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Abstract. Recent advancements have explored agentic zero-shot 3D un-
derstanding by reformulating it as video keyframe understanding with
Multimodal Large Language Models (MLLMs). However, existing meth-
ods face an intrinsic bottleneck due to the finite observation perspectives
inherent in videos and the implicit perception of 3D scenes. In this pa-
per, we propose a collaborative multi-agent framework that assigns a
Planning Agent to handle high-level viewpoint planning and supplement
novel perspectives, and a Perception Agent to explicitly summarize the
3D scene into a structured holistic cognitive map. Specifically, Planning
Agent first analyzes this cognitive map to determine query-relevant view-
points and supplements missing critical perspectives to ensure compre-
hensive observation. Subsequently, Perception Agent documents object-
level attributes from these views by assigning consistent instance identi-
fiers across viewpoints, thereby integrating fragmented observations into
the holistic cognitive map. In parallel, it provides feedback to filter out
mismatched candidate objects and guide subsequent viewpoint planning.
Through this closed-loop iterative process, two agents collaboratively fig-
ure out candidates until Perception Agent determines that sufficient in-
formation has been captured to complete the task. Extensive experiments
demonstrate that our method achieves state-of-the-art performance on
6 benchmarks, with improvements of 11.1% Acc@0.5 on ScanRefer, 14.6
BLEU-1 on 3D-assisted dialog, and 2.1 EM on SQA3D. Project Page:
https://zhangbo135.github.io/agentic-collaborative-cognition/

Keywords: Zero-Shot 3D Understanding · Collaborative Cognition ·
Comprehensive Scene Observation

1 Introduction

3D scene understanding [21, 23, 44, 57] focuses on interpreting spatial layouts,
semantic attributes, and inter-object relationships in complex environments, en-
abling critical applications from robotics [43, 46] to augmented reality [3, 28].
⋆ Equal contribution. † Project lead. ‡ Corresponding author.
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Fig. 1: Comparison of existing methods with our method. Left: Existing zero-
shot methods [22,26] typically rely on video keyframe selection for 3D visual grounding.
Our method actively plans viewpoints to obtain comprehensive views and explicitly
summarizes the 3D scene into a structured holistic cognitive map from these views for
diverse 3D tasks. Right: Our method achieves substantial improvements over existing
zero-shot and most fully supervised methods across 6 benchmarks.

Previous studies mainly rely on fully supervised paradigms to achieve 3D vi-
sual grounding [8, 60], 3D dense captioning [9, 16], 3D question answering [4,
29], etc. Despite their effectiveness, the heavy reliance on large-scale 3D-text
paired datasets limits scalability and adaptability to diverse real-world environ-
ments [51,55].

Zero-shot 3D understanding [39, 52, 56] has emerged to reduce the require-
ment for manually annotated datasets [11,35]. As shown in the top-left of Fig. 1,
previous methods [22, 26] typically leverage the general world knowledge of
Multimodal Large Language Models (MLLMs) [19, 42] to interpret keyframes
extracted from scene videos (an inherent component of scanned 3D datasets)
through object-centric keyframe selection, which is enabled by key proposal se-
lection and multi-view projection. However, relying solely on video keyframe
selection inevitably has a performance bottleneck because: (1) Finite observa-
tion perspectives. During 3D scene scanning, videos are typically captured from
restricted viewpoints close to the scene surfaces to ensure reconstruction qual-
ity. However, they provide only finite frames with fixed viewpoints, which often
lack query-relevant critical perspectives; (2) Implicit spatial perception. Existing
methods [22, 39] typically leverage MLLMs to implicitly infer the spatial layout
from keyframes. Although capable of capturing inter-object relationships under
similar viewpoints [34,41,60], they struggle to maintain unified spatial cognition
when facing significant viewpoint variations [47,50].

In this paper, we propose a collaborative multi-agent framework for zero-shot
3D scene understanding. As illustrated in the bottom-left of Fig. 1, our method
consists of two specialized agents: a Planning Agent that performs flexible plan-
ning of query-relevant viewpoints and supplements missing critical perspectives,
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and a Perception Agent that explicitly summarizes the 3D environment into a
structured holistic cognitive map. Specifically, Planning Agent first analyzes this
cognitive map to retrieve critical candidate objects and determine query-relevant
viewpoints to further figure out these objects. For missing critical perspectives,
it supplements rendered views to ensure comprehensive observation for Percep-
tion Agent. Subsequently, Perception Agent assigns unique instance identifiers
to all objects in each view to ensure cross-view consistency, thereby accurately
documenting object appearance and physical attributes, and integrating origi-
nally fragmented observations into the cognitive map. Additionally, it provides
feedback that filters out mismatched objects to narrow the scope of candidates
and guides the next round of viewpoint planning. This iterative collaboration
allows the two agents to progressively refine 3D scene cognition until Perception
Agent determines that sufficient information has been captured.

