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Fig. 1: MAAP framework. Step 1: A VLM-based task planner allocates dual-purpose responsibilities (manipulation + perception goals)
to each agent. Step 2: Each agent uses a shared visual encoder and role-specific policy to produce actions that both manipulate and

generate informative viewpoints.

Abstract— Multi-agent manipulation naturally produces mul-
tiple task-driven viewpoints, as each robotic arm carries a
wrist-mounted camera and moves through the scene while
acting. However, these distributed observations are typically
underutilized. We introduce MAAP (Multi-Agent Active Per-
ception), a framework that treats every arm as a dual-purpose
agent: simultaneously a manipulator and a perception source.
MAAP combines a VLM-based orchestrator for selecting feasible
workspace-role configurations with imitation controllers that
aggregate multi-wrist observations. Across four collaborative
tasks spanning no-occlusion to severe multi-phase occlusion, the
best MAAP variant achieves 73.0% average success vs. 62.5%
(single active view) and 56.5% (global), with the largest gain on
occlusion-heavy tasks (69% vs. 14%). Frozen DINOv2 features
substantially stabilize multi-view fusion, rescuing brittle channel
fusion (24.0% —70.5%).

I. INTRODUCTION

Collaborative multi-agent manipulation holds great promise
for complex tasks that exceed single-arm capabilities [1]—
[4]. A fundamental barrier is visual occlusion: targets may
be hidden inside containers or obscured behind obstacles
that no fixed camera can observe. Recent work on active
perception [5], [6] addresses this by deliberately positioning
cameras [7]-[14]. Recent work also shows that active percep-
tion can be induced from teleoperation [15], [16]. Vision

in Action (ViA) [17] introduces a dedicated 6-DoF arm
exclusively as a camera platform, but dedicates an entire
arm solely to camera positioning. Moreover, ViA concludes
that wrist cameras on execution arms are insufficient, as their
motion is driven by manipulation needs.

We challenge this conclusion. In multi-agent settings with
multiple arms, each equipped with a wrist camera, every
arm is already a potential perception agent. Rather than
designating one arm as a camera platform, we leverage wrist
cameras on all manipulation arms for diverse viewpoints while
these same arms simultaneously manipulate. Since perception
roles are not fixed, robots enjoy greater operational freedom—
avoiding awkward kinematic configurations. A VLM-based
planner distributes dual-purpose responsibilities, ensuring
agents are always positioned where most effective.

This motivates Multi-Agent Active Perception (MAAP):
(1) a VLM-based planner [18]-[20] assigning complementary
manipulation and perception responsibilities; and (2) imi-
tation learning policies [21], [22] that predict actions si-
multaneously accomplishing manipulation and optimizing
viewpoints (Fig. 1). Our contributions: (i) MAAP treats every
arm as both action executor and visual sensor, eliminating
dedicated perception hardware. (ii) A hierarchical framework
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combines VLM-based role assignment with perception-aware
imitation learning. (iii) Distributed multi-view perception
outperforms global and single-view active perception (73.0%
vs. 56.5%/62.5%). (iv) Frozen DINOv2 features stabilize
multi-camera fusion (+46.5 points).

II. METHOD

Problem setting. N 7-DoF Franka Pandas share a
workspace, each with a wrist camera %;. At each timestep,
agent i observes proprioceptive state s/ €R3® and wrist image
I e R¥>*H>W_The policy outputs joint actions a’ € R¥". Core
question: how should the policy aggregate N wrist-camera
observations under occlusion?

Hierarchical orchestration. A VLM-based Task Planner
selects the feasible workspace case—which arm subset can
reach the target—then dispatches a case-specific imitation
controller from a pre-trained policy bank. We pre-enumerate
feasible cases, collect demonstrations under each, and train
one policy per case (Fig. 2).

Dual-purpose active perception. Each arm is simulta-
neously manipulator and perception agent. Role switching
occurs at two levels: (1) case-level—the VLM selects
workspace configurations with different role allocations;
(2) temporal—within a case, manipulation vs. perception
emphasis shifts over time. During data collection, one arm
executes primary manipulation while others reposition for
informative viewpoints; roles swap as the task progresses.

Perception regimes and fusion. We compare: Global
View (GV)—fixed overhead camera; Single Active View
(SAV)—one wrist camera; MAAP—distributed multi-wrist
fusion. We use ACT [21] (CVAE + transformer [23], ResNet-
18 [24], chunk k=50) as primary policy and DP3 [25]
(diffusion on point clouds [22]) as complementary 3D family.
Under MAAP with ACT, we evaluate four fusion strategies:
Multi-View (MV): each camera encoded independently as
separate tokens. Spatial Fusion (SF): images horizontally
concatenated before encoding. Channel Fusion (CF): images
concatenated along channels; first convolution expanded to 3NV
channels. DINO Channel Fusion (DCF): frozen DINOv2 [26]

ViT-S/14 [27] features concatenated and projected via 1x1
convolution. Self-supervised vision models [26], [28] and
robotics-oriented encoders [29]-[31] provide transferable
features for downstream control [32]—[34].

Tasks. Four tasks on RoboFactory [1]/ManiSkill3 [35]:
Stack Cube (2 agents, no occlusion), Pot (2 agents, local-
ized occlusion), Microwave (3 agents, severe occlusion +
coordination), Cart (2 agents, structured occlusion).

III. EXPERIMENTS

Setup. We collect 50 RGB demonstrations for ACT and
100 point-cloud trajectories for DP3 using a motion-planning
solver. ACT is trained with LeRobot [36] (batch 8, Ir 1079)
on a single RTX 4090 for 50K steps (2-agent tasks) or 200K
steps (Microwave). Each policy is evaluated over 100 episodes
with held-out seeds.

Main results. Tables I-II report success rates across
perception regimes.

TABLE I: ACT success rates (%) across perception regimes. Bold:
best; underline: second best.

MAAP
Task GV | SAV | MV SF CF DCF
Stack Cube 8 37 34 51 11 34
Pot 86 99 99 99 85 80
Microwave 32 14 47 42 0 69
Cart 100 100 100 100 0 99
Average | 56.5 | 62.5 | 700 73.0 240 705

TABLE 1II: DP3 success rates (%) under multi- vs. single-wrist
inputs.

Task ‘ DP3 (Multi) DP3 (Single)
Stack Cube 5 0

Pot 85 80
Microwave 45 45

Cart 100 100
Average | 58.8 56.3

Analysis. MAAP delivers the strongest overall perfor-
mance: SF achieves 73.0% average, followed by DCF
(70.5%) and MV (70.0%). The gain is most pronounced on
Microwave (severe occlusion): DCF 69% vs. SAV 14% and
GV 32%. On near-saturated tasks (Pot, Cart), MAAP remains
competitive (99-100%). Interestingly, MAAP also helps on
Stack Cube (no occlusion): SF 51% vs. SAV 37%, suggesting
complementary alignment cues from multiple wrist views. No
single fusion dominates: SF excels on Stack Cube (geometric
correspondence), DCF on Microwave (semantic stability). CF
collapses to 24.0% avg while DCF achieves 70.5% (+46.5
points), showing frozen DINOv2 features stabilize multi-
view learning. DP3 shows smaller view sensitivity (58.8% vs.
56.3%), consistent with 3D conditioning being more view-
robust.

Conclusion. Collaborative manipulation itself is an effec-
tive active perception mechanism. Frozen DINOv2 features
are critical for stable multi-view fusion. Future work includes
adaptive fusion, integration with vision-language-action mod-
els [37]-[40], and real-hardware transfer.
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