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VLM Verifier Output: 
“The answer is D.” 

Think: “The sofa is located towards the right side of the room. To get a clear 
view of it, I need to turn to the right. After that, I should move forward to 

approach the sofa. Finally, I’ll slightly turn to the left to focus on the sofa.”
Action: Rotate right by 54°, Move forward 136 cm, Rotate left by 79°. 

“Choose an object that is present on the sofa.”
A. Bottle   B. Desktop    C. Cloth    D. Book

VLM Verifier Output: “No, the kitchen stove does not appear to be 
on. There are no visible flames, glowing elements, or illuminated 

control panels.” 

Think: “The kitchen stove is likely located to the left of the refrigerator, 
which is not visible in this image. To find it, I need to move towards the 

left side of the frame.”
Action: Rotate left by 64°, Move forward 127 cm, Rotate right by 25°.

“Is the kitchen stove on?”

Input view

Output view
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Figure 1. An overview of our proposed Visually-Grounded Active View Selection (VG-AVS). Given a 3D environment from synthetic
(left) to real scenes (right) and a question, our learning-based active view selection (AVS) framework predicts continuous actions to refine
the agent’s viewpoint. The refined view is then fed into a VLM verifier, which answers the question based on the improved observation.

Abstract

Vision Language Models (VLMs) excel at visual question
answering (VQA) but remain limited to snapshot vision,
reasoning from static images. In contrast, embodied agents
require ambulatory vision, actively moving to obtain more
informative views. We introduce Visually Grounded Ac-
tive View Selection (VG-AVS), a task that selects the most
informative next viewpoint using only the visual informa-
tion in the current image, without relying on scene mem-
ory or external knowledge. To support this task, we con-
struct a synthetic dataset with automatically generated
paired query–target views and question–answer prompts.

*Equal contribution.

We also propose a framework that fine-tunes pretrained
VLMs through supervised fine-tuning (SFT) followed by RL-
based policy optimization. Our approach achieves strong
question answering performance based on viewpoint selec-
tion and generalizes robustly to unseen synthetic and real
scenes. Furthermore, incorporating our learned VG-AVS
framework into existing scene-exploration-based EQA sys-
tems improves downstream question-answering accuracy.

1. Introduction
“We look around, walk up to something interesting
and move around it so as to see it from all sides, and
go from one vista to another. That is natural vision.”

JAMES J. GIBSON [10]
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We are now witnessing the rise of vision language mod-
els (VLMs) that have effectively mastered visual question
answering (VQA), seemingly closing the chapter on this
line of research. What, then, should come next?

To address this question, we revisit the fundamental pur-
pose of the visual perception system. James J. Gibson, one
of the most influential perceptual psychologists of the twen-
tieth century, offered foundational insights through his eco-
logical approach to perception [10]. According to Gibson,
current VLMs operate within what he described as snapshot
vision, the ability to interpret a single static retinal image.
Much of early computer vision research similarly focused
on this static image interpretation. Yet Gibson emphasized
that the real problem of vision in animals extends far be-
yond a fixed view. As he wrote, “natural vision depends on
the eyes in the head on a body supported by the ground”.
Vision in the real world requires looking around and mov-
ing toward objects of interest, an ability he referred to as
ambulatory vision.

In this work, we study active perception for VQA by as-
suming an embodied agent situated in a scene and training
it to select the most informative viewpoint for answering
a question. Unlike prior approaches, which rely on mem-
orized scene representations [32, 42] or external common-
sense knowledge [21, 31], we develop a system that oper-
ates solely on the visual information available in the current
observation. We refer to this task as Visually-Grounded Ac-
tive View Selection (VG-AVS).

Active perception has previously been studied under
the Embodied Question Answering (EQA) framework [6].
EQA typically involves four components: (1) scene ex-
ploration, (2) scene memorization, (3) commonsense rea-
soning, and (4) localization and perception. Most recent
work [21, 31, 32, 42] focuses on exploration, memoriza-
tion, and reasoning, corresponding respectively to planning,
representation learning, and language understanding. The
fourth component—localization and perception—remains
less explored, despite being the core computer-vision chal-
lenge. Our study focuses precisely on this aspect and pro-
vides a concrete setup for learning active visual perception.

Compared with previous efforts, our formulation ad-
vances active perception in three key aspects. (1) We aim
to learn the optimal viewpoint rather than only the agent’s
position in the scene [21, 31]. To achieve this, we consider
the full set of control parameters for a mobile agent: head-
ing rotation, forward translation, and view rotation. (2) We
pursue fine-grained, continuous control of these parameters
instead of coarsely discretizing them into actions such as
turn-left, turn-right or move-forward. [41]. Our model pre-
dicts continuous rotation angles and translation distances,
enabling precise viewpoint adjustment. This formulation
avoids the complex multi-turn navigation settings used in
prior EQA methods [21, 31, 32, 42], which makes learn-

ing continuous, high-resolution control policies feasible.
(3) Most importantly, unlike previous zero-shot EQA meth-
ods [21, 31, 32, 42], we propose a fine-tuning-based active
perception framework and demonstrate its strong general-
ization to unseen environments and diverse question types.

For training, as one of our key contributions, we intro-
duce a curated synthetic dataset, called AVS dataset. Built
on ProcTHOR [7], each sample consists of a rendered query
view and target view. The query view partially includes ob-
jects visible in the target view while omitting others, sim-
ulating incomplete visual observations. A corresponding
question prompt asks about the missing information, requir-
ing the agent to infer the appropriate mobility parameters
needed to reach the target viewpoint.

We fine-tune pretrained VLMs using two complemen-
tary strategies: supervised fine-tuning (SFT) to learn
ground-truth transformations, and reinforcement learning
(RL)-based unsupervised fine-tuning, where the model pre-
dicts mobility parameters at the end of its reasoning pro-
cess without explicit supervision. Combining the two in
a sequential SFT-then-RL scheme first grounds the model
through supervision and then refines it via unsupervised
policy optimization, improving both performance and gen-
eralization.

Our experiments show that our training-based methods
significantly outperform zero-shot approaches in VG-AVS,
confirming the benefit of learning active visual perception
beyond pretrained VLM capabilities. Despite being trained
only on a small-scale synthetic dataset, our method general-
izes to real scenes with diverse question types and can serve
as a plug-and-play component that improves existing EQA
frameworks.

2. Related Work
Active Visual Question Answering. Beyond solving
VQA from static images, several works explore active vi-
sual question answering (Active VQA), where the model
interacts with visual inputs before answering. PixelRea-
soner [35], ToA [18], and Directional Guidance [20] all op-
erate in the 2D image space, performing actions such as
cropping, selecting key frames, or predicting coarse direc-
tions toward regions of interest to obtain more informative
views. However, these methods operate strictly in the 2D
image space with limited action types, remaining confined
to the given frame rather than exploring new viewpoints in
the underlying 3D scene.

MindJourney [41] aims to enhance the spatial reasoning
of VLMs by generating new observations with a generative
model, but its action space is restricted to discrete primi-
tives and actions are selected via beam search rather than
by learning a policy. In contrast, we directly learn a policy
for an active perception system in physically grounded 3D
scenes, operating in a fine-grained, continuous action space.
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Question ! :“Is a laptop present on the dining table?”     Answer " :“yes”

%#$#

Figure 2. Our action sequence (left) and AVS dataset sample
(right). The action controls how the agent adjusts its viewpoint.
On the right, the target object (laptop) is visible only in the target
view, while the query view shows only the supporting object (din-
ing table), which may serve as a visual clue that motivates active
view selection to gather sufficient visual evidence for answering.

