tokens from dense future-view pre-
diction, leading to high inference latency and redundant infor-
mation that may impair action prediction. Therefore, compact
auxiliary views that preserve motion-informative evidence are
important for downstream action prediction.

Moreover, the best viewpoint may change across different in-
ference stages. As shown in Fig. 1, the bar charts report action
entropy across auxiliary views, where lower entropy indicates
a more action-informative view. For example, the 120◦ view
reveals the occluded switch more clearly than the 300◦ view at
step 80, whereas the 300◦ view better exposes the mug handle
at step 398. The 240◦ view further shows this temporal shift: it is informative early but becomes
self-occluded later. These observations motivate dynamic action-informative view selection.

4 Method

4.1 Overview

As illustrated in Figure 3, UniviewVLA follows the discrete-token autoregressive modeling
paradigm of UniVLA [4], representing language, visual observations, auxiliary views, and actions
as token sequences modeled by an autoregressive transformer Mθ. Given the standard agent-view
xa, wrist-view xw, and instruction L, we denote by ot−1:t = {xa,t−1:t,xw,t−1:t} the two-frame
standard observation history, and by Vsel the candidate auxiliary-view set. UniviewVLA is trained
in two stages:

(Stage 1) World model post-training: ôvt+1 ∼ pθ(· | ot−1:t, L), v ∈ Vsel,

(Stage 2) Action fine-tuning: ô′vt+1, at ∼ πθ(· | ot−1:t, L), v ∈ Vsel.
(1)

Here, ôvt+1 denotes the generated future auxiliary-view representation, ô′vt+1 denotes its compact
motion-informative form, and at denotes the action token predicted from this representation.
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Figure 3: UniviewVLA pipeline. UniviewVLA models language instructions, multiview ob-
servations, and actions with discrete tokens that can be autoregressively predicted by a unified
Transformer model [4], using two training stages and dynamic inference. (1) Multiview world
model post-training. UniviewVLA takes language instructions, standard agent-view, and wrist-
view inputs, and autoregressively generates future multiview images that incorporate multiview and
world evolution information. (2) Action fine-tuning. UniviewVLA first predicts compact motion-
informative tokens to avoid the high latency of full auxiliary-view tokens, and then predicts FAST
action tokens. (3) Dynamic inference. During inference, transparent cameras denote generated
auxiliary views, and the green camera denotes the selected auxiliary view. UniviewVLA periodi-
cally selects the best auxiliary view for action prediction across different inference stages instead of
using a fixed viewpoint.

4.2 Generative Multiview World Model Post-training

In Stage 1, the world model learns to generate future auxiliary views from the two-frame stan-
dard physical observations, providing both multiview information and predictive scene evolution
knowledge for downstream action prediction. Specifically, given ot−1:t = {xa,t−1:t,xw,t−1:t} and
instruction L, it predicts the future VQ-token sequence cvt+1 = (cvt+1,1, . . . , c

v
t+1,Ntok

) for each aux-
iliary view v ∈ Vsel, where Ntok denotes the number of VQ tokens per view. The training objective
is autoregressive visual prediction:

Lworld = −
∑

v∈Vsel

Ntok∑
i=1

log pθ
(
cvt+1,i | cvt+1,<i, ot−1:t, L

)
, (2)

where cvt+1,<i denotes the previously generated tokens of the future auxiliary view from viewpoint
v. By supervising future auxiliary-view prediction, this objective equips the model with future
multiview prediction ability and injects scene evolution knowledge into the generated view tokens.

4.3 Joint Motion-Informative Token Compression and Action Fine-tuning

As shown in Figure 2, each full auxiliary view contains Ntok = 25 × 25 = 625 VQ tokens, and
generating five views requires 3125 tokens per step. To reduce this cost, we retain motion-relevant
tokens from each predicted view. Given the VQ-token sequences cvt and cvt+1 of auxiliary view v at
consecutive timesteps t and t+ 1, we compute a cosine-distance score for each spatial token j:

δvt,j = 1− cos
(
E(cvt,j), E(cvt+1,j)

