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Q: Where is the mirror?

... performing a slight right-
rotation+10 to get a clearer view of 
its exact placement above the dark 
cabinet ...

I'm now verifying my answer by 
performing a forward-movement+2 
to get a closer view of the mirror’s 
frame ... 

performing a left-rotation+15 ... 
help confirm its exact position 
relative to the surrounding objects

A: The mirror is located on the wall 
above the dark cabinet, to the right 
of the staircase.
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Figure 1: The Chain-of-View prompting framework. Given a spatial query and its corresponding 3D scene, CoV
facilitates a coarse-to-fine active reasoning process to derive the answer. (Bottom) v1 to v4 denote the task-relevant
viewpoints strategically selected from the initial candidate view set by our View Selection Agent. (Left and Right)
The interleaved action-reasoning chain demonstrates how the agent dynamically adjusts its perspective (e.g., rotation
and movement) to gather discriminative visual evidence and resolve spatial ambiguities. (Center) The visualized
camera frustums depict the autonomous exploration trajectory, where the agent bridges the gap between fragmented
local views and global spatial context to reach a grounded conclusion.

Abstract
Embodied question answering (EQA) in 3D
environments often requires collecting con-
text that is distributed across multiple view-
points and partially occluded. However, most
recent vision–language models (VLMs) are
constrained to a fixed and finite set of input
views, which limits their ability to acquire
question-relevant context at inference time and
hinders complex spatial reasoning. We propose
Chain-of-View (CoV) prompting, a training-
free, test-time reasoning framework that trans-
forms a VLM into an active viewpoint reasoner
through a coarse-to-fine exploration process.
CoV first employs a View Selection agent to
filter redundant frames and identify question-
aligned anchor views. It then performs fine-
grained view adjustment by interleaving itera-
tive reasoning with discrete camera actions, ob-

taining new observations from the underlying
3D scene representation until sufficient context
is gathered or a step budget is reached. We
evaluate CoV on OpenEQA across four main-
stream VLMs and obtain an average +11.98%
improvement in LLM-Match, with a maximum
gain of +13.62% on Qwen3-VL-Flash. CoV
further exhibits test-time scaling: increasing
the minimum action budget yields an addi-
tional +2.54% average improvement, peaking
at +3.73% on Gemini-2.5-Flash. On ScanQA
and SQA3D, CoV delivers strong performance
(e.g., 116 CIDEr / 31.9 EM@1 on ScanQA
and 51.1 EM@1 on SQA3D). Overall, these
results suggest that question-aligned view se-
lection coupled with open-view search is an
effective, model-agnostic strategy for improv-
ing spatial reasoning in 3D EQA without addi-
tional training. Code: https://github.com/
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ziplab/CoV.

1 Introduction

As artificial intelligence transitions from digital
domains to physical reality, Embodied Question
Answering (EQA) has emerged as a critical capa-
bility for enabling intuitive, human-centric inter-
action with the environment. It holds significant
potential across domains like robotics, autonomous
navigation, and human–computer interaction. In
EQA settings, the agent processes a textual ques-
tion based on a sequence of egocentric images (op-
tionally with a 3D scene representation such as
point clouds or 3D meshes). The agent must per-
ceive and reason within the real environment to
derive the correct answer.

However, existing methods (Mo and Liu, 2024;
Fu et al., 2024; Zhu et al., 2024; Li et al., 2024c)
encounter a substantial limitation: conventional
methods use a limited and fixed set of viewpoints as
input (see Figure 2), making it difficult for VLMs to
acquire sufficient question-relevant views. In com-
plex embodied QA tasks, answers are not immedi-
ately apparent, and a question often requires multi-
step reasoning to solve. For example, for the ques-
tion “Where can I get some pop drinks?”, the scene
does not directly show soda. The model must in-
voke world knowledge and navigate autonomously
to locate objects like a refrigerator. Answering
such complex real-world questions requires suffi-
cient question-relevant context and cannot be ac-
complished through one-step answer generation.