Embodied Question Answering. There has been sub-
stantial effort to tackle embodied question answering
(EQA), both in constructing datasets [6, 21, 24] and in de-
signing sophisticated methods [21, 31, 32, 42]. Since EQA
requires multiple abilities, such as large-scale scene explo-
ration, scene memorization, common sense reasoning, and
active perception, prior work has mainly focused either on
efficient scene exploration [21, 31] or on better 3D scene
representations for memory construction [32, 42]. In con-
trast, the crucial link between partial visual observations
and fine-grained view selection, that is, how an agent should
refine its viewpoint based on existing visual clues, remains
underexplored. Our work explicitly targets this computer
vision challenge and can be adopted as a plug-in module
that fills this missing component in EQA, leading to im-
proved overall performance.
Post-Training in VLMs. Motivated by the strong success
of post-training in the LLM literature [5, 27, 28, 33, 38, 39],
many works have focused on post-training vision-language
models (VLMs) [1, 12, 17, 34, 36, 37] to enhance their ca-
pabilities, including spatial understanding [2–4, 22, 23, 40]
and multi-view or 3D understanding [8, 9, 47]. In partic-
ular, GRPO-based reinforcement learning approaches [33,
43, 46] have demonstrated that post-training can improve
model performance by optimizing over the model’s own
reasoning process without requiring additional human an-
notations or explicit supervision. Another line of work fine-
tunes VLMs to endow them with action-oriented decision-
making abilities [13, 15, 16, 19, 45]. However, none of
these works seeks to improve active perception, the abil-
ity to compensate for missing visual evidence in the current
view.
3. Visually-Grounded Active View Selection
We study the problem of learning an active perception sys-
tem that adjusts its egocentric viewpoint to acquire more

informative observations for answering a language query.
Beyond passive answering from static images, our objec-

tive is to cultivate an active perception ability, namely the
capacity to recognize when the current view lacks sufficient
visual evidence, identify informative cues from the current
visual-linguistic context, and actively adjust the viewpoint
to acquire the missing information. Through this process,
the model learns to perform question-driven view selection
in a learning-based manner, ultimately enhancing its visual
grounding and improving VQA performance.

Unlike prior works on Active VQA [18, 20, 22], which
typically define the action space in the 2D image domain
and apply simple visual operators such as cropping or
zooming to focus on salient regions, we consider more spa-
tially grounded scenarios where the agent is situated in a 3D
environment. Our formulation enables the agent to refine its
viewpoint through explicit locomotion and viewpoint rota-
tion, demanding fine-grained control within a substantially
larger action space.

To realize this active perception capability, we introduce
three key components: a dedicated training dataset in Sec-
tion 3.1, a systematically designed framework for contin-
uous active view selection in Section 3.2, and an effective
two-stage training strategy in Section 3.2.3.

3.1. AVS Dataset
To enable such visually-grounded active view selection, it
is essential to construct training data that explicitly supports
this capability. To this end, we curate a dataset, called AVS,
designed to train models that actively adjust their view-
points to gather sufficient visual evidence for answering a
given question.

Each sample in the dataset is represented as a tu-
ple (q, w, stgt, sqry, otgt, oqry), where q denotes the language
query, w its corresponding answer, stgt and sqry indicate the
target and query camera poses, and otgt and oqry are their
corresponding rendered observations.

The target view otgt contains sufficient visual informa-
tion to answer the query, while the query view oqry provides
only partial visual evidence, encouraging the model to ac-
tively adjust its viewpoint to reveal the missing information.
To capture this contextual difference between the two views
within each training sample, we build the AVS dataset using
the ProcTHOR [7] environment, which provides richly an-
notated indoor 3D scenes with instance-level object labels
and explicit surface–object relations, where certain objects
are designated as supporting objects that serve as surfaces
for other assets, such as countertops holding cups or beds
supporting pillows, and these supporting objects could of-
fer visual cues about the unseen target object referred to by
the question.

Below is an overview of our automatic data curation
pipeline. We first select an object of interest and gener-
ate a corresponding question–answer pair (q, w) referring
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to that object. We then sample an answerable target view
otgt and a contextual (query) view oqry. To determine these
views, we leverage the instance labels to render each view-
point together with its instance segmentation mask, which
provides pixel-level visibility information for every object
in the scene.

Let xtgt and xsup denote the target object of interest and
its supporting object, respectively. We use Np(o, x) to rep-
resent the number of pixels in view o that belong to object
x, and c(o, x) to denote the normalized distance between
the projected centroid of x and the image center. We define
three thresholds ϵsup

vis > ϵobj
vis > ϵobj

inv , corresponding to the vis-
ibility thresholds for the supporting and target objects, and
the invisibility threshold for the target object, respectively.
Then, the target and query views are defined as:

otgt ∼ {o | Np(o, xtgt) > ϵobj
vis , c(o, xtgt) < δcenter} (1)

oqry ∼ {o | Np(o, xtgt) < ϵobj
inv, Np(o, xsup) > ϵsup

vis } (2)

where δcenter specifies the maximum allowed distance for
the target to be regarded as centered. Given the selected
target and supporting objects, we construct the correspond-
ing question–answer pair by instantiating a predefined ques-
tion template. The illustration of the dataset example is in
the right of Figure 2, and further implementation details are
provided in the supplementary material.

The resulting training set consists of 1,320 scenes with
1,867 tuple samples focused solely on binary existence
questions.

For evaluation, we construct two additional benchmark
datasets that cover more diverse question types and real in-
door scenes. AVS-ProcTHOR extends beyond the binary
object existence questions used for training to include three
question types: existence, counting, and state. Furthermore,
AVS-HM3D is built from real-world indoor scenes in the
Habitat–Matterport 3D dataset [29]. Details of these bench-
marks are presented in Section 4.

3.2. AVS Framework
As discussed in Section 3, we cast active view selection as
learning a policy that moves the agent from a contextual
viewpoint toward the answerable observation space.

Formally, we model this as a continuous decision-
making problem, where the agent predicts a real-valued ac-
tion that adjusts its egocentric viewpoint to acquire suffi-
cient visual evidence for answering a given question. Let
the state s ∈ S represent the agent’s 3D position and orien-
tation in the 3D environment, and the corresponding obser-
vation o = Ω(s) be the egocentric RGB view obtained from
s by the observation function Ω(·). The policy πθ(·|o, q)
outputs an action a ∈ A, such as rotation angles and trans-
lation distances, that determines how the agent should move
to acquire sufficient visual evidence for answering the lan-
guage query q. Executing a in the environment updates

the state via s′ = T (s, a) and produces a new observa-
tion o′ = Ω(s′). This continuous formulation enables the
agent to directly reach an answerable viewpoint with a sin-
gle fine-grained action, rather than relying on multiple dis-
crete steps, thereby simplifying training from a multi-step
process to a single-step policy optimization. We next detail
the design of our action space below.

Action Space Design. We represent the state s as a triplet
s = (x, y, φ), where (x, y) denotes the agent’s 2D position
and φ is the azimuth orientation. We fix the height and el-
evation angle for simplicity. The action space is parameter-
ized to compactly span all physically executable movements
of the embodied agent using a minimal set of continuous
components, resulting in a triplet a = (φh, d, φv):
• Heading rotation φh ∈ (−180◦, 180◦]: azimuthal turn-

ing angle that determines the moving direction relative to
the agent’s current orientation φ.

• Forward translation d ≥ 0: distance to move forward
along the rotated heading.

• View rotation φv ∈ (−180◦, 180◦]: final azimuthal off-
set of the agent relative to the moving direction, modeling
a fine-grained head turning.

All azimuthal angles follow the same convention, where
positive angles indicate right turns.

The action is performed sequentially: the agent first de-
termines its heading direction by φh, then moves forward by
d along that heading, and finally adjusts its viewing direc-
tion by applying the view rotation φv to the current azimuth
orientation. Accordingly, the state transition is given by:

s′ =

x′

y′

φ′

 = T (s, a) =

x+ d sin(φ+ φh)
y + d cos(φ+ φh)

φ+ φh + φv

 . (3)

Given two states, specifically s′ = stgt and s = sqry, the
ground-truth action atgt that moves the agent from the query
state sqry to the target state stgt can be analytically computed
as follows:

atgt =

φh
tgt

dtgt
φv

tgt

 =

atan2(∆x,∆y)− φ√
(∆x)2 + (∆y)2

φ′ − (φ+ φh
tgt)

 , (4)

where ∆x = x′ − x and ∆y = y′ − y denote the positional
differences. See the left of Figure 2 for an illustration of
action space design.