)
, j = 1, . . . , Ntok, (3)

where E(·) denotes the VQ embedding table. A higher δvt,j indicates stronger visual change and
therefore higher motion relevance. We retain the top K = 16 tokens ranked by δvt,j , yielding the
compact motion-informative representation ô′vt+1 for each view. The model is trained to predict these
compact tokens and directly generates them at inference. This reduces each auxiliary view from 625
to 16 tokens and the total auxiliary-view token budget from 3125 to 80.
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Given the compact representation, action fine-tuning concatenates the K = 16 tokens of each can-
didate view with the action-token sequence at = (at,1, . . . , at,Na):

svt =
(
ô′vt+1,1, . . . , ô

′v
t+1,K , at,1, . . . , at,Na

)
,

where Na is the number of action tokens. The training objective applies autoregressive cross-entropy
supervision over the concatenated sequence:

Lact = −
∑

v∈Vsel

K+Na∑
m=1

log pθ
(
svt,m | svt,<m, ot−1:t, L

)
. (4)

Each candidate view is trained as a view-prefixed sequence, enabling action prediction to condition
on compact multiview evidence and the scene evolution knowledge introduced by the world model.

4.4 Dynamic Test-Time View Selection via Action Entropy

As shown in Fig. 3 and motivated by Section 3, UniviewVLA dynamically selects the most action-
informative auxiliary view during inference instead of relying on a fixed generated viewpoint. For
each view-selection round, it specifies a candidate view v ∈ Vsel to the model and generates the
corresponding compact representation ô′vt+1 from (ot−1:t, L). We then compute the mean action-
token entropy for this candidate view:

Hv =
1

Na

Na∑
n=1

H
[
pθ(at,n | at,<n, ô

′v
t+1, ot−1:t, L)

]
. (5)

where at,n denotes the n-th token in the action-token sequence at, and H[p] = −
∑

a p(a) log p(a)
denotes Shannon entropy over the action-token distribution [39]. UniviewVLA identifies the most
action-informative view as the one with the lowest action entropy:

v∗ = arg min
v∈Vsel

Hv, ô′∗t+1 = ô′v
∗

t+1. (6)

The final action-token sequence is predicted conditioned on (ot−1:t, L, ô
′∗
t+1), leveraging compact

multiview evidence and future scene evolution knowledge. To adapt to stage-dependent viewpoint
changes, UniviewVLA dynamically updates the selected view every 30 timesteps, requiring no view-
selection labels or additional training objective.

5 Experiments

5.1 Experimental Setup

We first evaluate UniviewVLA on standard occlusion-free simulation benchmarks, including
LIBERO [40] and CALVIN ABCD→D [41]. To further evaluate occlusion-focused manipulation,
we introduce six LIBERO-style occlusion tasks and two real-robot occlusion tasks on an ALOHA
platform. For the simulation occlusion tasks, we collect demonstrations through 3D-SpaceMouse
teleoperation. In both simulation and real-robot occlusion tasks, action-critical cues are occluded
from the agent-view and wrist-view cameras, allowing us to evaluate whether generated auxiliary
views improve occlusion-aware robot manipulation. At inference time, UniviewVLA uses only the
agent-view and wrist-view as physical camera inputs. Implementation details are provided in Ap-
pendix A, and task details are provided in Appendix B.

5.2 Comparison with State-of-the-Art Methods

CALVIN. Table 1 reports CALVIN ABCD→D results. UniviewVLA achieves the highest average
chain length among the compared methods. This demonstrates its effectiveness in long-horizon,
multi-task manipulation, where the world model’s generated future views provide additional visual
evidence and predictive dynamics knowledge across extended action sequences.
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Table 1: Long-horizon manipulation performance on CALVIN ABCD→D.
Method 1 2 3 4 5 Avg.

RT-1 [24] 0.844 0.617 0.438 0.323 0.227 2.45
Robo-Flamingo [28] 0.964 0.896 0.824 0.740 0.660 4.09
GR-1 [42] 0.949 0.896 0.844 0.789 0.731 4.21
MDT [19] 0.986 0.958 0.916 0.862 0.801 4.52
RoboVLMs [43] 0.967 0.930 0.899 0.865 0.826 4.49
Fast-dVLA [21] 0.984 0.952 0.922 0.870 0.812 4.54
MINT [44] 0.974 0.942 0.917 0.882 0.861 4.57
UniviewVLA 0.983 0.958 0.928 0.893 0.838 4.60

Table 2: Manipulation success rates on the LIBERO benchmark.
Method Long Goal Spatial Object Avg.