In this paper, we propose the chain-of-view
(CoV) prompting framework (see Figure 1), a two-
stage agent system designed to shift from passive
observation to active exploration and iterative rea-
soning. Specifically, the framework operates in a
coarse-to-fine manner: in the coarse-grained view
selection stage, the View Selection Agent selects a
small set of the most question-relevant views from
the available viewpoints as anchor views for sub-
sequent exploration. Meanwhile, we provide the
agent with a bird’s-eye view of the entire scene to
facilitate a global understanding of the environment.
In the fine-grained view adjustment stage, the CoV
Agent executes an action–reasoning loop. At each
step, the VLM generates an action instruction based
on the current observation and the question (e.g.,
forward-movement or right-rotation). The action
is mapped to a rigid-body camera transformation,
producing the next observation, which is fed back

Figure 2: Video VLM vs. CoV. Unlike prior approaches
(top) that rely on fixed-frame video inputs and an-
swer from a limited temporal window, our chain-of-
view framework (bottom) explores an open-ended view
space constructed from a 3D scene. CoV dynamically
selects informative viewpoints and performs step-by-
step reasoning during inference, enabling more com-
plete and grounded answers without additional training.

to the VLM for the next reasoning step. The pro-
cess terminates when the CoV agent determines
that sufficient information has been acquired or
when a predefined limit on action steps is reached,
at which point the final answer is produced.

Unlike prior 2D VLMs that rely on predeter-
mined views (as illustrated in Figure 2), our chain-
of-view framework addresses complex embodied
QA problems through multi-step reasoning. More-
over, we improve the alignment between visual
content and the question via explicit view selection
and fine-grained adjustment.

To evaluate the efficacy of our methodology,
we conduct comprehensive experiments on the lat-
est EQA benchmark OpenEQA (Majumdar et al.,
2024), which serve as standard metrics for assess-
ing 3D scene understanding and question answer-
ing capabilities. We evaluate both mainstream
open-source and proprietary VLMs, and applying
the CoV framework yields an average improve-
ment of 11.98%, with a maximum gain of 13.62%
on Qwen3-VL-Flash. We further empirically ver-
ify the test-time scaling capability of CoV: as the
number of action steps increases, the agent’s score
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improves by an average of 2.54%, with a maximum
gain of 3.73% on Gemini-2.5-Flash.

Qualitative analyses further validate that our
CoV framework produces more coherent and inter-
pretable reasoning chains, particularly in complex
or cluttered environments. These results demon-
strate the potential of test-time scaling strategies
to enhance scene understanding without requiring
additional model training or dataset-specific tuning,
making our framework robust and adaptable across
diverse 3D tasks and domains.

The main contributions of our work can be sum-
marized as follows:

• We propose Chain-of-View Prompting, a
test-time reasoning framework that enhances
VLMs’ ability to handle complex spatial rea-
soning in embodied question answering. By
leveraging coarse-to-fine view selection and
camera adjustment, the agent acquires suffi-
cient question-relevant views to answer spa-
tially complex questions, thereby improving
performance on EQA tasks.

• CoV prompting enables test-time scaling. As
the number of exploration steps increases, the
agent’s performance improves gradually.

• Experimental results on the latest embodied
QA benchmarks demonstrate significant im-
provements through our systematic view ex-
ploration approach. Our method achieves up
to a 13.62% improvement on the OpenEQA
benchmark.

2 Related Work

Recent advances in 3D scene understanding
have unified perception and language. Meth-
ods like Vote2Cap-DETR (Chen et al., 2023a),
D3Net (Chen et al., 2022), and SpaCap3D (Wang
et al., 2022) integrate object localization and
description generation, enabling more grounded
scene understanding for robotics, AR/VR, and em-
bodied AI. 3D vision-language models such as
LLaVA-3D (Zhu et al., 2024) and LL3DA (Chen
et al., 2024) further advance scene understanding
by synthesizing 2D multimodal perception with 3D
spatial context. These architectures leverage multi-
view images augmented with 3D positional embed-
dings, facilitating more context-aware reasoning
without dependency on external object proposals
or segmentation mechanisms.

Test-time reasoning. Large models such as
Qwen, ChatGPT and Gemini (Bai et al., 2025; Ope-
nAI, 2023; Georgiev et al., 2024) show strong per-
formance in multi-modal reasoning tasks. Due
to high fine-tuning costs, recent work explores
efficient adaptation methods that keep pretrained
weights. In-context learning (Brown et al., 2020;
Sahoo et al., 2024), prompt engineering, and chain-
of-thought prompting (Wei et al., 2022) guide
model behavior at inference time. Recent works
like Simple Scaling (Muennighoff et al., 2025a),
adaptive compute (Snell et al., 2024), and calibra-
tion (McKenna and Carse, 2024) offer practical,
training-free improvements.

