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Abstract. Visual search in 3D environments requires embodied agents
to actively explore their surroundings and acquire task-relevant evidence.
However, existing visual search and embodied AI benchmarks, includ-
ing EQA, typically rely on static observations or constrained egocen-
tric motion, and thus do not explicitly evaluate fine-grained viewpoint-
dependent phenomena that arise under unrestricted 5-DoF viewpoint
control, such as disambiguating object attributes observable only from
specific angles. To address this limitation, we introduce E3VS-Bench,
a benchmark for embodied 3D visual search where agents must control
their viewpoints in 5-DoF to gather viewpoint-dependent evidence for
question answering. E3VS-Bench consists of 99 high-fidelity 3D scenes
reconstructed using 3D Gaussian Splatting and 2,014 question-driven
episodes. 3D Gaussian Splatting enables photorealistic free-viewpoint
rendering that preserves fine-grained visual details (e.g., small text and
subtle attributes) often degraded in mesh-based simulators, thereby al-
lowing the construction of questions that cannot be answered from a
single view and instead require active inspection across viewpoints in
5-DoF. We evaluate multiple state-of-the-art VLMs and compare their
performance with humans. Despite strong 2D reasoning ability, all mod-
els exhibit a substantial gap from humans, highlighting limitations in
active perception and coherent viewpoint planning specifically under full
5-DoF viewpoint changes. The benchmark, code, and dataset are publicly
available at https://k0uya.github.io/e3vs-proj/.

1 Introduction

Active perception refers to an agent’s ability to actively control its sensory ap-
paratus to acquire task-relevant information, rather than passively receiving ob-
servations [1]. In modern embodied AI, it enables agents to selectively gather

https://k0uya.github.io/e3vs-proj/
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Question: Where is the production area of the eggs?

2D Visual Search 3D Visual Search

Answer: From British.Answer: Cannot Answer 
because the label is not visible.

Fig. 1. Overview of the proposed Embodied 3D Visual Search (E3VS) task. Unlike 2D
visual search, E3VS requires an agent to actively control its 5-DoF viewpoint to resolve
occlusions and acquire fine-grained visual evidence, such as the production area label
on an egg carton.

task-relevant information by controlling their viewpoints and exploring the en-
vironment [12]. Such active control is essential for understanding 3D structure
and for acquiring information that cannot be obtained from a single static obser-
vation. However, existing benchmarks and agents remain largely constrained to
two-dimensional behaviors [26,35], and therefore do not fully capture or evaluate
these capabilities in real-world 3D environments.

Visual search has long been studied in psychology and neuroscience as the
process of locating targets through goal-directed and saliency-driven attention [33,
36, 37]. Inspired by these studies, recent computer vision works have explored
visual search using multimodal models [20,38,44]. However, their evaluation re-
mains confined to static 2D observations and cannot capture spatial reasoning
challenges in real 3D environments, such as occlusions, geometric relations, and
depth ambiguity. Within embodied AI, Embodied Question Answering (EQA)
requires an agent to navigate a 3D environment to gather visual evidence and
answer a question [11,31]. However, most existing EQA settings treat the agent
as a 2D moving camera restricted to planar navigation and limited rotation, and
thus do not evaluate the viewpoint control required for realistic 3D perception.
In real-world environments, a target may be visible from the initial viewpoint,
yet its identifying attributes, such as labels or fine-grained text, remain unread-
able without actively adjusting the viewpoint. This type of viewpoint-dependent
evidence remains largely unexplored in existing benchmarks.

While recent tasks such as Aerial VLN [19, 22] extend navigation into 3D
space, their primary focus is large-scale trajectory following toward distant goals.
They do not evaluate the fine-grained viewpoint control required for active in-
spection. In these situations, the ability to manipulate the 5-DoF viewpoint itself
becomes the key to revealing hidden information.

To address this gap, we introduce E3VS-Bench, a benchmark for Embodied
3D Visual Search (E3VS), where agents must actively control their viewpoints
in 3D space with full 5-DoF to acquire task-relevant visual evidence for ques-
tion answering. The benchmark contains 99 high-fidelity reconstructed scenes
and 2,014 question-driven episodes. E3VS-Bench is built upon publicly available
scenes reconstructed using 3D Gaussian Splatting (3DGS) [16]. 3DGS enables
photorealistic free-viewpoint rendering that preserves subtle details, such as fine-
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grained text and brand logos, often degraded in mesh-based representations. This
fidelity makes it possible to define viewpoint-dependent questions that cannot
be answered from a single observation and require active viewpoint exploration.