Empirically, as illustrated in the right of Fig. 1, our method surpasses previ-
ous state-of-the-art zero-shot and most fully supervised methods across 6 bench-
marks, achieving substantial improvements of 11.1% Acc@0.5 on ScanRefer [8],
14.6 BLEU-1 on 3D-assisted dialog [15], and 2.1 EM on SQA3D [29]. In brief,
our main contributions can be summarized as follows:

– We propose a collaborative multi-agent framework that reformulates zero-
shot 3D understanding as an interactive planning-perception process.

– We design a Planning Agent to plan query-relevant viewpoints for compre-
hensive observation, and a Perception Agent to update the holistic cognitive
map, enabling the MLLM to directly observe and understand 3D scenes.

– Extensive experiments on 6 benchmarks validate the state-of-the-art perfor-
mance and generality of our method across diverse 3D understanding tasks.

2 Related Work

Zero-shot 3D Scene Understanding. Zero-shot 3D scene understanding has
been explored as a promising alternative to fully supervised paradigms. Early
works [14, 49, 55] typically reformat the 3D scene into textual descriptions for
LLMs. For example, LLM-Grounder [49] uses the LLM to decompose queries
into semantic constituents and employs a grounding tool to identify the target.
CSVG [52] constructs structured scene graphs to model inter-object spatial rela-
tionships. However, these methods rely solely on text and struggle to capture rich
visual details and fine-grained cues. Recent studies [26, 39, 48] leverage MLLMs
to understand the 3D scene from 2D videos. SeqVLM [26] develops a proposal-
guided projection strategy that performs object-centric keyframe selection to
localize the target object. SPAZER [22] proposes a coarse-to-fine progressive
reasoning mechanism to enable 3D-2D joint decision-making. Despite their ef-
fectiveness, they remain limited by the finite observation perspectives and fail
to explicitly model the entire 3D scene.
3D Scene Documenting. Effective 3D scene documenting is a key approach
to enhance understanding capabilities, evolving from geometric maps to rich se-
mantic structures [32, 36]. SceneGraphFusion [45] proposes a real-time method
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that incrementally constructs a globally consistent representation to document
the 3D scene. More recently, Clio [30] leverages LLMs to construct language-
based open-vocabulary 3D scene graphs. MTU3D [64] uses FastSAM [59] and
DINO [33] to implicitly construct a dynamic spatial memory bank. Embod-
ied VideoAgent [12] analyzes egocentric video and embodied sensory inputs to
build a persistent scene memory. However, these representations often focus on
categorical labels and coarse scene-level state, lack explicit multi-dimensional
attributes, and typically require several tools to query the memory, whereas our
cognitive map provides a flexible and fine-grained representation and further
serves as a shared state for inter-agent communication.
MLLM-Based Multi-Agent Collaboration. With the rapid advancement of
MLLMs [5,19], recent research has increasingly explored a wide range of applica-
tions that focus on MLLM-based multi-agent collaboration for multimodal rea-
soning. This allows multiple agents to work together, which enables the collective
intelligence to efficiently solve complex and multi-step tasks via explicit role spe-
cialization and communication. For example, leveraging MLLMs for role-playing
can accomplish multiple challenging tasks, such as embodied navigation [38], so-
cial simulation [27,40], video understanding [62], and video generation [53]. This
paradigm is particularly relevant to 3D scene understanding, which naturally
involves two heterogeneous sub-tasks: viewpoint acquisition and perceptual ver-
ification. Relying on a single agent inevitably leads to functional entanglement,
causing insufficient verification and potential mislocalization of the target ob-
ject. Therefore, we adopt a collaborative multi-agent framework that explicitly
decouples viewpoint planning from perceptual verification.

3 Method

Given a query, the goal of 3D scene understanding is to either localize the refer-
ring target object or answer questions about object attributes and spatial lay-
out. In this work, we propose a general collaborative multi-agent framework that
progressively refines the cognition of the 3D scene through iterative interactions
between planning and perception for diverse 3D understanding tasks. Here are
two key benefits of our method: (1) Rather than relying on static object-centric
keyframe selection from the video [22, 26], we actively identify critical objects,
capture their relationships with surrounding objects, and allow targeted obser-
vations of uncertain objects, ensuring that query-relevant information is fully
captured; (2) The holistic cognitive map serves as an explicit and structured
documentation of the 3D scene, shared among agents. By integrating spatial
and semantic information, it facilitates consistent understanding and effective
collaboration between agents.

3.1 Overview

The overall framework is illustrated in Fig. 2. Given a textual query Q, our
method incorporates a Planning Agent and a Perception Agent to collabora-
tively capture query-relevant scene information. Based on this, we first initialize
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Fig. 2: Overview of our method. Given a 3D scene and query, our method achieves
zero-shot 3D understanding through collaboration of planning and perception agents.
We first construct a holistic cognitive map that contains an information table and a
BEV annotated with instance identifiers. Planning Agent conducts candidate filtering
to retrieve query-relevant objects, plans viewpoints and maps them to obtain com-
prehensive views. Perception Agent then perceives the scene from these views, and
updates this map with documented object attributes. It matches current observations
with query, and provides feedback to refine candidates or generates answer.

a holistic cognitive map M = {T , IB} that explicitly summarizes the scene.
T = {σi}Ni=1 is an object information table that stores object-level information
σi = {bi, li, ai}, where bi and li represent the 3D bounding box and category
label extracted by a 3D detection framework [37], and ai contains attributes of
each object. At initialization, ai is empty and will be progressively updated by
Perception Agent. T can be converted into a text format compatible with the
MLLM input, providing an accurate spatial and semantic description of the 3D
scene. IB is a bird’s-eye view (BEV), a 2D projection of the scene, annotated
with the instance identifier i of each object.