Scene understanding. 3D scene understanding
primarily encompasses tasks such as 3D question
answering (Ma et al., 2023; Azuma et al., 2022) and
3D dense captioning (Chen et al., 2020; Achlioptas
et al., 2020). Early 3D dense captioning used a
detect-then-describe pipeline (Chen et al., 2021;
Wang et al., 2022). Newer methods adopt end-to-
end transformers (Chen et al., 2023a, 2022; Huang
et al., 2025a,b) to predicts object-caption pairs di-
rectly. Methods for embodied QA often incorporate
multi-modal fusion (Mo and Liu, 2024), navigation-
conditioned reasoning (Zheng et al., 2024), and
LLM grounding in 3D scenes (Hong et al., 2023)
to improve spatial and semantic understanding.
Agent3D-Zero (Zhang et al., 2024a) introduces a
zero-shot framework in which a VLM actively se-
lects viewpoints to understand 3D scenes, concep-
tually similar to our approach; however, it relies on
VLM-predicted grid-based locations on the bird’s-
eye view, which can be inaccurate and differs from
our action-instruction-based method.

3D VLMs. Recent 3D VLM works integrate
point clouds (Huang et al., 2023; Chen et al., 2024;
Yang et al., 2023; Zhang et al., 2024b) and multi-
view images (Fu et al., 2024; Hong et al., 2023;
Qi et al., 2025) into large language models for
scene reasoning. LL3DA (Chen et al., 2024) en-
codes global features from scene-level point clouds.
LEO (Yang et al., 2023) and Chat-Scene (Zhang
et al., 2024b) segment and encode object-level fea-
tures. 3D-LLM (Hong et al., 2023) and Scene-
LLM (Fu et al., 2024) use object-centric patches
from multi-view images. LLaVA-3D (Zhu et al.,
2024) builds on 2D LMMs with 3D positional em-
beddings to structure image patches spatially.
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3 Method

3.1 Problem Setting

The goal of the embodied question answering task
is to answer questions related to a 3D scene. The
questions can span multiple categories, such as
object recognition, attribute recognition, object lo-
calization, and spatial reasoning etc. (Majumdar
et al., 2024). Unlike conventional 2D VQA with
fixed frame sequences, embodied question answer-
ing utilizes either multi-view RGB-D images with
camera poses or reconstructed 3D meshes, enabling
reasoning from arbitrary viewpoints aligned with
question semantics.

Formally, let S denote the 3D scene represen-
tation (e.g., a point cloud or mesh) and Q be the
natural language query. A 3D scene implies a con-
tinuous space of potential viewpoints Ω. However,
directly reasoning over the raw global geometry S
is often inefficient and lacks fine-grained visual de-
tails. In practice, the input for embodied question
answering is combined with a sequence of frames
V = {v1, . . . , vT } sampled from a video episode
of the scene. The objective is to generate a textual
answer A that accurately addresses the query Q
based on these observations. This process is mod-
eled as maximizing the conditional probability:

A∗ = argmax
A

P (A | S,V, Q). (1)

3.2 Method Overview

We propose chain-of-view prompting, a test-time
search framework for embodied visual question an-
swering. The goal of CoV prompting is to infer the
correct answer A from a given question text Q and
the corresponding 3D scene. The overall pipeline
consists of two primary stages: (i) Coarse-grained
View Selection, and (ii) Fine-grained View Adjust-
ment. Initially, we filter the full set of input view
frames to a subset of candidate views based on their
relevance to the question. We dynamically adjust
the perspectives within this subset to produce a re-
fined sequence of viewpoints. Finally, an answer is
synthesized based on these optimized viewpoints.

3.3 Coarse-Grained View Selection

V is sampled from the video episode of the corre-
sponding scene, containing many redundant frames
with low information density. Only a small num-
ber of key frames are relevant to the question Q,
while a large amount of irrelevant information can

interfere with the agent’s correct judgment. There-
fore, we employ a View Selection Agent to fil-
ter the initially available views and extract the
frames most relevant to the question. The prompt
template of the view selection agent is provided
in Section A. Given the input (Q,V), the view se-
lection agent selects a reduced subset of frames
V ′ = {vi1 , . . . , viK}, where K ≪ T .

This initial filtering step significantly reduces
redundancy in the input data and focuses on views
that are most likely to contain information relevant
to answering the question. By narrowing down the
search space, we enable more efficient processing
in the subsequent fine-grained phase, effectively
addressing the challenge of searching through the
vast view space of 3D scenes.