To ensure that benchmark performance reflects genuine exploration ability
rather than prior knowledge or favorable initial viewpoints, we introduce a rigor-
ous episode filtering pipeline based on a VLM-as-a-judge framework. This process
removes episodes that can be solved without meaningful viewpoint transitions.

Our main contributions are summarized as follows:

– We study E3VS, a setting where agents must acquire task-relevant visual
evidence through 5-DoF viewpoint control.

– We present E3VS-Bench, a benchmark built on 99 photorealistic 3D Gaus-
sian Splatting scenes, with 2,014 human-annotated episodes for evaluating
viewpoint-dependent reasoning and active perception in 3D environments.

– We conduct a comprehensive evaluation of state-of-the-art VLMs and reveal
that current models struggle with active viewpoint planning and exploration
despite strong performance on conventional 2D reasoning tasks.

2 Related Work

Visual Search. Classical visual search studies in psychology and neuroscience [33,
36, 37] investigate how humans locate target objects among distractors through
goal-directed and saliency-driven attention. Inspired by these findings, recent
computer vision studies have explored visual search using deep and multimodal
models [20,32,38,45], employing mechanisms such as curiosity-driven reinforce-
ment learning in pixel space (Pixel Reasoner [32]), dynamic focus (SEAL [38],
DyFo [20]), and reinforcement-based fine-tuning (Thyme [45]). To evaluate such
capabilities, several benchmarks have been proposed, including Mini-O3 [18],
H*Bench [44], and O3-Bench [21]. Mini-O3 collects challenging visual search
problems requiring exploratory reasoning, while H*Bench simulates pseudo-actions
such as turn_left and turn_right using panoramic images. O3-Bench requires
models to reference multiple image regions during reasoning. These environ-
ments, however, remain limited to static 2D imagery and cannot evaluate occlu-
sion reasoning or spatial relationships in 3D environments.
Active Perception and Exploration. Building upon the concept of active
perception [1,5], recent embodied AI studies investigate how agents adjust view-
points to obtain informative observations, through active perception for object
understanding and manipulation [17,40,41] or exploration-driven strategies that
seek novel or semantically meaningful observations [7, 30, 43]. Most of these
methods focus on specific objectives such as object detection or navigation.
Building upon this line of work, our setting studies how agents actively acquire
task-relevant visual evidence through fine-grained 5-DoF viewpoint control for
language-guided reasoning.
Question Answering in 3D Scene. Question answering in 3D environments
follows two main paradigms: scene-centric 3D-QA and embodied QA. Scene-
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Dataset Active Env. Source DoF Episodes

ScanQA [2] ✗ Mesh ScanNet [10] – 41,363
SQA3D [24] ✗ Mesh ScanNet [10] – 33,400
REVERIE [26] ✓ Mesh Matterport3D [6] 2-DoF (Graph-based) 21,702
EQA [11] ✓ Mesh House3D [39] 2-DoF 5,281
MP3D-EQA [35] ✓ Mesh Matterport3D [6] 2-DoF 1,136
OpenEQA [25] ✓ Mesh Matterport3D [6] 2-DoF 1,600

E3VS-Bench ✓ 3D-GS SceneSplat++ [23] 5-DoF 2,014
Table 1. Comparison with embodied QA and 3D visual grounding datasets. E3VS-
Bench uses 3DGS scenes with 5-DoF control for occlusion-aware active perception.

centric approaches reason directly over reconstructed 3D representations with-
out requiring physical movement. For example, ScanQA [2] extends the Scan-
Refer [8] paradigm from 3D object grounding to QA on point-cloud scenes, and
SQA3D [24] introduces situated reasoning from a specific pose using pre-defined
observations. These approaches assume access to complete scene representations
and thus do not evaluate how agents actively acquire missing visual evidence.
EQA instead requires an agent to navigate a 3D environment to answer natural-
language questions [11, 25, 27, 35]. Answerability Fields [3] estimates spatial an-
swerability distributions, predicting locations where visual evidence required to
answer a question is likely to be observable. Subsequent studies enhance re-
lational reasoning through scene graphs and long-horizon planning [9, 13, 29].
Simulation platforms such as Habitat [28] enable benchmarks including MP3D-
EQA [35] and EXPRESS-BENCH [15]. These navigation-centric settings, how-
ever, often treat the agent as a 2D moving camera and do not evaluate the
fine-grained viewpoint control required to reveal task-relevant visual details.