OpenVLA [2] 53.7 79.2 84.9 88.4 76.6
π0-FAST [32] 60.2 88.6 96.4 96.8 85.5
CoT-VLA [45] 69.0 87.6 87.5 91.6 83.9
VLA-0 [46] 87.6 96.2 97.0 97.8 94.7
GR00T N1 [47] 90.6 93.0 94.4 97.6 93.9
UniVLA [4] 91.4 93.2 96.0 99.2 95.0
OpenVLA-OFT [48] 90.7 96.2 96.2 98.3 95.4
UniviewVLA 94.2 93.4 96.4 99.2 95.8

LIBERO. Table 2 compares UniviewVLA with state-of-the-art methods on LIBERO. UniviewVLA
achieves the best average success rate of 95.8% over the four standard suites, evaluated over 500
episodes per suite. It outperforms GR00T N1 and π0-FAST by 1.9 and 10.3 percentage points,
respectively, showing that generated multiview evidence from the world model also benefits standard
occlusion-free manipulation beyond the targeted occlusion benchmarks.

Agent-view Wrist-view Pred. best view GT best view

LI
BE

R
O

O
R

EO

Figure 4: Full future auxiliary-view token generation. The first two blue boxed columns denote
the standard physical camera views (agent-view and wrist-view). Green boxes denote the generated
future auxiliary view selected from these inputs. The last blue boxed column shows the ground-truth
physical camera observation from the same auxiliary viewpoint for comparison.

5.3 Analysis of Generated Views without Camera Coupling

This section evaluates whether world model generated multiview evidence can replace additional
deployment-time cameras. Figure 4 visualizes full future auxiliary-view generation from standard
agent-view and wrist-view inputs, where the world model predicts future dynamics based on stan-
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Table 3: Camera-configuration evaluation on standard occlusion-free simulation benchmarks.
Success rates are reported on LIBERO and average chain length on CALVIN ABCD→D. A: agent-
view, W: wrist-view, S: physical side-view.

Method Cameras LIBERO
Long

LIBERO
Goal

LIBERO
Spatial

LIBERO
Object

LIBERO
Avg.

CALVIN
Avg.

Two-Camera Policy A+W 90.2 93.4 92.8 95.6 93.0 4.42
Three-Camera Policy A+W+S 94.2 95.4 93.6 97.4 95.2 4.54
UniviewVLA A+W 94.2 93.4 96.4 99.2 95.8 4.60

dard observations. Full auxiliary-view generation requires 25 × 25 = 625 tokens per viewpoint
and incurs 6–7 seconds of latency, while UniviewVLA reduces each generated view to 4 × 4 = 16
tokens through Motion-Informative Token Compression, lowering per-view latency to 0.2–0.3 sec-
onds. Table 3 compares three view-input configurations. During both training and inference, the
Two-Camera Policy uses only the agent-view and wrist-view, while the Three-Camera Policy addi-
tionally uses a physical camera at a manually selected viewpoint. Both camera baselines follow the
two-stage training design with future-view prediction and action fine-tuning, controlling for world-
evolution knowledge and focusing on the effect of compact generated auxiliary-view tokens.

As shown in Table 3, additional visual coverage improves standard benchmark performance. The
physical third camera raises the LIBERO average from 93.0% to 95.2%, while UniviewVLA reaches
95.8% with only two physical cameras. On CALVIN, UniviewVLA improves over both the two-
camera policy (4.42) and the three-camera policy (4.54). These results suggest that compact world
model generated workspace views provide the performance gains of additional viewpoint coverage
without the deployment cost of an extra camera, while entropy-based dynamic selection further
avoids the limitation of relying on a single fixed side viewpoint.

5.4 Occlusion-Focused Evaluation and Dynamic View Selection

Table 4: Occlusion-focused evaluation with camera and view-selection variants. Success rates
(%) are reported on six customized LIBERO-style occlusion tasks.
Method Task 1 Task 2 Task 3 Task 4 Task 5 Task 6 Avg.