3.4 Fine-Grained View Adjustment
In prior EQA approaches, the agent passively in-
fers an answer over a limited and fixed set of input
frames and cannot actively acquire informative ob-
servations from the environment. This one-step
generation paradigm overlooks environmental de-
tails that may be relevant to the question and con-
strains the agent’s performance. Inspired by chain-
of-thoughts (Wei et al., 2022), we aim to provide
more detailed environmental information through
fine-grained viewpoint adjustment while eliciting
deeper thinking. Therefore, we employ the Chain-
of-View Agent for fine-grained view adjustment.
The prompt template is provided in Section A.

We leverage the 3D scene representation to dy-
namically generate new perspectives that reveal
information not visible from the initially selected
views. For each initial view vi ∈ V ′, the CoV
agent generates a sequence of actions {a1, . . . , aL},
where at ∈ A for t = 1, . . . , L, and A denotes the
agent’s action space. It consists of discrete transla-
tional and rotational actions:

• Translational actions: move forward, move
backward, move left, move right, move up,
and move down. Each action corresponds to a
fixed displacement along the respective axis
of the agent’s local coordinate frame.

• Rotational actions: yaw (rotate left/right),
pitch (look up/down), and roll (tilt clock-
wise/counterclockwise). Each rotation adjusts
the agent’s orientation around its local coordi-
nate axes.

• View switch actions: switch to vi, vi ∈ V ′.
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Q: What should I do to cool down?
O: It seems that there is an air conditioner in view 6. I need 
to check it.

Action: switch to view 6

... performing a detailed inspection of the living room to 
confirm cooling options ... adjust the camera angle to focus 
on the air conditioning unit visible in view 6. 

... a final camera adjustment to ensure all cooling-related 
objects are confirmed ... move upward slightly to get a 
clearer view of the air conditioning unit mounted on the 
wall above the TV.

... move forward a little bit to get a closer look at the air 
conditioner ...

Based on the analysis across multiple views, particularly 
view 6 and the upward-movement adjustment, I conclude that 
the air conditioning unit mounted on the wall above the TV 
in the living room is the primary cooling device ...

Answer: turn on the air conditioner

Action: left-rotation+15

Action: forward-movement+5

Action: upward-movement+2

Selected Views

Bird-Eye View

Step 1

Step 2

Step 3

Step 4

Final step

v6

v9

v3

Figure 3: Action-reasoning chain of the CoV agent. The CoV agent executes an iterative action–reasoning chain.
For the question “What should I do to cool down?”, the agent first selects view 6 from the input images as an anchor.
It then adjusts the viewpoint at each reasoning step to acquire new observations. Once the agent determines that
sufficient information has been obtained, it outputs the answer “turn on the air conditioner.”

Agent can switch to any view anchor obtained
through the coarse view selection stage.

Specifically, the agent’s context is defined as
C0 = {Q,V ′} at start. At each step, the CoV
agent thinks over the current observation and the
question to generate an action instruction at. We
convert at into an SE(3) transformation matrix,
which updates the camera pose and yields a new
viewpoint vt+1

i :

vt+1
i = Transform(vi; at, S). (2)

vt+1
i is appended into the agent’s context,which is

then fed into the model for the next step:

Ct+1 = {Q,V ′, v1i , . . . , v
t+1
i }. (3)

The reasoning process terminates when the CoV
agent determines that sufficient information has
been collected to answer the question or when a
predefined action step limit is reached, at which
point the final answer is produced.

Figure 3 presents a multi-step reasoning example
of the CoV agent. Fine-grained view adjustment
enables the agent to observe regions that were pre-
viously occluded or blurred, allowing it to acquire
richer question-relevant environmental details and
thereby answer the question more accurately.

4 Experiments

4.1 Benchmarks and Metrics

We evaluate our method on the OpenEQA (Majum-
dar et al., 2024), ScanQA (Azuma et al., 2022),
and SQA3D (Ma et al., 2023) benchmarks, cover-
ing both mainstream open-source and proprietary
models.

Sourced from over 180 real-world environments
(ScanNet and HM3D (Dai et al., 2017; Ramakr-
ishnan et al., 2021)), OpenEQA is a challenging
open-vocabulary benchmark, designed to evaluate
embodied question answering capabilities in the
era of foundation models. Besides, we include
ScanQA and SQA3D, two representative datasets
for spatial reasoning challenges. ScanQA is a large-
scale 3D question answering dataset comprising
over 41,000 question-answer pairs. It focuses on
object-grounded QA by linking natural language
queries to specific 3D objects within richly anno-
tated RGB-D scans, facilitating spatial reasoning
and object localization. In contrast, SQA3D em-
phasizes situated reasoning, requiring agents to
understand their position and orientation within a
3D scene. It includes 33,400 reasoning questions
spanning 6,800 unique situations from 650 Scan-
Net scenes, presenting complex challenges such as
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Figure 4: Visualization of CoV reasoning results. Our method selects informative views and produces coherent
multi-step answers grounded in the spatial context.

spatial relationships, commonsense understanding,
and multi-hop inference.