Table 1 summarizes major 3D scene QA and EQA datasets. Although these
datasets vary in scale and realism, they typically rely on mesh or point-cloud
reconstructions that restrict viewpoint interaction and limit photometric fidelity,
and thus do not evaluate how viewpoint-dependent observations influence ques-
tion answering. In contrast, E3VS-Bench enables agents to actively explore pho-
torealistic 3DGS environments with full 5-DoF viewpoint control, allowing sys-
tematic evaluation of viewpoint-dependent reasoning in 3D environments.

3 Benchmark Design and Construction

Unlike existing embodied tasks (e.g., EQA [35]) that rely on limited camera
motion, E3VS-Bench requires agents to select viewpoints revealing task-relevant
evidence not observable from a single view. By embedding such viewpoint-
dependent constraints in photorealistic 3D scenes with unrestricted camera con-
trol, it evaluates viewpoint planning and occlusion-aware spatial reasoning.

3.1 Task Formulation

Problem Setup. We formulate E3VS as an active perception task for ques-
tion answering in photorealistic 3D environments. Unlike conventional 2D visual
search [20,38] or EQA [35], where agents typically move on a ground plane with
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(1) 3D Scene Curation

(4) Viewpoint Labeling (5) Blind QA and VQA Filtering

(2) QA Generation

VLM

𝑄𝐴!

(3) Invalid QA Filtering

𝑄𝐴"𝑄𝐴!

VLM

𝑄𝐴#𝑄𝐴" 𝑉𝑖𝑒𝑤𝑝𝑜𝑖𝑛𝑡
𝐴𝑛𝑠𝑤𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦

𝑄𝐴" 𝑉𝑖𝑒𝑤𝑝𝑜𝑖𝑛𝑡
𝐴𝑛𝑠𝑤𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦

Fig. 2. Dataset construction pipeline for E3VS-Bench. The pipeline consists of five
stages: (1) 3D scene curation from SceneSplat++ [23], (2) QA generation using a VLM,
(3) invalid QA filtering with human verification, (4) viewpoint labeling to identify
answerable viewpoints, and (5) answerability filtering to remove questions solvable
without viewpoint transitions.

limited viewpoint control, E3VS requires agents to adjust their viewpoints in 3D
space to resolve occlusions, depth ambiguities, and fine-grained visual details.

Formally, an episode is defined by a triplet (S, q, v0), where S denotes a
3D scene reconstructed using 3DGS, q is a natural-language question, and v0
represents the initial camera viewpoint. At each discrete time step t ∈ [0, T ], the
agent receives an egocentric RGB observation Ot ∈ RH×W×3 rendered from the
scene at viewpoint vt. The initial viewpoint v0 is centered on the target object;
however, the target may be partially or fully occluded by other objects.
Action Space. We represent the agent’s state at time t as a viewpoint vt =
(xt, yt, zt, θt, ϕt) ∈ R5, where (xt, yt, zt) denote the 3D Cartesian coordinates
and (θt, ϕt) represent the yaw and pitch angles. The agent interacts with the
environment through a discrete 5-DoF action space A, where each action at ∈
A corresponds to either a translation, a rotation, or termination. The state
transition follows the environment dynamics vt+1 = E(vt, at), where a collision
after executing at leaves the state unchanged vt+1 = vt.
Success Criteria. Each episode is associated with a set of human-annotated
answerable viewpoints Vans and a corresponding goal image Ogoal rendered from
v ∈ Vans. Upon executing the stop action at step T , the agent provides a
predicted answer ŷ based on the final observation OT and the question q.