3.2.1. Supervised Fine-Tuning
Under the problem formulation discussed in Section 3.2, the
most straightforward approach is to adopt a teacher-forcing
objective for learning the policy, where the model is super-
vised to predict the ground-truth action given the input ob-
servation and language query.
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Figure 3. Overview of training strategies. For a given query image oqry and question qact, the action model is trained to predict action to
obtain next view. In SFT, the model is trained to directly predict ground-truth actions from the input. In contrast, under RL, the model first
generates a token sequence that includes its own reasoning process, followed by the final action prediction, and the model is optimized so
that outputs leading to higher rewards become more likely.

Note that such supervised fine-tuning is feasible in our
setup since our synthetic dataset provides access to ground-
truth target views, enabling an analytic computation of the
ground-truth action between paired query and target view-
points. In contrast, existing EQA setups lack such view-
level supervision, as ground-truth actions are difficult to de-
fine or annotate due to long-horizon navigation trajectories.

Specifically, we parameterize the policy with a VLM. To
enable the VLM to predict real-valued actions, we introduce
a function str(·) that maps real-valued numbers to their
string representations. Given an action a = (φh, d, φv),
we convert it into the following formatted string rep-
resentation: v =<H>str(φh)</H> <D>str(d)</D>
<V>str(φv)</V>, where <H>, <D>, and <V> are special
tags to explicitly delimit each scalar component.

Given a tuple (q, w, stgt, sqry, otgt, oqry) sampled from our
AVS dataset, we first compute the ground-truth target action
atgt following Equation 4, which specifies how the agent
should move from the query viewpoint to the target one.
The teacher-forcing objective for SFT is expressed as fol-
lows:

LSFT =

L∑
j=1

log πθ(v
j
tgt | v

<j
tgt , oqry, qact), (5)

where vtgt denotes the string representation of atgt, and qact
is an action-specific instruction expanded from q, which ex-
plicitly prompts the model to predict the action rather than
directly answering the question.

While SFT enables the model to learn which action to
predict from a multimodal context, it confines the VLM to
human-annotated actions.

3.2.2. Reinforcement Learning
Another direction for learning the policy is to employ rein-
forcement learning (RL), which leverages the model’s in-
ternal chain-of-thought reasoning process to arrive at the
final action prediction without explicit supervision. Once
the model generates a token sequence through its reason-
ing process, denoted as v̂ =<think>...</think>
<H>h</H> <D>d</D> <V>v</V>, we denote the exe-
cutable real-valued action parsed from this output as â. The
policy is optimized to maximize rewards computed from the
generated sequence. We employ a verifiable reward rver that
converts each predicted view into a binary feedback sig-
nal, together with a format reward rfmt that encourages the
model to produce a correctly formatted action string.

Concretely, the verifiable reward rver is measured using
a frozen pre-trained VLM vϕ that acts as an external verifier
and checks whether the question can be correctly answered
from the predicted view, defined as:

rver(o, q, w) =

{
1, if vϕ(o, q) = w,

0, otherwise,
(6)

where (q, w) is a question-answer pair and o denotes the
input observation.

Formally, the RL objective maximizes the expected re-
ward over sampled tokens:

max
θ

Ev̂∼πθ(·|oqry,qact)

[
rfmt(v̂) + rver(ô, q, w)] , (7)

where ô = Ω(T (sqry, â)) with â denoting the real-valued
action parsed from the sampled token sequence v̂. We use
Group Relative Policy Optimization (GRPO) [33] for policy
optimization.
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Table 1. Quantitative comparison on our AVS benchmark. We report VQA accuracy on AVS-ProcTHOR and LLM-Match scores on
AVS-HM3D, normalized to a percentage scale. The best except for ‘No Action’ in each column is in bold and second best is underlined.

Action Model AVS-ProcTHOR [7] AVS-HM3D [29]

Existence Counting State Average Existence Counting State Attribute Object Average

Query view 49.22 16.36 61.57 42.38 67.50 56.15 54.59 66.67 48.33 58.65No Action Target view 93.02 69.14 92.58 84.91 86.67 77.50 80.00 74.48 71.79 78.09

Backbone Model Qwen2.5-VL-7B [1] 64.34 29.74 56.55 50.21 66.25 46.15 66.49 49.17 46.86 54.98

Spatial VLMs ViLaSR [40] 57.95 25.46 52.84 45.42 68.33 48.46 52.70 50.00 50.00 53.90
SpatialReasoner [22] 54.65 22.68 52.62 43.32 70.42 50.00 47.30 37.50 40.00 49.04

EQA Framework Fine-EQA [21] 63.57 31.97 64.41 53.32 70.00 52.31 52.70 54.17 44.44 54.72

Proprietary Models GPT-5 [26] 81.01 55.58 79.69 72.09 76.67 54.62 65.95 65.83 60.00 64.91
Gemini-2.5-Pro [11] 82.95 52.79 81.00 72.25 74.17 59.23 60.81 64.17 60.00 63.67

AVS Framework
(Backbone:
Qwen2.5-VL-7B [1])

SFT 91.28 57.06 83.84 77.39 67.50 70.77 62.16 66.67 55.56 64.53
RL 86.82 65.24 83.41 78.49 81.25 70.00 72.97 69.17 60.00 70.68
SFT+RL (Ours) 91.47 69.52 90.17 83.72 74.58 71.54 73.78 70.83 62.78 70.70

3.2.3. Bridging SFT and RL
While SFT enables the model to efficiently learn plausible
actions from visual–linguistic inputs through explicit super-
vision from paired query–target viewpoints in our dataset,
we empirically observe that SFT alone quickly saturates and
provides limited further gains once the basic mapping from
observations to actions is learned.

On the other hand, when the model is trained with RL
from scratch, the resulting policy typically underperforms
the SFT-trained model and is less stable in the continuous
action space, even with carefully designed rewards.

Empirically, we find that combining the two objectives in
a staged manner is crucial: warming up the policy with SFT
provides a good initialization that captures plausible action
magnitudes and directions, and subsequent fine-tuning with
RL brings additional improvements by refining these ac-
tions under task-specific rewards through the model’s own
reasoning process. This two-stage training strategy yields
better performance than using either SFT or RL alone.

4. Experiments
See the supplementary material for training details, ex-
tended comparisons, and cross-dataset generalization.

4.1. Experiments on VG-AVS
Experiment Setups. For evaluation on the Visually-
Grounded Active View Selection (VG-AVS) task, we
use two benchmark datasets: AVS-ProcTHOR and AVS-
HM3D. AVS-ProcTHOR is automatically generated follow-
ing the data curation pipeline introduced in Section 3.1, but
includes more diverse question types than the training set,
covering 516, 538, and 458 samples for existence, counting,
and state, respectively.

AVS-HM3D consists of real indoor scenes constructed
from triplets of (question, answer, ground-truth view) in the
validation split of Fine-EQA [21]. Due to the absence of ob-

ject visibility checks in real scenes, we first generate query
views by randomly perturbing the ground-truth viewpoints
so that the target object becomes invisible, and then manu-
ally collect 208 samples where the query view still provides
sufficient contextual visual clues. AVS-HM3D spans five
question types: existence, counting, state, attribute, and ob-
ject. See the supplementary material for more details on
the data construction.