We use the LLM-Match metric proposed in
OpenEQA. This metric utilizes an LLM judge to
compare a predicted answer against the ground-
truth answer, assigning a score γi ∈ {1, . . . , 5}.
The final metric is computed by normalizing and
averaging them to a percentage scale over question
number N :

LLM-Match =
1

N

N∑

i=1

(
γi − 1

4

)
× 100%. (4)

For ScanQA and SQA3D, we adopt a compre-
hensive set to assess answer accuracy. Specifically,
CIDEr (C) measures consensus with human anno-
tations; BLEU-4 (B-4) captures n-gram overlap;
METEOR (M) considers both precision and recall
with synonym matching; ROUGE-L (R) evaluates
the longest common subsequence; and Exact Match
at top-1 (EM1) reflects the strict correctness of gen-
erated answers.

4.2 Implementation Details
The input for each question–answer pair consists
of video frames uniformly sampled from a scene
video episode at a ratio of 10:1, together with the
textual question Q. For the baseline, we provide all
images in a single pass and let the model directly
generate an answer. For CoV, we first feed all im-
ages to the View Selection agent for coarse filtering,
and the selected views are then passed to the CoV
agent to answer the question; both agents use the
same underlying VLM. The prompt templates used
are provided in Section A.

4.3 Main Results

For ScanQA and SQA3D, we instantiate CoV with
three representative VLMs: GPT-4.1, Gemini Pro
Flash, and InternVL (OpenAI, 2023; Georgiev
et al., 2024; Chen et al., 2023b). We run all evalua-
tions in the val-unseen set for fair, zero-shot com-
parison with 3D VLM baselines. Table 1 shows that
our method achieves state-of-the-art performance
on ScanQA, with notable improvements in CIDEr
and EM@1. On SQA3D, our method remains com-
petitive with 51.1 EM@1. These results demon-
strate our method’s effectiveness in both generating
human-like responses and providing accurate an-
swers across 3D QA benchmarks.

For OpenEQA (Majumdar et al., 2024), we eval-
uate Qwen3-VL-Flash (Bai et al., 2025), GLM-
4.6V (Team et al., 2025), Gemini-2.5-Flash (Co-
manici et al., 2025), and GPT-4o-mini (OpenAI
et al., 2024). The evaluation results are shown
in Table 2. Compared to the setting without
CoV, our method achieves an average improvement
of 11.98% and a maximum gain of 13.62% (on
Qwen3-VL-Flash) in a training-free manner.

Evaluation results confirm that our chain-of-view
framework produces higher quality answers by iter-
atively refining visual understanding through strate-
gically selected views, enabling deep spatial rea-
soning in complex 3D environments.

4.4 Test-Time Scaling

We investigate the test-time scaling behavior of
chain-of-view prompting by quantitatively analyz-
ing the relationship between the number of action
steps and performance. When the number of action
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Table 1: Quantitative comparison with SOTA models on ScanQA (val) and SQA3D (test). “C” stands for
“CIDEr”, “B-4” for “BLEU-4”, “M” for “METEOR”, “R” for “ROUGE”, and “EM@1” for top-1 exact match. BEV
denotes whether a model takes bird’s-eye view as an input.

ScanQA (val) SQA3D (test)

Model Venue BEV C B-4 M R EM@1 EM@1

Task-specific models
Scan2Cap (Chen et al., 2021) - ✗ - - - - - 41.0
ScanRefer+MCAN (Yu et al., 2019) ECCV2020 ✗ 55.4 7.9 11.5 30.0 18.6 -
ClipBERT (Lei et al., 2021) CVPR2021 ✗ - - - - - 43.3
ScanQA (Azuma et al., 2022) CVPR2022 ✗ 64.9 10.1 13.1 33.3 21.1 47.2
3D-VisTA (Zhu et al., 2023) ICCV2023 ✗ 69.6 10.4 13.9 35.7 22.4 48.5