To evaluate the correctness of open-vocabulary responses, we employ a VLM-
as-a-judge framework, following LLM-Match in OpenEQA [25]. Specifically, an
evaluator model J (e.g., GPT 5.1 ) receives the agent’s final observation OT ,
the question q, the predicted answer ŷ, the ground-truth answer y, and the goal
image Ogoal to compute a score S = J(OT , q, ŷ, y, Ogoal) ∈ {1, . . . , 5}, where 5
is perfectly correct and 1 entirely incorrect. This metric allows for a flexible yet
rigorous assessment of the agent’s active perception capability.

3.2 Dataset Construction Pipeline

In this section, we present an overview of the question–answer creation pipeline
used to construct E3VS-Bench. As shown in Fig. 2, the construction process
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consists of five stages: (1) 3D scene curation, (2) QA generation, (3) invalid
QA filtering, (4) viewpoint labeling, and (5) answerability filtering , followed by
additional data cleaning. We briefly describe each stage below and provide full
details in the supplementary.

3D Scene Curation. First, we manually curate 105 high quality reconstructed
scenes from SceneSplat++ [23], which represents 3D environments from Scan-
Net++ [42] using 3DGS [16]. Unlike traditional mesh-based representations that
often suffer from texture degradation and geometric oversmoothing, 3DGS pre-
serves the photometric fidelity necessary for reliable viewpoint-dependent rea-
soning. As shown in Fig. 3, traditional meshes often lack the photorealistic
textures needed to capture subtle visual attributes, such as text on a plastic
bag or brand logos. The photorealistic rendering of 3DGS enables fine-grained,
viewpoint-dependent evaluation of embodied agent perception.

Question: What word is prominently displayed 
in white letters on the red band of the black jar?

a) Mesh

Answer: The image is too 
blurry to make out any text.

b) 3D GS

Answer: WHEY

Fig. 3. Comparison of rendering
quality between traditional mesh-
based (ScanNet++) and 3D Gaus-
sian Splatting (SceneSplat++).
3DGS preserves sharp textures for
small text (e.g., "WHEY" label),
which is crucial for viewpoint-
dependent visual reasoning.

QA Generation. To generate high-quality
question–answer pairs at scale, we employ
a three-stage pipeline powered by a VLM,
specifically Gemini 2.5 Flash. (1) We select
object categories with few instances per scene.
For each instance, we compute a viewing dis-
tance so that its projected object bounding
box spans roughly three-fifths of the image
along either axis. We then uniformly sample
viewpoints on a sphere centered at the object
and render the corresponding multi-view im-
ages. (2) We use a VLM to filter the generated
views, discarding images where the object is
heavily occluded, outside the reconstruction
bounds, or visually ambiguous. (3) Using the
remaining valid multi-view images, the VLM
synthesizes candidate question-answer pairs
that cover a spectrum of visual reasoning, in-
cluding intrinsic attributes (e.g., color, material, and branding) and extrinsic
spatial relations. This pipeline generates 27,877 QAs across 7,578 instances.

Invalid QA Filtering. We perform human filtering of QA candidates and
annotate viewpoint answerability. Annotators verify each candidate against pre-
defined criteria (see Appendix), removing ambiguous, multi-interpretable, or ob-
jectively unanswerable questions. Inaccurate answers are corrected accordingly.
The overall human annotation process required approximately 1,120 hours.

Viewpoint Labeling. For each retained question, expert annotators select
viewpoints that contain sufficient information to answer it. Physically invalid
viewpoints, such as those intersecting 3D geometry, are discarded. The annota-
tions are further verified by another annotator to ensure quality and consistency.
Finally, unanswerable viewpoints serve as episode starting positions, while an-
swerable viewpoints serve as goal positions.
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Fig. 4. Dataset Distribution. Each figure represents (a) question category distribu-
tion of unique QA pairs classified by GPT 5.1. (b) scene type distribution. (c) action
distribution. (d, e) the number of words in each question and answer.