As evaluation metrics, we report VQA accuracy on AVS-
ProcTHOR, where all questions are in multiple-choice for-
mat so accuracy can be computed directly. For AVS-
HM3D, which consists of open-ended questions, we use
LLM-Match [24], an LLM-based correctness metric where
an LLM assigns a discrete score from 1 to 5 by comparing
the predicted answer with the annotated ground-truth an-
swer. We use Gemini-2.5-Flash [11] for VQA accuracy and
GPT-4 [25] for LLM-Match following prior work [24].

Quantitative Results. We present a quantitative compar-
ison in Table 1. To provide loose reference upper and lower
bounds that reflect the difficulty of the task, we report the
VQA accuracy and LLM-Match scores when the VLM ver-
ifier is directly given the query view and the target view,
respectively. For all action models, we instead first predict
actions and feed the resulting predicted views to the VLM
verifier to compute the metrics.

As shown, open-source models, including Qwen2.5-VL-
7B [1] and recent spatial VLMs such as ViLaSR [40] and
SpatialReasoner [22], all fail to achieve meaningful active
view selection. In contrast, our AVS framework, which
also uses Qwen2.5-VL-7B [1] as its backbone, consistently
outperforms these models by large margins across differ-
ent training strategies. This highlights that off-the-shelf
open VLMs are insufficient to perform informative view-
point changes from partial observations, and that training
on our curated dataset is crucial for acquiring such active
perception ability.
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EQA
Framework

Backbone
Model

Proprietary
Model

Spatial
VLM AVS Framework

Query View Target View Fine-EQA [21] Qwen-2.5-VL [1] Gemini-2.5
-Pro [11] ViLaSR [40] SFT RL SFT+RL (Ours)

(Counting) “How many mugs near the diningtable ?”

✗ ✗ ✗ ✗ ✓ ✓ ✓

(State) “Choose a laptop ’s state on the desk . A: opened. B: closed.”

✗ ✗ ✗ ✗ ✓ ✓ ✓

(Counting) “How many paintings are hanging on the wall near the sofa in the living room?”

✗ ✗ ✓ ✗ ✓ ✓ ✓

(Existence) “Is there a space for my winter coat in the closet in the cloakroom?”

✓ ✗ ✗ ✗ ✓ ✓ ✓

(State) “Is the lamp in the bedroom next to the window turned on?”

✗ ✗ ✗ ✗ ✓ ✓ ✓

Figure 4. Qualitative results in AVS-ProcTHOR (top two rows) and AVS-HM3D (bottom three rows). Blue denotes the object of
interest, and gray denotes surrounding objects that may serve as visual clues for reasoning. ✓ corresponds to correct answers (or LLM-
Match scores = 5), ✗ corresponds to wrong answers (or LLM-Match scores ≤ 2). The red arrow in the final column marks the region of
interest.

In our AVS framework, across different training strate-
gies, all variants outperform other approaches, while the
two-stage training scheme (SFT+RL) yields a further im-
provement of more than 5% in VQA accuracy compared to
either method alone. Moreover, they show strong general-
izability to diverse question types that are not seen during
training, including counting and state questions. Additional
training strategy variants and ablations are provided in the
supplementary material.

Fine-EQA [21], an EQA framework proposed for a task
closely related to ours, performs significantly worse on our
benchmark. This indicates that EQA frameworks aiming for
long-horizon navigation lack fine-grained viewpoint con-
trol, as their policies rely on coarse, discrete actions instead

of continuous, precise adjustments.
When comparing against proprietary models, the ad-

vantage of our learned active perception system becomes
even more pronounced. Despite using only a 7B-parameter
backbone [1], our model surpasses substantially larger pro-
prietary models, including GPT-5 [26] and Gemini-2.5-
Pro [11]. This clearly highlights that active perception for
ambulatory vision requires an explicit training procedure
for precise view refinement, rather than relying solely on
large-scale pretraining.

Beyond the synthetic scenes from ProcTHOR [7], the
results on AVS-HM3D reported in Table 1 clearly demon-
strate that our AVS framework generalizes well to real in-
door environments with diverse question types. Despite be-
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Table 2. Comparison on Fine-EQA benchmark. Each column
reports normalized LLM-Match score for different question types.
Plugging our AVS framework into Fine-EQA improves perfor-
mance. In each coolumn, best in bold, second best underlined.

Method Attr. Count. Exist. Obj. State Loc. Avg.

Fine-EQA [21] 49.23 38.75 67.92 57.41 63.20 41.14 52.94

w/ SFT 59.08 45.00 67.29 56.30 58.40 45.71 55.30
w/ RL 52.00 44.38 69.17 47.41 62.00 42.29 52.87
w/ Ours 53.23 52.50 68.13 55.93 65.40 50.86 57.67

ing trained only on a relatively small-scale synthetic 3D
dataset with binary object existence questions, our approach
outperforms all other baselines by clear margins, achieving
70.70 with SFT+RL compared to 64.91 with GPT-5 [26]
in average score. This shows that a well-curated dataset
that compactly supervises active view selection is sufficient
to enable strong transfer to real-world scenes, even under
shifts in both scene distribution and question format. More-
over, since our AVS module is orthogonal to the choice
of backbone, these gains suggest that even stronger VLMs
could further benefit from being equipped with our learned
active perception system.

Qualitative Results. As shown in Figure 4, when the tar-
get object in the query view is only partially visible or ap-
pears too small, our AVS framework successfully refines
the viewpoint to make the object fully observable and prop-
erly scaled. In the first row, for example, when the dining
table is only partially visible in the query view, our frame-
work moves the agent closer to the table so that all mug
cups become fully observable. In the fourth row, we show
a real indoor scene where the closet is only partially visi-
ble in the query view. Our method adjusts the viewpoint
to fully reveal the closet, enabling the VLM verifier to an-
swer correctly, demonstrating the generalizability of ours to
real-world environments.

4.2. Experiments on EQA
Our AVS framework can naturally serve as a plug-and-play
component to enhance existing EQA pipelines. Since EQA
inherently requires multi-task abilities, prior work [6, 21,
24, 31] has largely underexplored the final step of fine-
grained view refinement once the agent stops near the target,
which is crucial for gathering the visual evidence needed to
answer the question. Our AVS framework directly comple-
ments this stage: it takes the terminal view produced by the
EQA policy, refines the viewpoint, and feeds the refined ob-
servation into the VLM verifier for answering.

As shown in Table 2, this simple plug-in yields clear
LLM-Match improvements over the base Fine-EQA [21]
framework, increasing the average score from 52.94 to
57.67 when combined with our AVS framework trained us-
ing SFT+RL, denoted as (w/ Ours) in the table.

Beyond demonstrating generalization to real scenes in

Fine-EQA [21] w/ SFT w/ RL w/ Ours

“How many washing machines do I have in the laundry room?”

✗ ✓ ✓ ✓

“How many chairs are there at the bar counter in the kitchen?”

✗ ✓ ✓ ✓

“Are there any outdoor seating areas you can see from the living room?”

✗ ✓ ✓ ✓

Figure 5. Qualitative results in the Fine-EQA benchmark [21].
Blue highlights denote object-of-interest. ✓ corresponds to high
scores (= 5) and ✗ corresponds to low LLM-Match scores (≤ 2).
The red arrow in the final column marks the region of interest.

VG-AVS task, this result also shows that our AVS module
transfers well to EQA setups with real-world environments.
This suggests that our method can serve as a complementary
component that strengthens existing EQA frameworks.

As shown in Figure 5, when the final view produced
by the base EQA framework is insufficient for answering
a question, our module successfully identifies the region of
interest and adjusts the viewpoint to obtain a more informa-
tive observation. For example, in the first row, our model
moves the agent inside the room to better capture the laun-
dry room mentioned in the question. Comparing different
training variants, in the second row, SFT and RL produce
views where the left side of the bar counter is only partially
visible, making the chair count less clear, whereas our two-
stage training method moves to a viewpoint where the entire
counter is clearly captured.