3D LMMs
3D-LLM (FlanT5) (Hong et al., 2023) NeurIPS2023 ✗ 69.4 12.0 14.5 35.7 20.5 -
LL3DA (Chen et al., 2024) CVPR2024 ✗ 76.8 13.5 15.9 37.3 - -
Chat-3D v2 (Huang et al., 2024a) - ✗ 87.6 14.0 - - - 54.7
LEO (Huang et al., 2024c) ICML2024 ✗ 101.4 13.2 20.0 49.2 24.5 50.0
Scene-LLM (Fu et al., 2024) WACV2025 ✗ 80 12.0 16.6 40.0 27.2 54.2
ChatScene (Huang et al., 2024b) CVPR2024 ✗ 87.7 14.3 18.0 41.6 21.6 54.6

Zero-shot 2D LMMs
VideoChat2 (Li et al., 2024b) CVPR2024 ✓ 49.2 9.6 9.5 28.2 19.2 37.3
LLaVA-NeXT-Video (Li et al., 2024a) - ✓ 46.2 9.8 9.1 27.8 18.7 34.2
LLaVA-Video (Zhang et al., 2024c) - ✓ 88.7 - - - - 48.5
Agent3D-Zero (Zhang et al., 2024a) ECCV2024 ✓ 71.8 4.4 16.0 37.0 17.5 -

CoV (Ours) - ✓ 116 16.9 24.5 50.4 31.9 51.1

steps is not constrained, the statistics of question
counts and scores at different action steps for the
CoV agent on the OpenEQA dataset are shown
in Figure 5. Questions that require more action
steps exhibit a clear upward trend in scores. How-
ever, most questions involve only a small number
of action steps, typically between one and three. If
the agent were able to execute more action steps,
its performance on embodied QA tasks would be
expected to further improve.

Inspired by the budget forcing strategy used in
S1 (Muennighoff et al., 2025b), we set a lower
bound on the number of action steps in the CoV
agent’s prompt template (see Section A). As shown
in Figure 6, increasing the number of action steps
gradually improves. Compared to setting the min-
imum number of action steps to 1, increasing the
action-step limit yields an average improvement of
2.54%.

These results demonstrate that multi-step reason-
ing enhances agent performance on EQA tasks and
highlight the potential of our method for training-
free test-time scaling.

4.5 Ablation Studies
We conduct an ablation study to examine the role
of coarse-grained view selection. We evaluate
the agent’s performance on OpenEQA (Majumdar
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Figure 5: Action Step Analysis. Distribution of action
steps for Qwen3-VL-Flash (Bai et al., 2025) on the
OpenEQA (Majumdar et al., 2024) dataset.

et al., 2024) with and without the coarse-grained
view selection agent. Without the coarse-grained
stage to filter views, the CoV agent is exposed to a
large number of redundant and low-information-
density frames, making it harder to identify a
question-relevant anchor to initiate actions.

As shown in Table 3, removing the view selec-
tion agent from our method degrades VLM perfor-
mance, with an average drop of 2.71%. This result
demonstrates that coarse-grained view selection is
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Table 2: Performance comparison on the OpenEQA benchmark. During evaluation, we fix the temperature of
each model to 0. LLM-Match is measured using the evaluation protocol provided by OpenEQA. n step denotes that
the minimum number of action steps for the model is set to n. Scaling Improvement measures the gain obtained by
increasing the number of action steps, defined as the difference between the best CoV result and CoV-1. Boldface
indicates the best results.

Method Qwen3-VL-Flash GLM-4.6V GPT-4o-mini Gemini-2.5-Flash

Baseline 52.65 62.40 45.87 52.30

CoV(1 Step) 58.75 67.00 49.85 57.10
2 Step 59.07 67.33 50.15 57.15
3 Step 59.03 67.20 49.60 58.80
4 Step 59.82 66.30 50.80 58.15
5 Step 59.03 67.23 51.56 58.82
6 Step 59.39 67.70 51.41 59.23
7 Step 59.77 67.64 51.62 59.16

Improvement ↑ 13.62% ↑ 8.50% ↑ 12.54% ↑ 13.25%
Scaling Improvement ↑ 1.82% ↑ 1.04% ↑ 3.55% ↑ 3.73%
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Figure 6: Test-time scaling ability of CoV. On
OpenEQA, we evaluate different VLMs and observe
that the performance of all models gradually improves
as the number of action steps increases.

an essential component of our approach.
We further analyze the number of coarse-

selected views K on Qwen3-VL-Flash. As shown
in Table 4, selecting K = 5 views achieves the
best performance, while using fewer views misses
relevant context and using more views introduces
redundant observations.