We first parse the textual query Q to identify the key object set O = {oj}Jj=1

of all objects involved in Q, where J denotes the number of key objects. During
the t-th interaction round, Planning Agent first filters out irrelevant and erro-
neous candidate objects from M to obtain the candidate map Ct, and then plans
a set of viewpoints Vt to further figure out candidates. These viewpoints Vt are
then matched with real images or supplemented with rendered images to obtain
comprehensive observations It. For each image in It, we annotate all candidate
objects with their unique identifiers, serving as visual prompts to ensure identity
consistency across different viewpoints. Based on the annotated images, Percep-
tion Agent performs fine-grained perception, including object recognition, at-
tribute extraction, and spatial relationships reasoning. The extracted attributes
of each object are integrated into T of M to refine the description of the 3D
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scene. Subsequently, Perception Agent provides feedback F t+1, which indicates
erroneous candidate objects and guides the next round of viewpoint planning of
Planning Agent. This iterative process continues until Perception Agent deter-
mines that attribute consistency, spatial conformity, and observation sufficiency
have been achieved to generate the final answer.

3.2 Planning Agent

To overcome the limitations of previous methods [22,26] that rely on finite per-
spectives in the video, we introduce a Planning Agent that supplements missing
critical perspectives. As shown in Fig. 2, Planning Agent first leverages a can-
didate filtering strategy to retrieve candidate objects. Subsequently, it analyzes
the candidate map to actively figure out these objects through flexible view-
point planning, which enables broader and more diverse viewpoint coverage.
These planned viewpoints are then mapped to obtain comprehensive views.
Candidate Filtering. We propose a retrieval-augmented candidate filtering
strategy to progressively filter out irrelevant and erroneous candidate objects. For
each key object oj ∈ O in the query, we represent its semantics as oj = (lqj , a

q
j),

consisting of the target category and attributes. We define a matching function
Match(σi, oj) to determine whether a scene object σi ∈ T matches oj :

Match(σi, oj) =

{
1
[
li = lqj

]
, ai = ∅ ∨ aqj = ∅,

1
[
li = lqj

]
· 1
[
ai = aqj

]
, otherwise,

(1)

where 1
[
·
]

denotes the indicator function and ∅ denotes that the attribute is
undefined or missing. By applying this matching rule, we effectively filter out
mismatched scene objects from the holistic cognitive map, thereby obtaining the
initial candidate map:

C0 = {σi ∈ T | ∃ oj ∈ O, Match(σi, oj) = 1} . (2)

Unlike previous methods [22, 26] that rely solely on object categories for
retrieval, we leverage the fine-grained semantics provided by the holistic cognitive
map to additionally incorporate object attributes into this matching process.

During the interaction, Planning Agent leverages feedback from Perception
Agent, which identifies erroneous candidates that conflict with the query in terms
of attributes or spatial relationships (as elaborated in the following Sec. 3.3), to
progressively refine C0 and focus on critical objects for subsequent viewpoint
planning. After the t-th interaction round, C0 is refined to Ct.
Viewpoint Planning. To further figure out candidate objects, Planning Agent
plans a set of viewpoints based on the candidate map. Specifically, by jointly
considering the query and the fine-grained guidance provided by the perceptual
feedback, Planning Agent plans viewpoints close to the target objects to observe
and verify their attributes, and viewpoints that simultaneously observe multiple
objects to directly capture spatial relationships. These viewpoints constitute a
set Vt = {V t

k}Kk=1, where K denotes the number of planned viewpoints. Each
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viewpoint V t
k is defined by its position and orientation on the 2D BEV plane,

and is subsequently converted into a 3D camera pose represented by a rotation
matrix Rt

k and a translation vector T t
k.

Then each planned viewpoint is mapped to a real camera image or a rendered
image: real images capture rich visual details but are limited by fixed camera
viewpoints, whereas rendered images allow flexible observations at the cost of
geometric and textural inaccuracies. Specifically, we design a viewpoint match-
ing strategy that determines whether each planned viewpoint can be reliably
matched with any real camera image. If a match is found, the corresponding
real camera image is used; otherwise, a rendered image is synthesized to supple-
ment the missing perspective and provide additional visual evidence.

Inspired by [39], we compute the pose distance Dt
k,m for each planned view-

point V t
k with T t

k and Rt
k to each real image Im in the set I = {Im}Mm=1, where

M denotes the number of real images:

Dt
k,m =

1

θ
· arccos

(
Tr((Rt

k)
⊤Rm)− 1

2

)
+

1

d
·
∥∥T t

k − Tm

∥∥
2
, (3)

where Rm and Tm denote the rotation matrix and translation vector of the
m-th real camera image, Tr(·) denotes the matrix trace operator, θ and d are
normalization factors corresponding to the maximum rotation and translation
difference. The corresponding image Itk is given by:

Itk =

{
Im̂, if Dt

k,m̂ < τD,

Render(P, Rt
k, T

t
k), otherwise,

(4)

where m̂ = argmin
m=1,...,M

Dt
k,m and τD is the viewpoint matching threshold. Finally,

these matched and rendered 2D images are aggregated into a comprehensive
view set It = {Itk}Kk=1 for Perception Agent.