5. Conclusion
We advance toward ambulatory vision by reframing VQA
as an active perception problem and introducing Visually
Grounded Active View Selection (VG-AVS). By focusing
on viewpoint selection from a single image and enabling
VLM fine-tuning through a novel synthetic dataset and an
SFT+RL fine-tuning framework, our approach achieves sig-
nificant gains in view-selection-based question answering.
It also generalizes well to unseen scenes and provides mean-
ingful improvements when incorporated into existing scene-
exploration-based EQA pipelines.
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Appendix
A.1. Extended Experiments
A.1.1. Comparison with More Training Variants
As discussed in Section 4.1, we further evaluate three in-
ternal variants for a comprehensive comparison of training
strategies. The quantitative results are summarized in Ta-
ble A3. Below, we detail each variant and its training setup:
• SFT w/ NT Loss [44]: this variant is trained with an aux-

iliary regression-aware loss, called Number Token Loss
(NT Loss) [44], on action magnitudes instead of a cross-
entropy loss. In our setting, this change brings no benefit
over vanilla SFT training.

• SFT (extended): to fairly compare against our two-stage
training, we extend SFT training until convergence (from
7 to 20 epochs) so that the only difference lies in the train-
ing objective. While longer SFT training yields modest
gains, SFT alone still underperforms our two-stage train-
ing (SFT+RL).

• RL w/ rpose: this variant incorporates an additional
distance-based reward inversely proportional to the dis-
crepancy between the predicted and target camera poses
(position and orientation), thereby injecting weak super-
vision of the ground-truth action into RL. Nevertheless,
it still fails to learn meaningful actions without the SFT
warm-up stage, highlighting that a supervised initializa-
tion followed by RL is more effective than relying on
more sophisticated reward designs for RL alone.

A.1.2. More Experiments on EQA
We report additional results on EQA setups using the Open-
EQA [24] dataset in Table A4. We use the same Fine-
EQA [21] configuration as the base EQA pipeline as in Sec-
tion 4.2, and then incorporate our AVS framework on top.
As shown, plugging our AVS framework into this pipeline
improves performance, yielding a 6.8%pt gain in average
LLM-Match score compared to the Fine-EQA baseline.

We also illustrate the integration of our AVS framework
into an existing EQA pipeline in Figure A6.

A.1.3. Cross-Dataset Generalization
To assess whether training on our relatively small-scale
dataset harms the general spatial understanding of the orig-
inal VLM, Qwen2.5-VL-7B [1], we additionally evaluate
our models on the SAT [30] spatial reasoning benchmark,
which comprises several downstream tasks across synthetic
and real-image splits. As shown in Table A5, although our
framework is not explicitly trained for this benchmark, it
generally improves the backbone’s performance, with the
RL-only training strategy being the only variant that slightly
underperforms. These results indicate that training on our
synthetic dataset does not lead to noticeable catastrophic
forgetting and can transfer reasonably well to broader spa-
tial reasoning tasks.

A.1.4. Results with Multi-Turn Actions

We provide additional results with multi-turn action se-
quences in Table A6 and observe that executing multiple ac-
tions does not yield clear performance gains over the single-
step setting.

We conduct these multi-turn experiments with two mod-
els. The first is our main model used in Section 4, which
is trained with query views as input only and denoted as
SFT+RL (Q-only). We also train a variant that takes both
the query and target views as input, denoted as SFT+RL
(Q+T). This SFT+RL (Q+T) model attains accuracy com-
parable to our original SFT+RL (Q-only) model and ex-
hibits more stable performance between single- and multi-
turn rollouts, yet its performance likewise does not improve
in the multi-turn setting.

Overall, these results indicate that our continuous action
design enables the agent to reach an informative viewpoint
within a single turn.

A.2. Training and Experiment Setup Details

Training. We use Qwen2.5-VL-7B [1] as the backbone
VLM, keeping the vision encoder frozen during training.
We train the model with a batch size of 32 for SFT and 128
for RL, running 7 epochs of SFT followed by 5 additional
epochs of GRPO-based reinforcement learning. Following
prior work [44], we set the weight of the Number Token
Loss to 0.3 for the SFT model trained with NT Loss (see
Table A3). The total reward in GRPO is a weighted sum
of a format reward and a verifier reward, with weights 0.3
and 1.0, respectively. We set the KL penalty coefficient β
to 0.04. During GRPO training, we use a separate, frozen
Qwen2.5-VL-7B [1] as the VLM verifier for computing ver-
ifiable reward rver, with a group size of 16. We use learning
rates of 2× 10−5 for SFT and 10−6 for GRPO.

EQA Baseline. In Table 1, for a comparison with an
EQA framework, we employ the state-of-the-art Fine-EQA
approach [21]. This framework includes both a frontier-
based exploration strategy, which simply aims to visit un-
seen regions, and a goal-oriented exploration (GOE) strat-
egy, which guides the agent toward semantically infor-
mative areas given the current observation and language
query. We adopt the GOE strategy so that the frame-
work can actively adjust its viewpoint based on contex-
tual cues, aligning it with our Visually-Grounded Active
View Selection (VG-AVS) task. Following Fine-EQA [21],
we use prism-dinosiglip+7b introduced in Prismatic
VLMs [14] as the VLM backbone and replace the older
GPT-4 models with the GPT-5 family [26] for region pri-
oritization and exploration termination decisions.
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Question: “Is there a painting on the right wall near the hallway?”

Exploration Fine-EQA [21] w/ SFT

✗ ✓

w/ RL w/ SFT + RL (Ours)

✓ ✓

Figure A6. Illustration of integrating our AVS framework into an EQA pipeline. On the left, the yellow line represents the exploration
path of the EQA pipeline, the blue arrow the final viewpoint refinement by our model, and the red circle the region of interest given the
question. On the right, we show the views obtained by each method, where ✓ denotes a correct view with a high LLM-Match score
(= 5) and ✗ an incorrect view with a low score (≤ 2). Given the question about the painting , our AVS framework effectively refines
the viewpoint such that the final predicted view reveals the painting on the wall. This demonstrates that the training-free EQA pipeline
lacks query-conditioned final viewpoint refinement, whereas our learning-based method can minimally adjust the viewpoint to obtain an
answerable view.

Table A3. Quantitative comparison on internal baselines. We report VQA accuracy on AVS-ProcTHOR and LLM-Match scores on
AVS-HM3D, normalized to a percentage scale. The best in each column is in bold and second best is underlined.

AVS Framework AVS-ProcTHOR AVS-HM3D

Existence Counting State Average Existence Counting State Attribute Object Average

SFT 91.28 57.06 83.84 77.39 67.50 70.77 62.16 66.67 55.56 64.53
SFT (Extended) 91.28 61.52 85.59 79.46 76.67 67.69 68.92 73.33 55.56 68.43
SFT w/ NT Loss [44] 81.59 60.41 77.51 73.17 77.08 70.00 63.24 60.83 63.89 67.01
RL 86.82 65.24 83.41 78.49 81.25 70.00 72.97 69.17 60.00 70.68
RL w/ rpose 86.05 61.52 83.41 76.99 78.33 66.92 72.43 70.83 58.89 69.48
SFT+RL (Ours) 91.47 69.52 90.17 83.72 74.58 71.54 73.78 70.83 62.78 70.70

Table A4. Comparison on Open-EQA benchmark. Each column reports normalized LLM-Match scores for different question types.
Plugging our AVS framework into an exiting EQA pipeline [21] improves performance. Best in bold, second best underlined.

Method Object
Recognition

Spatial
Understanding

Object State
Recognition

Attribute
Recognition

Object
Localization

Functional
Reasoning

Average

Fine-EQA [21] 40.00 45.26 51.11 52.73 41.71 48.24 46.51

w/ SFT 44.80 42.11 60.00 43.64 35.43 45.88 45.31
w/ RL 41.60 46.32 55.56 43.03 35.43 48.24 45.03
w/ SFT+RL (Ours) 52.80 65.20 61.40 58.20 36.60 46.20 53.40

A.3. More Details on Dataset Curation
We provide additional details on the data curation procedure
briefly introduced in Sections 3.1 and 4.1. We first describe
the AVS dataset and AVS-ProcTHOR, both curated with
ProcTHOR [7] 3D scenes, and then present AVS-HM3D,
which is constructed from real indoor scenes in Habitat-

Matterport3D [29].