Two-Camera Policy 24 68 34 26 84 4 40.0
Three-Camera Policy 52 74 68 88 100 16 66.3
UniviewVLA (Manual) 48 78 66 86 96 28 67.0
UniviewVLA (Entropy) 58 88 72 88 98 36 73.3

The occlusion tasks further evaluate whether world model generated views help when critical state
information is hidden from the deployed agent-view and wrist-view cameras. As shown in Table 4,
the two-camera policy achieves only 40.0% average success, and achieves only 4% on Task 6 where
the switch is heavily occluded. This confirms that the default deployed views are insufficient when
key task information is visually inaccessible. Adding a physical third camera improves the average
to 66.3%, while UniviewVLA reaches 67.0% with a manually selected best fixed view, matching the
fixed viewpoint of the Three-Camera Policy, and 73.3% with entropy-based dynamic selection.

These results demonstrate that compact world model generated views that predict future dynamics
based on standard observations can outperform adding a physical camera by efficiently predicting
additional viewpoint evidence without the cost of extra camera deployment. Entropy-based selection
further adapts this evidence to stage-dependent occlusions.

5.5 Real-Robot Deployment

In addition, UniviewVLA is deployed on an ALOHA platform for real-world occlusion evaluation.
The setup includes two right-arm-only manipulation tasks, each evaluated over 15 trials. To enable
a practical multiview comparison with minimal hardware modification, the unused left-wrist camera
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is detached and extended to provide an additional physical viewpoint, allowing comparison among
two-camera, three-camera, and world model generated-view settings. As shown in Figure 5, the
default agent-view misses action-critical object cues in both tasks. In Oreo-to-Plate, the robot grasps
an Oreo and places it on a plate hidden behind a rice cooker. In Occluded-Doll Move, the robot
grasps a doll partially blocked by a box and moves it into another container.

Start Middle End

D
O

LL
O

R
EO

Figure 5: Real-robot occlusion tasks. The target plate or manipulated object is partially hidden
from the default agent-view, requiring additional spatial evidence for reliable execution.
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Figure 6: Real-robot performance
over 15 trials per task.

We compare three deployment configurations: two-camera,
three-camera, and UniviewVLA. As shown in Figure 6, the
two-camera policy succeeds in only 13.3% of Oreo-to-Plate
trials and 20.0% of Occluded-Doll Move trials. Adding
a physical third camera improves success to 40.0% and
53.3%, respectively, confirming the importance of addi-
tional visual coverage in real-world occlusion tasks. Uni-
viewVLA achieves 53.3% and 46.7% with only the two de-
fault cameras, substantially outperforming the two-camera
policy and approaching the three-camera setting without the
hardware cost of an extra calibrated camera. These results
demonstrate that the world model’s compact multiview to-
ken prediction and action-entropy view selection transfer to real-world deployment, providing a
favorable return on investment (ROI) between occlusion robustness and deployment cost.

6 Conclusion

We presented UniviewVLA, a unified multiview VLA framework with world-modeling capabili-
ties that predicts multiview future scene evolution for action prediction from standard agent-view
and wrist-view observations, decoupling auxiliary-view reasoning from deployment-time camera
requirements. To make world model generated views efficient for closed-loop robot manipulation,
UniviewVLA compresses each generated view from 625 to 16 tokens and selects the most action-
informative view via action entropy. Across simulation and real-robot evaluations, UniviewVLA
maintains excellent occlusion-free manipulation performance while improving occlusion-task per-
formance with only two standard deployed cameras. In addition, this work contributes six occlusion-
focused tasks and a complete multiview data collection, processing, and evaluation pipeline for robot
learning. These results demonstrate that UniviewVLA provides a practical framework for improving
occluded robot manipulation without adding deployment-time cameras by leveraging world model
capabilities to predict future scene dynamics.

7 Limitations

UniviewVLA shares common constraints of generative robot policies. Auxiliary-view generation
adds modest inference overhead, and performance depends on the coverage of multiview training
data. Our evaluation focuses on tabletop and occlusion-focused tasks; extending to more diverse
scenes, mobile viewpoints, and longer-horizon manipulation remains future work.
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A Implementation details

Stage 1: multiview world-model post-training. All UniviewVLA experiments use models
trained on 8 NVIDIA H-series GPUs with bf16 and DeepSpeed ZeRO-3. We use the same Emu3-
based autoregressive backbone as UniVLA, together with a VQ visual tokenizer for full-view pre-
diction. In Stage 1, the world model is trained to autoregressively predict next-frame VQ tokens
of auxiliary workspace views from the agent view, wrist view, and language instruction, learning to
predict multiview future scene evolution from standard observations. Each full view is represented
as 25 × 25 VQ tokens. Training runs for 30K steps with global batch size 8 and a cosine learning
rate schedule from 8× 10−5 to 5× 10−6.