3.3 Perception Agent

The initialized holistic cognitive map contains only object layout information and
lacks fine-grained attributes, such as color, shape, or material, which are crucial
for precise scene understanding. To this end, as shown in Fig. 2, we introduce
a Perception Agent that continuously documents object attributes, figures out
candidate objects, and generates the final answer.
Scene Perception. We annotate each candidate object with its unique in-
stance identifier for each image in It, thereby ensuring cross-view consistent
understanding. Subsequently, Perception Agent interprets It and Ct to figure
out the candidate objects and extract the appearance attributes and physical
attributes of each object. Considering the domain gap between real and ren-
dered images, Perception Agent is prompted to prioritize extracting fine-grained
semantic attributes from real images, while using rendered images primarily to
infer inter-object relationships and spatial layout. These extracted attributes are
dynamically integrated into T , progressively updating and enriching the holistic
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cognitive map. Importantly, each attribute is assigned a confidence score, and at-
tributes with higher confidence will overwrite previous ones, thereby identifying
and correcting errors inferred from previous perceptions.

Perception Agent precisely matches the current observations with respect to
the query using three distinct criteria: (1) Attribute conformity. Check whether
the attributes of the candidates match the query; (2) Spatial consistency. Ver-
ify whether the spatial relations of the candidates satisfy the query constraints;
(3) Observation sufficiency. Determine whether the current observations provide
sufficient visual evidence to resolve the query. If any condition fails, Perception
Agent provides feedback F t+1, which either identifies mismatched candidate ob-
jects in the case of attribute conflict or spatial conflict, or provides structured
guidance for subsequent planning when observations are insufficient. Leveraging
this guidance, Planning Agent actively seeks new viewpoints to resolve spa-
tial ambiguities or capture fine-grained attribute evidence, thereby focusing on
critical objects and avoiding exhaustive observations of the entire scene in an
indiscriminate manner.

Through this closed-loop iterative process, the two agents collaboratively
figure out the complex 3D environment until Perception Agent confirms that
the above conditions are satisfied to generate the final answer.

4 Experiments

4.1 Experimental Settings

Benchmarks. To evaluate the comprehensive performance effectiveness of our
method, we conduct extensive comparative experiments on 6 benchmarks cover-
ing diverse 3D scene understanding tasks: 3D visual grounding on ScanRefer [8]
and Nr3D [1], situation estimation on SQA3D [29], 3D visual question answering
on ScanQA [4] and SQA3D [29], 3D-assisted dialog and task decomposition on
3D-LLM held-in dataset [15].
Evaluation Metrics. For 3D visual grounding, we evaluate grounding accu-
racy using Acc@0.25 and Acc@0.5 on ScanRefer [8], and Acc@0.25 on Nr3D [1].
For situation estimation, we evaluate localization accuracy using Acc@0.5m and
Acc@1.0m, and orientation accuracy using Acc@15° and Acc@30°. For 3D ques-
tion answering, we report exact match accuracy (EM) and the refined exact
match protocol (EM-R) proposed by LEO [17] on SQA3D [29]. Similarly, we
report CIDEr, BLEU-4, METEOR, ROUGE, and EM on ScanQA [4]. For 3D-
assisted dialog and task decomposition, we adopt BLEU-1, BLEU-4, METEOR,
and ROUGE on 3D-LLM held-in dataset [15].
Implementation Details. We adopt Qwen2.5-VL-72B [6] as Planning Agent
and GPT-4o (gpt-4o-2024-08-06 [19]) as Perception Agent. The rendered images
are generated at a resolution of 512×512 pixels. We set the viewpoint matching
threshold to τD = 0.8. The number of planned viewpoints per interaction round
is fixed at K = 8. The default number of Perception Agent is set to 1. The num-
ber of interaction rounds is limited to a maximum of 6. Following SeeGround [25]
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Table 1: Evaluation of 3D question answering on SQA3D [29] test set and ScanQA [4]
validation set. Gray font means the refined exact match, EM-R.