A.3.1. AVS Dataset and AVS-ProcTHOR

Both of our synthetic datasets are constructed using the
same fully automatic curation pipeline on ProcTHOR [7]
3D scenes, as introduced in Section 3.1. The AVS dataset is
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Table A5. Results on SAT benchmark. We report performance
both for synthetic and real splits. For each row, the best is in bold
and the second best is underlined.

Scene Type Backbone AVS Framework

Qwen2.5-VL-7B [1] SFT RL SFT + RL (Ours)

Synthetic 59.11 69.33 57.31 69.33
Real 60.00 67.33 57.33 77.33

Table A6. Quantitative comparison with multi-turn actions. We
report VQA accuracy on AVS-ProcTHOR. The best in each column
is in bold and second best is underlined.

Training
Variants

Action
Steps

AVS-ProcTHOR

Existence Counting State Average

SFT+RL
(Q-only)

1 91.47 69.52 90.17 83.72
2 87.60 61.52 87.55 78.89

SFT+RL
(Q+T)

1 90.50 68.22 90.39 83.04
2 90.50 68.22 90.17 82.96

used for training, whereas AVS-ProcTHOR is reserved for
evaluation. They share identical scene configurations; the
only difference lies in the question types.

The AVS training dataset consists exclusively of binary
object–existence questions of the form “Is there a target ob-
ject on the supporting object?”, where the correct answer is
always “yes”. In every sample, the target object mentioned
in the question is guaranteed to exist on the specified sup-
porting object, so that selecting a viewpoint that clearly re-
veals the object consistently yields a positive reward from
the frozen VLM verifier, while uninformative viewpoints
yield zero reward. This design aligns the verifier’s feedback
directly with the quality of view selection during RL train-
ing.

In contrast, AVS-ProcTHOR employs more diverse
question types for a more comprehensive evaluation: Exis-
tence, Counting, and State. Existence questions ask whether
the target object is on the supporting object, counting ques-
tions ask how many instances of the target object are on that
supporting object, and state questions query the state of the
target object. For the Existence category, we additionally
cast questions into a multiple-choice format to make ran-
dom guessing less likely to succeed.

Building upon the notations introduced in Section 3.1,
the overall curation pipeline consists of three stages:

Stage 1: Scene Modification by Question Type. Given a
data sample, we first select a pair of a supporting object and
a target object placed on it using ProcTHOR scene meta-
data, and modify the scene if needed to make it suitable for
the specified question type.

The scene modification rules for each question type are
as follows:
• Existence. No scene modification done.
• Counting. Place between two and five instances of the

target object on or near the supporting object.
• State. Choose a target object with a controllable state

(e.g., Faucet with on/off, Book with open/closed, Mug
with filled/empty) and randomly assign one of its possi-
ble states.

Stage 2: Viewpoint Sampling. To obtain a target
camera pose stgt, we leverage the built-in function in
ProcTHOR, which returns a set of agent poses (posi-
tions and orientations) from which a specified object is
both visible and interactable. Specifically, we call the
GetInteractablePoses() built-in function on the
supporting object to retrieve a list of nearby camera poses
that can effectively observe it. We then sort these candidate
poses by their distance to the supporting object, select the
top 10 closest poses. We then randomly sample one pose
from this subset and use it as the target camera pose stgt,
provided that it satisfies the rule described in Equation 1.

Once stgt is determined, we generate candidate query
poses sqry by applying actions that move the agent slightly
away from the target view. Specifically, we randomly
sample 10 actions, parameterized as in Section 3.2, each
consisting of a heading rotation in [−45◦, 45◦], a forward
translation in [50, 150] (centimeter), and a view rotation in
[−45◦,−15◦] ∪ [15◦, 45◦], where the forward translation is
applied in the opposite direction so that the agent moves
backward from the target viewpoint. Among the resulting
candidates, we randomly select one query pose that satisfies
the rule described in Equation 2.

In Equations 1 and 2, we set ϵsup
vis = 5,000, ϵobj

vis = 10,000,
and ϵobj

inv = 30, with a 90◦ field of view, and the image reso-
lution is 512× 512. We use the default camera height of 90
centimeters and the default camera elevation angle of 15◦

downward in ProcTHOR [7].

Stage 3: Question–Answer Generation and Filtering.
Given the selected target/supporting objects and their rela-
tion in the scene, we instantiate rule-based question tem-
plates for each question type.

For every data sample tuple, we retain only the samples
for which the VLM verifier answers the question correctly
given the target view otgt.

A.3.2. AVS-HM3D
As discussed in Section 4.1, we construct an additional
benchmark, AVS-HM3D, on real indoor environments from
Habitat-Matterport3D [29] to assess the generalization of
our method beyond the synthetic ProcTHOR scenes used
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for training. We reuse triplets of (question, answer, ground-
truth view) from the validation split of the Fine-EQA
dataset [21], where the ground-truth view is the human-
annotated frame from which the question–answer pair is
derived. Among its seven question types, we discard those
that rely on external world knowledge or holistic layout pri-
ors and retain five locally grounded types: Attribute, Count-
ing, Existence, Object, and State. Given the ground-truth
view, we then sample five candidate query views by ap-
plying small actions that move the agent away from the
ground-truth view, following the same procedure as in the
ProcTHOR setup. Due to the absence of scene metadata
(e.g., object visibility and object relations) in real scenes,
we manually select for each triplet, the query view that of-
fers partial visual evidence—sufficient to guide the agent
toward the ground-truth view, yet insufficient to directly an-
swer the question. Using a GPT-5 model [26], we filter
out low-quality items, such as cases where the question is
not solvable from the ground-truth view or the ground-truth
view has poor visual quality. The resulting curated bench-
mark comprises 208 samples.

A.4. Prompts
We present our input prompts in Figure A7, including the
action prompt that enforces the VLM to predict action pa-
rameters and the format prompt that specifies the desired
output structure. In the action prompt, VQA question is a
placeholder that is replaced by the actual question about the
scene. When training purely with RL, we adopt a “think-
then-act” format, whereas during SFT the model is only
supervised to directly predict the action parameters with-
out any reasoning traces. Directly switching an SFT-trained
model to the think-then-act format often causes a degen-
erate behavior where the model outputs the action first and
then hallucinates a post-hoc “thinking” process. To mitigate
this mismatch, we redesign the RL output format so that the
model first makes an initial action guess, then reasons to
refine it, and finally outputs a revised action, which encour-
ages a smooth transition from direct prediction to genuine
reason-before-acting behavior.

A.5. More Qualitative Comparisons
We provide more qualitative comparison results of Visually-
Grounded Active View Selection in Figure A8.
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Action Prompt:
You are an embodied agent navigating a 3D scene from an egocentric camera. Given the
current image and a question about the scene, predict the optimal NEXT action parameters
to reach a better viewpoint.
Action parameters (return integers only):
1) Heading rotation (deg) in (-180, 180]: Azimuth yaw about your vertical axis BEFORE
moving. Positive = clockwise/right, negative = counterclockwise/left, 0 = no rotation.
2) Forward distance (cm) >= 0: Move forward in the NEW facing direction after the
rotation. 0 = no move.
3) View rotation (deg) in (-180, 180]: Final azimuth adjustment AFTER moving, relative
to your post-move heading. Same sign convention as rotation.