We also examine whether the gains of CoV can
be explained by view selection alone. In Table 5,
a static VLM equipped with coarse view selection
still performs much worse than CoV, indicating
that informative anchor views are helpful but insuf-
ficient without fine-grained multi-step view search.

Table 3: Ablation study on view selection component.
This table shows the performance comparison between
CoV and CoV without the coarse view selection mecha-
nism across different models. CVS denotes coarse view
selection.

Model CoV(3 Step) CoV w/o CVS

Qwen3-VL-Flash 59.03 57.50
GLM-4.6V 67.20 62.43
GPT-4o-mini 49.60 46.74
Gemini-2.5-Flash 58.80 57.11

Table 4: Ablation study on the number of coarse-
selected views K.

Number of K Scores on OpenEQA
K = 3 48.16
K = 5 59.03
K = 7 52.55

Finally, we test whether simply exposing a static
VLM to the new views generated during CoV ex-
ploration is enough. Results in Table 6 show that
this setting remains clearly below CoV, suggest-
ing that the improvement comes not only from ac-
cessing additional views, but from the sequential
reasoning process that actively gathers and uses
them.

4.6 Qualitative Result

Figure 4 presents a qualitative example illustrating
how CoV selects and reasons over a sequence of in-
formative views. The agent progressively explores
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Table 5: Ablation study on fine-grained view search.

Method Scores on OpenEQA
CoV 59.03
CVS + static VLM 35.77

Table 6: Ablation study on intermediate results obtained
during CoV search.

Method Scores on OpenEQA
CoV 59.03
Static VLM + new views 47.69

the scene, identifying relevant object locations with
high spatial precision and integrating these obser-
vations into its reasoning process. Through multi-
step reasoning, CoV generates answers that are not
only semantically aligned with the question but
also consistent with the spatial layout of the scene.
The predicted answer closely matches the ground
truth, highlighting the agent’s capability to perform
detailed spatial reasoning.

Both qualitative and quantitative analyses
demonstrate the effectiveness of the CoV method.
Through coarse-grained view selection and multi-
step actions, the agent autonomously acquires more
question-relevant information and is able to per-
form complex embodied QA tasks. Additional
qualitative visualization examples are provided
in Section B.

5 Conclusion

In conclusion, our work rethinks embodied ques-
tion answering through the lens of viewpoint-aware
reasoning. By adopting a coarse-to-fine viewpoint
adjustment strategy, the view selection agent and
the CoV agent can acquire question-relevant ob-
servations and address complex spatial reasoning
problems through multi-step reasoning. We fur-
ther examine the test-time scaling capability of the
proposed method and observe that the agent’s per-
formance improves as the number of action steps
increases. Beyond performance gains, our frame-
work represents a conceptual shift—emphasizing
not just what the model sees, but how it sees, re-
members, and reasons. We believe this chain-of-
view prompting framework will open new possibil-
ities for embodied AI systems that must act, adapt,
and explore in complex real-world spaces.

Limitations

While the CoV Prompting approach offers signif-
icant advancements, it is not without limitations.
The coarse-to-fine paradigm may struggle in highly
dynamic or cluttered environments where rapid
context shifts occur, potentially leading to misinter-
pretation of scene elements. Additionally, the effec-
tiveness of CoV relies on the quality and relevance
of the selected views; suboptimal view selection
can impair reasoning accuracy. Another limitation
is that CoV does not currently employ an explicit
stopping condition: the decision to terminate explo-
ration mainly relies on the VLM’s inner reflection
about whether sufficient information has been gath-
ered. While this design preserves flexibility, it may
lead to unstable stopping behaviors or unneces-
sary exploration. Developing advanced view selec-
tion algorithms, adaptive reasoning mechanisms,
and more explicit termination criteria represents a
promising direction for future research.
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You are a helpful assistant that can answer questions 
about 3D scenes.

You will be given images from a 3D scene and a 
question about that scene.

Your goal is to find the answer to the question based on 
the images of the scene.

The question is: {{ question }}
The images will be provide by the user below.

Figure 7: Prompt template for baseline.

Given a question about a 3D scene and a set of available 
images from different camera angles, select  viewpoint 
IDs that provide the best visual evidence to answer the 
question.

- Question: {{ question }}
- Available view IDs: {{ view_ids }}
1. Target Localization: Identify the key objects or 
regions mentioned in the question.
2. View Selection Logic:
   - For Object Properties: Choose close-up views or 
views with the clearest line-of-sight (minimal occlusion).
   - For Spatial Relationships: Choose views or multiple 
views that capture all relevant objects .
   - For Occluded Objects: Choose views from opposing 
angles to "see behind" obstacles.
3. Redundancy Reduction: Avoid selecting multiple 
views that offer nearly identical perspectives; prioritize 
diversity in angles.