Answerability Filtering. To ensure the benchmark properly evaluates active
exploration, we remove questions answerable from prior knowledge alone and
episodes solvable from the initial viewpoint. For filtering, we use GPT-5.1. We
perform VQA in both a blind setting (without visual input) and from the des-
ignated start viewpoint, evaluating response correctness on a 1–5 scale via a
VLM-as-a-Judge protocol (see Section 3.1 for details). QA pairs scoring 3 or
above in either setting are excluded, where the threshold is chosen as the mid-
point of the 1–5 scale to conservatively filter out cases that show any indication of
being answerable without active exploration. The remaining episodes cannot be
solved from prior knowledge or the initial observation alone, and require active
5-DoF viewpoint transitions and information gathering for accurate answers.

3.3 Dataset Statistics and Analysis

After meticulous filtering, our dataset contains 99 scenes, 2,014 episodes derived
from 1290 unique question-answer pairs. Fig. 4 shows that the dataset covers
diverse scene categories and exhibits a wide distribution of question and answer
lengths. The final benchmark focuses on six question categories that broadly
evaluate an agent’s capability in active perception and spatial reasoning, illus-
trated in Fig. 5. These categories test an agent’s ability to (1) perform Object
Search (OS) by locating items explicitly mentioned in the question, (2) recognize
Object States (OST) such as open or closed, which requires navigating to a view-
point where the state is observable, (3) identify Object Attributes (OA) such as
physical characteristics and features, (4) conduct Context-guided Search (CGS)
to find objects by functional or situational context when the object name is not
given, (5) perform Spatial Reasoning (SR) over relative positions and sizes, and
(6) perform Counting (CNT) over instances of an object class.

In addition, the action distribution in Fig. 4(c) shows that all action types
are well utilized, including those beyond planar navigation, suggesting the need
for 5-DoF active viewpoint control. Notably, move_backward is more frequent
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Context-guided SearchContext-guided Search
Start Goal

Q: Where can one store a large collection of binders and 
documents in an organized manner?

A: On the metal shelving unit with multiple horizontal shelves

Context-guided SearchCounting

Q: How many distinct sections or planks make up the length of 
the long wooden table's surface?

A: 2

Context-guided SearchObject Attribute

Q: What text is visible on the front of the plastic sack?

A: 'cat litter' is visible

Context-guided SearchObject Search

Q: Where is the black office chair with five wheels?

A: Next to the round red table and a black cabinet

Context-guided SearchSpatial Reasoning

Q: Are the books taller or shorter than the base of the blender?

A: The books are taller than the base of the blender

Context-guided SearchObject State

Q: Is the large brown box on the floor open or closed?

A: Open

Start Goal Start Goal

Start Goal Start GoalStart Goal

Fig. 5. Examples of E3VS task defined in our dataset. Each example illustrates a dis-
tinct reasoning type that requires viewpoint control in reconstructed 3D environments.

than move_forward, indicating that gaining context by moving away from the
target is often necessary. Moreover, move_up is the most frequent action, and
look_down appears more often than look_up, suggesting that relevant visual
evidence is often obtained by observing target objects from lateral or slightly
elevated viewpoints rather than from below.

4 Evaluation Protocol and Baselines

We design evaluation settings to assess whether VLMs can actively acquire vi-
sual evidence through viewpoint control, resolving spatial ambiguities such as
occlusions and depth uncertainty by selecting informative viewpoints.

4.1 E3VS Framework for VLMs

To evaluate VLMs on the E3VS task, we implement a closed-loop perception–action
framework in which the model iteratively selects actions based on egocentric ob-
servations. At each time step t, the agent receives an observation Ot rendered
from the 3DGS scene G at its viewpoint vt = (x, y, z, θ, ϕ), and the VLM pro-
cesses Ot with the question to select an action at ∈ A. This continues until the
agent executes stop, after which it generates the final answer.

To interface VLMs with the environment, we construct a structured prompt
that conditions the model on both the environment configuration and the current
interaction state. The prompt consists of two components:

– System Prompt: Defines the world coordinate system (Z-axis as up) and
the constraints of the action space, including fixed translation (0.25m) and
rotation (30◦) intervals.
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– User Prompt: Provides task input and dynamic state information, includ-
ing the question, the current observation image, step count, 3D coordinates,
the previous action, and feedback such as collision detection.

Unless otherwise specified, our experiments use a single-frame observation setting
without additional reasoning modules to establish a clear baseline. Full prompt
templates are provided in the Appendix.