Stage 2: action fine-tuning. Stage-2 fine-tuning uses a FAST action tokenizer for action predic-
tion and runs for 24K steps on LIBERO and CALVIN and 30K steps on real-robot tasks. To prevent
the model from collapsing different auxiliary views into the same action-conditioned supervision
and to enable action-entropy view selection at inference, each demonstration is paired with a view-
specific prompt prefix of the form “predict {view} view and {instruction}”. The same prompt format
is used for training and entropy-based inference-time view selection. For example, the instruction
“open the bottom drawer of the cabinet and put the bowl in it” is rewritten as “predict 60deg view
and open the bottom drawer of the cabinet and put the bowl in it”.

Inference: entropy-based dynamic view selection. UniviewVLA uses the same view-specific
prompt format as in Stage 2, selects among the candidate auxiliary views by minimizing action
entropy, and re-selects every 30 policy steps, enabling adaptive view selection during execution.

B Multiview Tasks and Data Details

We provide additional details for the multiview data collection and customized occlusion-focused
tasks used in Section 5.4. For standard simulation benchmarks, we obtain multiview supervision by
replaying recorded demonstrations with additional workspace cameras in the simulator. LIBERO
uses 60◦, 120◦, 240◦, 300◦, and overhead views, as shown in Fig. 7. Since the rear tabletop side
in CALVIN is mostly redundant or weakly informative, we use more widely spaced views at 30◦,
216◦, 288◦, and overhead, as shown in Fig. 8.

Agent-view Wrist-view 60° 120° 240° 300° Overhead
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Figure 7: LIBERO multiview.

To further evaluate the importance of multiview information, we construct six customized occlusion-
focused tasks that hide action-critical cues from the standard viewpoints. Specifically, we follow the
LIBERO BDDL format to design occluded manipulation scenes, as shown in Fig. 9, and collect mul-
tiview demonstrations with a hardware-in-the-loop teleoperation setup based on a 3D-SpaceMouse.
Each task contains 60 demonstrations. Table 5 lists the corresponding language instructions. Task 1
requires the robot to open a drawer that is partially hidden by the occluder and place the bowl inside
it. Task 2 requires placing a bowl onto a plate occluded by the drawer. Task 3 requires grasping a
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wine bottle and placing it on a wine rack hidden by a box. Task 4 requires placing an occluded bowl
into the drawer and closing it. Task 5 requires placing a mug onto a plate partially occluded by a
microwave door. Task 6 requires turning off a switch occluded by the moka pot and then placing the
moka pot on top of the cabinet.

Agent-view Wrist-view 30° 216° 288° OverheadAgent­view Wrist­view 30° 216° 288° Overhead

Figure 8: CALVIN multiview.

Table 5: Language instructions for six customized occlusion tasks.
ID Task Language Instruction

1 Scene1 Bowl open the bottom drawer of the cabinet and put the bowl in it
2 Scene2 Bowl put the black bowl on the left plate
3 Scene4 Wine pick up the wine bottle at the back and put it on the wine rack
4 Scene4 Drawer put the black bowl at the left in the bottom drawer of the cabinet

and close it
5 Scene7 Mug put the yellow and white mug on the plate
6 Scene8 Moka turn off the stove and put the moka pot on top of the cabinet

Agent­view Wrist­view 60° 120° 240° 300° Overhead

Task 1

Task 2

Task 3

Task 4

Task 5

Task 6

Figure 9: Six customized occlusion-focused tasks. Each task hides action-critical state cues from
the default agent-view camera while preserving the same two deployed physical observations.
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For real-robot evaluation, to avoid costly hardware and data-interface modifications, we design
right-arm-only occlusion tasks on a Mobile ALOHA dual-arm platform. Accordingly, the unused
left-wrist camera is repurposed as an additional side-view camera by placing it at a task-specific
viewpoint using an extension cable. We collect 100 demonstrations for each of the Oreo-to-Plate
and Occluded-Doll Move tasks. The real-robot multiview setup is shown in Fig. 10.

Figure 10: Real-robot multiview.
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