Method SQA3D ScanQA

What Is How Can Which Other Overall CIDEr BLEU-4 METEOR ROUGE EM

Supervision: Fully Supervised
ScanQA [4] 28.6 65.0 47.3 66.3 43.9 42.9 45.3 60.2 10.8 12.6 31.1 20.9
SQA3D [29] 33.5 66.1 42.4 69.5 43.0 46.4 47.2 - - - - -
3D-VLP [21] - - - - - - - 67.0 - 13.5 34.5 21.7
3D-LLM [15] 36.5 65.6 47.2 68.8 48.0 46.3 48.1 69.4 12.0 14.5 35.7 20.5
LEO [17] - - - - - - 50.0 (52.4) 101.4 13.2 20.0 49.2 24.5
SIG3D [31] 35.6 67.2 48.5 71.4 49.1 45.8 52.6 68.8 12.4 13.4 35.9 -
Chat-Scene [16] 45.4 67.0 52.0 69.5 49.9 55.0 54.6 87.7 14.3 18.0 41.6 21.6
LSceneLLM [61] - - - - - - - 88.2 - 18.0 40.8 -
Scene-LLM [13] 40.9 69.1 45.0 70.8 47.2 52.3 54.2 80.0 12.0 16.6 40.0 27.2
Video-3D LLM [60] 51.1 72.4 55.5 69.8 51.3 56.0 58.6 102.1 16.3 19.8 49.0 30.1
3DRS [18] 54.4 75.2 57.0 72.2 49.9 59.0 60.6 104.8 17.2 20.5 49.8 30.3
Ross3D [41] 56.0 79.8 60.6 70.4 55.3 60.1 63.0 (65.7) 107.0 17.9 20.9 50.7 30.8

Supervision: Zero-shot
Agent3D-Zero [56] - - - - - - - 71.8 4.4 16.0 37.0 17.5
SpatialPrompting [39] 48.7 64.3 53.6 58.9 33.6 55.3 52.7 87.7 10.9 16.9 43.4 27.3
Ours 50.2 65.0 46.7 67.8 46.4 55.7 54.8 (57.1) 91.1 12.3 17.4 44.5 28.7

Table 2: Evaluation of situation estima-
tion on SQA3D [29] test set. “Separate”
indicates models trained exclusively for
situation estimation. “*” denotes experi-
mental results reported in [54].

Method Localization Orientation

Acc@0.5m Acc@1.0m Acc@15◦ Acc@30◦

Supervision: Fully Supervised
SQA3D [29] 9.5 29.6 8.7 16.5
SQA3D (separate) 10.3 31.4 17.1 22.8
3D-VisTA [63] 11.7 34.5 16.9 24.2
SIG3D∗ [31] 16.8 35.2 23.4 26.3
3DSA-LLM [54] 17.4 36.9 24.1 28.5

Supervision: Zero-shot
Ours 20.7 48.9 22.8 32.2

Table 3: Evaluation of 3D-assisted Dia-
log and task decomposition on 3D-LLM
Held-In Dataset [15]. B-1, B-4, M, and R
denote BLEU-1, BLEU-4, METEOR, and
ROUGE, respectively.

Method 3D-assisted Dialog Task Decomposition

B-1 B-4 M R B-1 B-4 M R

Supervision: Fully Supervised
flant5 [10] 27.4 8.7 9.5 27.5 25.5 6.0 13.9 28.4
flamingo [2] 30.6 9.1 10.4 27.9 33.1 7.3 16.1 33.2
BLIP2-flant5 [24] 32.4 9.5 11.0 29.5 33.1 6.9 15.5 34.0
3D-LLM [15] 39.0 16.6 18.9 39.3 33.9 7.4 15.9 37.8

Supervision: Zero-shot
Agent3D-Zero [56] 32.8 9.8 19.3 39.3 42.0 15.5 22.9 45.1
Ours 47.4 24.0 28.6 47.3 43.8 24.9 21.0 48.8

and SPAZER [22], we exclude the top 0.3m of the scene to better account for
closed room setup.

4.2 Quantitative Results

3D Question Answering. As illustrated in Tab. 1, the quantitative compar-
ison shows that our method outperforms existing zero-shot methods in most
evaluation metrics. Compared with SpatialPrompting [39], it achieves improve-
ments of 2.1% EM on SQA3D [29] and 3.4 CIDEr on ScanQA [4]. Moreover,
our method already exceeds most fully supervised approaches, such as LEO [17],
Chat-Scene [16], and Scene-LLM [13]. These results demonstrate that our ap-
proach attains a better understanding of spatial layouts and fine-grained object
semantics by explicitly documenting the 3D scene.
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Table 4: Evaluation of 3DVG on ScanRefer [8] and Nr3D [1] validation sets. In Scan-
Refer, queries are annotated as “Unique” (single target) or “Multiple” (with same-class
distractors). In Nr3D, queries are categorized as “Easy” (one distractor) or “Hard”
(multiple distractors), and as “View-Dependent” or “View-Independent”, depending on
whether grounding requires specific viewpoints. 0.25 and 0.5 denote Acc@0.25 and
Acc@0.5, respectively. We also follow VLM-Grounder [48] to adopt the same “250
queries” setting for a fair comparison.