Goal: Choose a heading rotation angle, moving forward distance, final-viewing rotation
angle that maximizes visibility of task-relevant objects and minimizes occlusion.
Example: Rotating -90 degrees, moving forward 50 cm, then rotating 90 degrees is
equivalent to translating 50 cm to your left while keeping the original heading.
Question: "{VQA question}"
DO NOT answer the question; ONLY predict the next action parameters.

RL Format Prompt:
First output the reasoning process in <think> </think> tags. Then, output the final
predictions in <head> </head>, <fwd> </fwd>, <view> </view> tags in order.
The text between <head> and </head> must be the angle in degrees (-180, 180], <fwd>
and </fwd> must be the nonnegative forward distance, and <view> and </view> must be the
final viewing angle in degrees (-180, 180].
Each must be exactly one integer number (no units, no extra text).
In the reasoning process, explicitly reason about (1) how much to rotate to determine
the moving direction, (2) how far to move forward to approach, (3) how much to further
adjust your azimuth angle from your moving direction for the best view.

SFT-then-RL Format Prompt:
First, output your initial guess for the action parameter values.
Then, think carefully to refine your initial guess for each action parameter.
After output initial guess for the action parameters, output your reasoning process
within <think> </think> tags, and then provide the final guess within <head> </head>,
<fwd> </fwd>, and <view> </view> tags, respectively.
The text between <head> and </head> must be the rotation angle in degrees in the range
(-180, 180]; the text between <fwd> and </fwd> must be the nonnegative forward distance;
and the text between <view> and </view> must be the final viewing angle in degrees in
the range (-180, 180].
Each must be exactly one integer (no units, no extra text). In the reasoning process,
explicitly reason about (1) how much to rotate to determine the moving direction, (2)
how far to move forward to approach, (3) how much to further adjust your azimuth angle
from your moving direction for the best view.

For example:
<head> INITIAL GUESS </head> <fwd> INITIAL GUESS </fwd> <view> INITIAL GUESS </view>
<think> REASONING PROCESS </think>
<head> FINAL GUESS </head> <fwd> FINAL GUESS </fwd> <view> FINAL GUESS </view>

Figure A7. Input System Prompts. The action prompt provides the task context and action parameterization explanation, while the format
prompt specifies the required reasoning trace and output tag structure.
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EQA
Framework

Backbone
Model

Proprietary
Model

Spatial
VLM AVS Framework

Query View Target View Fine-EQA [21] Qwen-2.5-VL [1] GPT-5 [26] Spatial
Reasoner [22] SFT RL SFT+RL (Ours)

(Counting) “How many pans near the bed ?”

✗ ✗ ✗ ✗ ✓ ✓ ✓

(Counting) “How many pots are there on the desk ?”

✗ ✗ ✗ ✗ ✓ ✓ ✓

(State) “Choose the state of the book on the drawer . A: opened B: closed”

✗ ✗ ✓ ✗ ✓ ✓ ✓

(State) “Choose the state of the box on the dining table . A: closed B: opened”

✗ ✗ ✗ ✗ ✓ ✓ ✓

(Existence) “Is there a plant on the small table in the sitting area in the study?”

✗ ✗ ✗ ✗ ✓ ✓ ✓

(Counting) “How many paintings are hanging in the entryway? ”

✗ ✗ ✗ ✗ ✓ ✓ ✓

(State) “Is the light in the bedroom currently on?”

✗ ✗ ✗ ✗ ✓ ✓ ✓

(State) “Did I hung up the paintings in the hallway ?”

✗ ✗ ✗ ✗ ✓ ✓ ✓

Figure A8. More qualitative results on AVS-ProcTHOR (top four rows) and AVS-HM3D (bottom four rows). Blue and gray
mark the object of interest and surrounding cue objects, respectively. ✓ denotes correct answers (LLM-Match = 5), ✗ incorrect ones
(LLM-Match ≤ 2). 16



A.6. Qualitative Examples of AVS Framework Reasoning
In the following, we present qualitative examples illustrating how our AVS framework reasons from the query view to predict
the desired action parameters.

Table A7. Qualitative example illustrating the model’s reasoning process and executed actions in AVS-ProcTHOR. Given the input
view (left), the model identifies partially observable visual cues and infers the appropriate action needed to complete the missing context.
The predicted action sequence (<head>, <fwd>, <view>) is then executed, producing the output view (right), from which the verifier
successfully answers.

Input View Output View Input View Output View

<think> The	task	is	to	find	an	object	on	the	bed.	To	do	this,	I	need	to	
exit	the	room	by	opening	the	door	and	then	proceed	to	the	bedroom.	The	

door	is	slightly	ajar,	so	I	can	see	part	of	the	adjacent	room.	The	bedroom	
is	located	to	the	right	of	the	current	room,	which	means	I	should	turn	
right.	After	exiting	the	room,	I	will	be	able	to	see	the	bed	and	search	

for	the	object	there. <think>	
<head>73</head>	<fwd>145</fwd>	<view>-49</view>

Choose	an	object	that	is	present	on	the	bed:	
A.	bottle		B.	teddy	bear		C.	pen		D.	towel

<think> The	task	is	to	find	an	object	on	the	dresser.	To	do	this,	I	need	
to	move	towards	the	dresser.	The	dresser	is	located	to	the	left	of	the	
door,	so	I	should	turn	left	and	walk	forward.	Once	there,	I	can	look	

around	to	see	if	any	of	the	objects	on	the	dresser	are	visible.	<think>	
<head>-64</head>	<fwd>79</fwd>	<view>21</view>

Choose	an	object	that	is	present	on	the	dresser:
A.	vase		B.	potato		C.	apple		D.	faucet

<think> I	need	to	move	towards	the	right	side	of	the	room	where	the	TV	
stand	is	located.	By	rotating	76	degrees	to	the	right,	I	can	face	the	
direction	of	the	TV	stand.	Then,	by	moving	forward	125	units,	I	will	be	

closer	to	the	TV	stand.	Finally	I'll	turn	-44	degrees	to	the	left	to	face	
the	TV	stand	directly.	<think>	

<head>76</head>	<fwd>125</fwd>	<view>-44</view>

How	many	bottles	near	the	TV	stand?

<think> The	TV	stand	is	located	to	the	upper	left	in	the	image.	To	see	it,	
I	need	to	turn	my	head	to	the	left.	After	that,	I	should	move	forward	

until	I	can	see	the	TV	stand	clearly.	Once	I'm	close	enough,	I'll	turn	my	
head	slightly	to	the	right	to	focus	on	the	mugs.	<think>	

<head>-54</head>	<fwd>145</fwd>	<view>36</view>

How	many	mugs	are	there	on	the	TV	stand?
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Input View Output View Input View Output View

<think> The	faucet	is	on	the	left	side	of	the	sink,	so	I	need	to	move	
towards	it.	The	angle	needed	to	get	there	is	-57	degrees,	which	means	I	
should	turn	left.	After	reaching	the	sink,	I'll	need	to	adjust	my	view	
slightly	to	the	right	by	26	degrees	to	see	the	faucet	clearly.	<think>	

<head>-57</head>	<fwd>134</fwd>	<view>26</view>

Choose	a	faucet's	state	on	the	sink.	
A:	turned	off.		B:	turned	on.

<think> The	table	is	on	the	left	side	of	the	image.	To	see	the	table,	I	
need	to	turn	to	the	left.	Then,	I	can	move	forward	to	get	closer	to	the	
table.	Finally,	I	will	turn	slightly	to	the	right	to	face	the	table.	

<think>	
<head>-67</head>	<fwd>55</fwd>	<view>24</view>

Choose	a	box's	state	on	the	dining	table.	
A:	closed.		B:	opened.