Output Format
selected views: A, B, C, ...;
(Note: Replace A, B, C with the actual numeric or string 
IDs from the list)

Figure 8: Prompt template for coarse-grained view se-
lection agent.

A Prompt Templates

The prompt templates used in our experiments are
shown in Figures 7 to 9. For the baseline, we di-
rectly provide all view frames along with the ques-
tion and let the model generate an answer. For
the view selection agent, we input all view frames,
the question, and an index for each frame, and the
model is required to output the IDs of the views
relevant to the question. For the CoV agent, we
input the coarsely selected views and the question,
and the model produces the answer after multi-step
action execution.

Given a question and multiple viewpoints (including a 
bird-eye view), you must actively explore the scene by 
switching views and adjusting the camera to find the 
correct answer.
Y o u  a r e  R E Q U I R E D  t o  e x e c u t e  a t  l e a s t 
{{ min_action_steps }} action steps before answering.

You may perform ONLY ONE action per step.

Available actions:
View switch: switch to view N, switch to bird-eye-view
Movement: forward-movement+N, backward, left, right, 
upward and downward.
Rotation: left-rotation+N, right-rotation+N

Before answering, you MUST enter a verification phase 
and state:
"I'm now verifying my answer by..."
and use camera actions to satisfy any remaining steps.

Output format
done+[your answer]

Question: {{ question }}
Available view IDs: {{ view_ids }}

Figure 9: Prompt template for fine-grained CoV agent.

B Result Visualization

The qualitative results illustrate CoV’s ability to
accurately localize objects, reason about spatial
relationships, and align its predictions with the se-
mantics of the question. Across diverse indoor
scenes—bathroom 10, classroom 11, office 12, and
kitchen 13, CoV consistently identifies relevant de-
tails, even when targets are partially occluded or
distributed across views. These examples demon-
strate CoV’s strength in multi-step, viewpoint-
aware reasoning.
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Question: What is between the sink and another 

sink?

Answer: There is a paper towel dispenser between 

the two sinks. There is also a soap dispenser. 

Question: What is the 

trash made of?

Answer: The trash can is 

made of metal with a 

black plastic liner. 

Question: What can be 

seen besides the black 

paper dispenser?

Answer: Soap 

dispenser and a trash 

can. 

Question: What is the sink mounted on?

Answer: mounted on the wall 

Figure 10: CoV identifies the soap and paper towel dispensers between two sinks and reasons about material and
spatial attributes such as the metal trash can and wall-mounted sink.

Question: Where is the chair 

located on the table?

Answer: Both sides of the table. 

Question: What color is 

the cushion sofa in?

Answer: The cushion sofa 

is brown. 

Question: Where is the 

tall bookshelf located?

Answer: The tall 

bookshelf is located in 

the corner of the room, 

next to the chalkboard. 

Question: What color chair is to the left 

of light colored table under blackboard?

Answer: brown 

Figure 11: CoV accurately localizes furniture such as brown cushion sofas, chairs beside a table, and a tall bookshelf
positioned near the chalkboard, demonstrating spatial alignment and object identification.
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Question: What is placed on a desk?

Answer: There are several items on 

the desk, including a computer 

monitor, a glass, and some bottles. 

Question: What color is 

the couch?

Answer: The couch is 

black. 

Question: What is 

sitting next to the 

computer desk?

Answer: Office chairs. 

Question: On what side of the monitor 

is the shelf located?

Answer: The shelf is located on the 

right side of the monitor. 

Figure 12: Given a desk scene, CoV correctly identifies multiple items on the desk and reasons about their positions,
such as the shelf to the right of the monitor and office chairs nearby.

Question: What color is the 

wooden chair in the kitchen?

Answer: The wooden chair has 

dark brown legs and a lighter 

brown leather seat and backrest. 

Question: The 

refridgerator sits next to a 

pair of what?

Answer: The refrigerator 

sits next to a pair of glass 

doors. 

Question: How many 

chairs face the table?

Answer: 8. 

Question: What color is the armchair?

Answer: The armchair is brown.  

Figure 13: CoV answers layout and appearance questions, including identifying brown-toned wooden chairs, the
refrigerator’s proximity to glass doors, and counting the number of chairs facing the table.
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