Method
ScanRefer Nr3D

Unique Multiple Overall Easy Hard Dep. Indep. Overall
0.25 0.5 0.25 0.5 0.25 0.5 0.25 0.25 0.25 0.25 0.25

Supervision: Fully Supervised
ScanRefer [8] 67.6 46.2 32.1 21.3 39.0 26.1 - - - - -
ReferIt3DNet [1] - - - - - - 43.6 27.9 32.5 37.1 35.6
3DVG-T [58] 77.2 58.5 38.4 28.7 45.9 34.5 48.5 34.8 34.8 43.7 40.8
BUTD-DETR [20] 84.2 66.3 46.6 35.1 52.2 39.8 60.7 48.4 46.0 58.0 54.6
3D-VisTA [63] 81.6 75.1 43.7 39.1 50.6 45.8 72.1 56.7 61.5 65.1 64.2
MiKASA [7] - - - - - - 69.7 59.4 65.4 64.0 64.4
Video-3D LLM [60] 88.0 78.3 50.9 45.3 58.1 51.7 - - - - -
3DRS [18] 87.4 77.9 57.0 50.8 62.9 56.1 - - - - -
Ross3D [41] 87.2 77.4 54.8 48.9 61.1 54.4 - - - - -

Supervision: Zero-shot (250 queries)
VLM-Grounder [48] 66.0 29.8 48.3 33.5 51.6 32.8 55.2 39.5 45.8 49.4 48.0
SeqVLM [26] 77.3 72.7 47.8 41.3 55.6 49.6 58.1 47.4 51.0 54.5 53.2
SPAZER [22] 80.9 72.3 51.7 43.4 57.2 48.8 68.0 58.8 59.9 66.2 63.8
Ours 83.0 74.5 52.2 44.3 58.0 50.0 69.9 60.5 61.5 68.2 65.6

Supervision: Zero-shot (full)
LLM-Grounder [49] - - - - 17.1 5.3 - - - - -
ZSVG3D [55] 63.8 58.4 27.7 24.6 36.4 32.7 46.5 31.7 36.8 40.0 39.0
SeeGround [25] 75.7 68.9 34.0 30.0 44.1 39.4 54.5 38.3 42.3 48.2 46.1
CSVG [52] 68.8 61.2 38.4 27.3 49.6 39.8 67.1 51.3 53.0 62.5 59.2
Ours 81.2 72.9 50.8 43.9 58.1 50.9 65.7 57.0 56.7 63.7 61.2

Situation Estimation. In Tab. 2, the results on SQA3D [29] demonstrate that
our method achieves the best localization performance over existing methods,
with 20.7% Acc@0.5m and 48.9% Acc@1.0m. Owing to its flexible viewpoint
planning, our method can effectively map situation descriptions to accurate spa-
tial locations and orientations, thereby enhancing spatial understanding.
3D-assisted Dialog. The results in Tab. 3 illustrate that our method estab-
lishes a new state-of-the-art zero-shot performance on 3D-LLM Held-In dataset
[15], surpassing fully supervised method 3D-LLM [15] and zero-shot method
Agent3D-Zero [56] by 8.4 and 14.6 BLEU-1, respectively.
Task Decomposition. As demonstrated in Tab. 3, our method outperforms
existing zero-shot methods in most evaluation metrics. Compared with zero-shot
method Agent3D-Zero [56], our method achieves improvements of 1.8 BLEU-1,
9.4 BLEU-4, and 3.7 ROUGE on the 3D-LLM Held-In dataset [15].
3D Visual Grounding. As shown in Tab. 4, compared with the previous state-
of-the-art zero-shot method CSVG [52], our method achieves substantial im-
provements of 8.5% Acc@0.25 and 11.1% Acc@0.5 on ScanRefer [8], and 2.0%
Acc@0.25 on Nr3D [1]. Moreover, even on the subset of 250 queries proposed
by the VLM-Grounder [48], our method still achieves advanced performance.
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Fig. 3: Left: Distribution of interaction rounds.
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Table 5: Inference efficiency compar-
ison with zero-shot methods. “*” de-
notes our reproduced results.

Method Tokens Time (s) Acc.

VLM-Grounder - 50.3 48.0
SeqVLM* 7.5k 42.3 53.2
Ours 4.3k 30.2 65.6

Table 6: Ablation on different components.
Method Nr3D SQA3D ScanQA

Ours (Full) 56.7 53.2 26.1
w/o Holistic Cognitive Map 47.8 49.3 18.6
w/o Filtering and Feedback 49.3 50.4 20.9
w/o Rendered Image 52.7 50.6 21.0
w/o Real Image 53.9 51.7 21.4

Table 7: Performance comparison with
different baseline.
Method Nr3D SQA3D ScanQA

Random 13.8 12.6 6.4
Co-Visible Template 43.1 42.0 13.6
Ours 56.7 53.2 26.1

Notably, it also achieves competitive performance on the challenging “Multiple”
subset, indicating its ability to efficiently disambiguate among multiple similar
objects through unified spatial cognition.
Interaction Rounds and Inference Efficiency. As shown in the left of Fig. 3,
we investigate the distribution of interaction rounds across different benchmarks.
We observe that our multi-agent collaborative framework efficiently resolves ap-
proximately 50% of the queries in a single round, while only a small fraction
requires four or more iterations. Meanwhile, Nr3D [1] exhibits fewer interaction
rounds compared to other benchmarks. This is because Nr3D primarily involves
selecting and localizing the target object, whereas ScanQA [4] and SQA3D [29]
additionally require understanding more complex object semantics, spatial re-
lationships, and intricate layouts. In the right of Fig. 3, we break down the
inference time of each step within a single round, which in total takes 30.2s. The
reasoning processes of the two agents take up a significant portion of the total
time. For the multi-round case, the total inference time increases linearly with
the number of interaction rounds. Moreover, Tab. 5 shows that our method sig-
nificantly reduces the token cost from 7.5k to 4.3k and achieves higher efficiency
from 41.3s to 30.2s, while still achieving strong performance on Nr3D [1]. This
is because our method leverages the cognitive map to filter out a large number
of erroneous candidates and plans viewpoints around the critical target, which
avoids the need to sample and filter out all video frames.