<think> The	goal	is	to	find	an	object	on	the	dresser.	The	dresser	is	
located	to	the	right	of	the	current	position,	so	I	need	to	move	towards	it.	
The	rotation	value	of	64	indicates	a	right	turn,	and	the	forward	distance	

of	125	moves	me	closer	to	the	dresser.	The	final	look	value	of	-38	
suggests	a	slight	left	turn	to	align	with	the	dresser.	<think>	

<head>64</head>	<fwd>125</fwd>	<view>-38</view>

Choose	an	object	that	is	present	on	the	dresser:
A.	mirror		B.	CD		C.	pen		D.	coffee	machine

<think> The	task	is	to	find	an	object	on	the	dresser.	The	dresser	is	
located	to	the	right	of	the	room,	which	can	be	seen	by	looking	towards	the	
right.	To	reach	it,	I	need	to	turn	76	degrees	to	the	right,	walk	90	units,	

and	then	look	-34	degrees	to	the	left	to	face	the	dresser.	<think>	
<head>76</head>	<fwd>90</fwd>	<view>-34</view>

Choose	an	object	that	is	present	on	the	dresser:
A.	fork		B.	tissue	box		C.	cloth		D.	wine	bottle

<think> The	toilet	is	on	the	left	side	of	the	image,	and	it	is	necessary	
to	move	towards	it	to	see	its	state.	By	rotating	-64	degrees,	we	can	face	

the	toilet,	and	by	moving	forward	79	units,	we	can	get	closer	to	it.
Finally,	by	looking	at	35 degrees,	we	can	focus	on	the	toilet's	state.

<think>	
<head>-64</head>	<fwd>79</fwd>	<view>35</view>

Choose	a	paper towel	roll's	state	on	the	toilet.	
A:	used	up.	B:	unused.

<think> I	need	to	move	towards	the	table	on	the	left.	By	rotating	-47	
degrees,	I	can	face	the	direction	of	the	table.	Then,	by	moving	forward	
145	units,	I	will	get	closer	to	the	table.	Finally,	by	adjusting	my	view	

with	33	degrees,	I	will	have	a	clear	view	of	the	table. <think>	
<head>-47</head>	<fwd>145</fwd>	<view>33</view>

Choose	a	desk lamp's	state	on	the	dining table.
A:	turned	off.	B:	turned	on.
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Table A8. Qualitative example illustrating the model’s reasoning process and executed actions in AVS-HM3D. Given the input
view (left), the model identifies partially observable visual cues and infers the appropriate action needed to complete the missing context.
The predicted action sequence (<head>, <fwd>, <view>) is then executed, producing the output view (right), from which the verifier
successfully answers.

Input View Output View Input View Output View

<think> The	table	on	the	right	side	of	the	image	is	the	dining	table.	The	
table	is	not	fully	visible,	but	the	top	right	corner	of	the	image	shows	

part	of	it.	To	see	the	table,	I	need	to	turn	to	the	right	and	move	forward.	
<think>	

<head>94</head>	<fwd>75</fwd>	<view>-51</view>

Is	there	a	vase	on	the	dining	table	for	the	flowers?

<think> The	refrigerator	is	on	the	left	side	of	the	image.	To	see	it,	I	
need	to	turn	left	and	move	forward.	<think>	

<head>-64</head>	<fwd>127</fwd>	<view>21</view>

Did	I	leave	the	refrigerator	door	open	in	the	kitchen?

<think> The	sizable	pot	is	located	at	the	entrance,	which	is	on	the	right	
side.	To	see	it,	I	need	to	turn	to	the	right	and	move	towards	the	door.	

<think>	
<head>64</head>	<fwd>79</fwd>	<view>-35</view>

Can	you	describe	the	hue	of	the	sizable	pot	situated	adjacent	to	the	
entrance?

<think> The	closet	is	on	the	right	side,	so	I	need	to	turn	right	and	walk	
forward	to	get	there.	<think>	

<head>46</head>	<fwd>127</fwd>	<view>-17</view>

Are	there	any	suit	jackets	hanging	in	the	closet?

<think> The	door	on	the	right	side	of	the	image	is	the	one	next	to	the	
stairs.	I	need	to	move	towards	it	to	see	if	there	are	any	decorative	items	

hanging	from	the	door	handle.	<think>	
<head>64</head>	<fwd>125</fwd>	<view>-42</view>

How	many	decorative	items	are	hanging	from	the	door	handle	next	to	the	
stairs?

<think> The	framed	picture	is	on	the	wall	behind	the	piano.	I	need	to	move	
towards	the	piano	to	see	it	clearly. <think>	

<head>-64</head>	<fwd>145</fwd>	<view>33</view>

How	many	framed	pictures	are	hanging	on	the	wall	near	the	piano?
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Input View Output View Input View Output View

<think> The	dining	table	is	located	towards	the	right	side	of	the	room,	
and	there	are	chairs	visible	on	both	sides	of	it.	To	see	the	entire	table	

and	the	chairs,	I	need	to	move	towards	the	right. <think>	
<head>67</head>	<fwd>125</fwd>	<view>-29</view>

If	I	have	six	quests	for	dinner,	how	many	chairs	are	available	at	the	
dining	table?

<think> The	lamp	is	on	the	left	side	of	the	bed.	I	need	to	move	towards	it	
by	turning	left	and	then	moving	forward.	After	reaching	the	lamp,	I	will	

turn	right	slightly	to	face	it	directly.	<think>	
<head>-64</head>	<fwd>125</fwd>	<view>33</view>

What	is	the	small	lamp	next	to	the	bed	used	for?

<think> The	plant	is	located	on	the	far	right	side	of	the	room,	which	is	
currently	out	of	view.	To	see	it,	I	need	to	turn	right	and	move	forward.	

This	will	allow	me	to	see	the	plant	and	its	lamp	shade.	<think>	
<head>67</head>	<fwd>125</fwd>	<view>-24</view>

What	is	the	color	of	the	lamp	shade	next	to	the	plant?

<think> The	dining	table	is	located	in	the	area	behind	the	sofa,	which	can	
be	seen	by	looking	towards	the	left.	<think>	

<head>-54</head>	<fwd>167</fwd>	<view>23</view>

Is	the	dining	table	set	for	dinner?

20



Table A9. Qualitative example illustrating the model’s reasoning process and executed actions in Fine-EQA [21]. Fine-EQA first
performs its own exploration and provides an observation (left). Based on it, our model identifies visual cues that are insufficient for
answering and reasons that an additional action is required to complete the missing context. The model then predicts an action sequence
(<head>, <fwd>, <view>), executes it, and obtains the updated view (right), from which the verifier successfully answers the question.

Final View of Fine-EQA [21] Refined View by Ours Final View of Fine-EQA [21] Refined View by Ours

<think> The	kitchen	area	is	located	on	the	left	side	of	the	hallway.	To	
get	a	clear	view	of	the	kitchen,	I	need	to	turn	left	and	walk	forward.	
This	will	allow	me	to	see	the	bar	counter	and	the	chairs	around	it.	

<think>	
<head>-64</head>	<fwd>145</fwd>	<view>33</view>

How	many	chairs	are	there	at	the	bar	counter	in	the	kitchen?

<think> The	curtains	are	on	the	right	side	of	the	image,	so	I	need	to	turn	
right	and	move	forward	to	see	them.	<think>	

<head>76</head>	<fwd>103</fwd>	<view>-34</view>

Are	the	curtains	in	the	living	room	closed?

<think> The	door	is	on	the	left	side	of	the	image,	so	I	need	to	turn	left	
to	face	it.	Then,	I	can	move	forward	to	get	closer	to	the	door.	Finally,	

I'll	slightly	turn	right	to	center	the	door	in	my	view.	<think>	
<head>-74</head>	<fwd>90</fwd>	<view>32</view>

Can	you	check	if	the	welcome	mat	is	still	in	front	of	the	door	in	the	
hallway?

<think> The	television	is	likely	in	the	living	room,	which	is	to	the	left.	
To	get	there,	I	need	to	tum	left	and	walk	forward. <think>	

<head>-76</head>	<fwd>125</fwd>	<view>42</view>

Did	I	leave	the	television	on	in	the	living	room?
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