4.3 Ablation Study

In this section, we adopt Acc@0.25 as the default evaluation metric for Nr3D [1],
and EM for SQA3D [29] and ScanQA [4]. We employ Qwen2.5-VL-72B [6] as
both Planning Agent and Perception Agent.
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Effect of Holistic Cognitive Map. As illustrated in Tab. 6, removing the
object information table and retaining only the BEV leads to notable perfor-
mance drops of 8.9% Acc@0.25 on Nr3D [1] and 3.9% EM on SQA3D [29]. We
find that without the holistic cognitive map to refine the cognition of 3D scenes,
this variant is forced to repeatedly process previously observed objects, leading
to redundant planning and reduced efficiency.
Effect of Filtering and Feedback. We disable both candidate filtering and
feedback, which jointly sustain the collaborative process between the two agents.
As demonstrated in Tab. 6, this variant results in a notable performance degra-
dation of 7.4% Acc@0.25 on Nr3D [1]. Without candidate filtering and feedback,
mismatched objects remain in the candidate map, thereby preventing Planning
Agent from focusing on critical objects.
Effect of Image Sources. Our method balances visual fidelity and perspective
coverage by prioritizing real images and using rendered images only when nec-
essary. As shown in Tab. 6, without Rendered Images results in a performance
drop of 5.1% EM on ScanQA [4]. This performance gap occurs because, without
rendered images, this variant can only perceive the 3D scene from limited and
fixed viewpoints, thereby missing critical perspectives that are crucial for spa-
tial localization. In contrast, w/o Real Images leads to a performance drop of
4.7% EM on ScanQA [4]. This variant limits the ability of our method to capture
fine-grained object semantics, such as material and texture details. These results
highlight the complementary roles of rendered and real images in supporting a
comprehensive understanding of the 3D scene.

Table 8: Ablation study
of the MLLM on Nr3D [1]

Method Overall

Qwen2.5-VL-7B 49.3
Qwen2-VL-72B 54.2
Qwen2.5-VL-72B 56.7

GPT-4o 61.2

Influence of MLLMs. The MLLM serves as the
"brain" of our method, effectively parsing the query
and performing spatial relationship reasoning. To fur-
ther study how the choice of the MLLM affects over-
all performance, we perform a comparative analysis of
several models under the same evaluation setting, in-
cluding open-source backbones (Qwen2.5-VL-72B [6],
Qwen2.5-VL-7B [6], and Qwen2-VL-72B [42]) and a
closed-source alternative (GPT-4o [19]). As demon-
strated in Tab. 8, we observe that GPT-4o exhibits
stronger 3D scene understanding capabilities than
open-source models. Moreover, our method still out-
performs most zero-shot methods even when using
smaller backbones, indicating that its effectiveness stems from explicit scene
cognition, candidate filtering, and comprehensive observation, rather than rely-
ing solely on more advanced MLLMs.
Effect of Viewpoint Matching Threshold τD. As demonstrated in the left
of Fig. 4, we investigate the effect of viewpoint matching threshold τD across
different datasets. As τD increases, performance steadily improves, peaking at
0.75/0.8 as more real images are provided to capture fine-grained semantics.
However, as τD further increases, performance degrades as fewer rendered views
lead to missing critical perspectives for spatial localization.
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Fig. 4: Left: Influence of the viewpoint matching threshold τD. Right: Influence of the
number of planned viewpoints K.

Effect of Number of Planned Viewpoints K. As shown in the right of
Fig. 4, we analyze how varying the number of planned viewpoints K across
three benchmarks. As K increases, the accuracy steadily improves, reaching its
maximum at K = 8. This indicates that providing an appropriate number of
viewpoints supplies Perception Agent with more comprehensive scene informa-
tion, allowing a more reliable observation of the target object. However, when
K increases from 8 to 9, the accuracy begins to drop. This is because an ex-
cessive number of planned viewpoints increases the burden on Planning Agent,
resulting in lower-quality viewpoint planning. More importantly, the increased
overlap among views introduces redundant information that hampers the infer-
ence of Perception Agent.

4.4 Discussion

Effectiveness of Viewpoint Planning. As mentioned in Sec. 3.2, our method
actively plans observation perspectives to capture scene information. To analyze
the effectiveness of such design, we further compare the following two base-
lines: (1) Random, which randomly plans viewpoints based on the BEV [56].
(2) Co-Visible Template, which generates fixed near and far viewpoints around
candidate objects to ensure broad scene coverage. As demonstrated in Tab. 7,
Random performs poorly because it may fail to reliably capture the target object.
Co-Visible Template performs better than Random by increasing scene coverage.
In contrast, our method leverages the cognitive map to directly observe the 3D
scene and actively capture more informative viewpoints, leading to performance
improvements of 42.9% and 13.6% Acc@0.25 over Random and Co-Visible Tem-
plate on Nr3D [1], respectively. These results reveal an important principle: the
key to 3D understanding lies in capturing decisive visual evidence from critical
perspectives, rather than increasing coverage alone.
More Perception Agents across Scene Scales. As demonstrated in the left
of Fig. 5, we analyze the effect of varying the number of Perception Agents across



14 W. Wang et al.

52.9

54.9
56.7

48.4

53.3

56.7

7B 32B 72B
45

50

55

60

Model size

A
cc

u
ra

cy
 (

%
)

 Planning Agent

 Perception Agent

58.1

59.3
59.9

60.3

53
54 54.4 54.6

1 2 3 4

52

54

56

58

60

Number of Perception Agents

A
cc

u
ra

cy
 (

%
)

 Large Scenes

 Small Scenes

 ALL

56.6
57.7

58.2 58.5

Fig. 5: Left: Influence of the number of Perception Agents on Nr3D [1]. Right: Influence
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different scene scales, with each Perception Agent tasked with perceiving a dif-
ferent region in parallel. For scene scale analysis, we divide ScanNet [11] into
small scenes (average area 16.32m2) and large scenes (average area 40.85m2).
We find that as the number of Perception Agents increases, the performance
continues to improve, with larger improvements observed in large scenes com-
pared to small ones. However, the rate of improvement gradually slows down.
This is because the relatively small scene scale of ScanNet [11] limits the advan-
tage of our multi-agent collaborative scene cognition, which is better suited for
larger-scale 3D environments.
Better Input or Better Perception? Planning Agent provides query-relevant
viewpoint inputs, and Perception Agent is tasked to perform scene perception.
This decoupled design motivates an investigation centered around the key ques-
tion: Which matters more, better input or better perception? As shown in the
right of Fig. 5, we further conduct two symmetric experiments by keeping one
agent at 72B while varying the other agent’s model size. We find that better input
is a promising direction that provides reliable support for subsequent perception
tasks, while better perception ability further enhances the understanding of the
3D scene and leads to greater performance improvement. Moreover, the effec-
tiveness of both improvements is largely influenced by model size, and continued
advancements in MLLMs may further unlock its potential.

4.5 Qualitative Results

Fig. 6 illustrates the comprehensive qualitative results on ScanRefer [8], SQA3D [29],
and ScanQA [4]. In Fig. 6a, multiple visually identical objects (chairs) appear
in the 3D environment. Our method can accurately and effectively understand
the spatial relationships (e.g., “to its right”, “between”) to localize the target ob-
ject, but SeeGround [25] merely relies on limited single-view localization, which
severely limits its ability to resolve confusing spatial ambiguity. In Fig. 6b, the
query includes egocentric situations (e.g., “facing a vending machine”, “behind
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Description:
There are two chalk ... the 
third chair ...  between two 
chairs with no wheels.

Description:
The chair is pulled into the 
table. One chair to its left, 
and two chairs to its right.

SeeGround Ours Ground Truth

(a) 3D visual grounding

Ground Truth

yes 

Ours

yes

SIG3D

no

Description:
I am facing a vending machine 
that is next to another one, and 
there is a trash can behind me.

Question:
Where should 
I go to get the 
green bucket?

(b) Situated understanding

Ground Truth

grey trash can

Ours

trash can

SpatialPrompt

chair

Question:
What is next 
to the tv at the 

edge of room?

(c) Visual question answering

Fig. 6: Qualitative comparison of our method with previous approaches across various
3D understanding tasks on ScanRefer [8], SQA3D [29], and ScanQA [4], respectively.

me”) and fine-grained semantics (e.g., “green bucket”). Our explicit cognitive map
enables the model to directly observe the 3D scene and understand egocentric
spatial locations, and it further verify the orientation through flexible viewpoint
observations. In contrast, SIG3D relies on fixed anchors and struggles to interpret
complex spatial location descriptions. In Fig. 6c, SpatialPrompting [39] fails to
capture the spatial layout (e.g., “edge of room”) because its static object-centric
keyframe selection inevitably ignores critical relations among objects and overall
scene layout.

5 Conclusion

In this paper, we propose a collaborative multi-agent framework for zero-shot 3D
scene understanding. Unlike previous methods that rely on static object-centric
keyframe selection from the scene video, we integrate a Planning Agent for flex-
ible viewpoint planning and critical perspective completion, and a Perception
Agent for explicit environment perception, enabling more comprehensive cog-
nition of query-relevant scene information. Extensive experiments demonstrate
that our approach achieves promising performance across a variety of 3D tasks,
highlighting its potential as a foundation for future multi-agent systems in 3D
scene understanding.
Limitations and Future Work. We follow previous works and adopt a pre-
trained 3D detection model to obtain 3D bounding boxes for all scene objects,
which makes the overall performance related to their raw detection quality. In
future work, we will try to integrate a high-fidelity online scene reconstruction
model to automatically refine detection errors and reduce this performance de-
pendency.
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