4.2 Baseline Models

To examine different levels of perceptual access and spatial reasoning, we define
five categories of baseline agents: (1) blind VLMs, (2) VQA at Start, (3) VQA
at Birdview, (4) VQA at Goal, and (5) 2D Visual Search at Start. These base-
lines form a progressive spectrum of perceptual conditions, from no visual input
to privileged viewpoints, providing a reference for interpreting embodied agent
performance on E3VS-Bench.
(1) Blind VLMs. In this setting, models are asked to answer questions using
only textual input without any visual observation. This baseline measures how
well models can infer answers from linguistic cues and prior knowledge alone.
(2–4) VQA from Fixed Viewpoints. In these settings, VLMs perform visual
question answering from a single static image captured at a predefined viewpoint,
without any viewpoint movement.

VQA at Start uses the image from the initial viewpoint and evaluates
whether the question can be answered without exploration.

VQA at Goal uses an image from human-annotated answerable viewpoints,
representing an upper bound where sufficient visual evidence is available.

VQA at Birdview provides a bird’s-eye image from directly above the
scene, evaluating whether a global overview alone suffices. Many questions in
E3VS-Bench still require fine-grained, viewpoint-dependent evidence (e.g., text,
object states, occluded regions) that cannot be resolved without moving to ap-
propriate viewpoints.
(5) 2D Visual Search at Start. This baseline examines whether questions can
be solved by image-space exploration alone, without 3D viewpoint transitions.
We adopt representative methods such as SEAL [38] and DyFo [20] to show the
limitations of image-based search relative to embodied 3D visual search.

5 Experiments

5.1 Experimental Setting

Dataset Split. The dataset is split into train, validation, and test sets at the
scene level. The train set contains 1,406 episodes from 900 question–answer pairs
across 68 scenes, the validation set contains 231 episodes from 132 pairs across 10
scenes for model selection and hyperparameter tuning, and the test set contains
377 episodes from 258 pairs across 21 scenes for final evaluation. All splits are
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going to be publicly released. In this work, we focus on evaluating zero-shot
VLM-based frameworks.
Evaluation Metrics. We evaluate models from three aspects: answer correct-
ness, exploration efficiency and navigation safety. Regarding answer correctness,
we employ a VLM-as-a-judge framework in accordance with OpenEQA [25], us-
ing GPT 5.1 as the evaluator. The judge VLM receives the predicted response
and ground-truth answer, along with the end and goal images, and outputs a
score of 5 for correct predictions and 1 for incorrect ones. This metric shows
a Spearman correlation of ρ = 0.54 with human evaluation, indicating reason-
able agreement. Exploration efficiency is quantified by the average number of
steps, and navigation safety by Collision Rate, a binary indicator that is 1 if any
collision occurs within an episode and 0 otherwise.
Baseline Settings. Across the baseline settings, we evaluate a diverse set of
proprietary and open-source models, including Gemini 2.5 Pro/Flash, Gemini
3.0 Pro/Flash, GPT 5.1, and open-source models such as Qwen3-VL 8B/30B,
InternVL3.5-8B, and Step3-VL-10B. These models are evaluated under embod-
ied E3VS agent settings, while a subset of models is used for static baselines
to enable controlled comparison. For static baseline settings, we evaluate rep-
resentative models including Gemini 2.5 Flash, GPT 5.1, and Qwen3-VL-8B.
To avoid evaluation bias, GPT 5.1 is excluded from the blind and start-view
settings, since it was used during dataset filtering. For the same reason, GPT
5.1 is used for answer generation in all E3VS agent conditions except Human:
because episodes it could answer from the start viewpoint were already removed
(Section 3.2), using a different generator would introduce model-specific bias.
Implementation Details. We use images with a resolution of 512 × 512 pix-
els and a field of view (FOV) of 90◦. Each episode is limited to a maximum of
25 steps, providing a sufficient exploration budget while preventing excessively
long trajectories. For locomotion actions, the agent moves 0.25m per step, while
rotation actions rotate the camera by 30◦ in place. The maximum output token
length is 128 when reasoning is disabled and 256 or more when enabled, de-
pending on the model. If no valid action is produced within this limit, the agent
defaults to move_forward.

5.2 Main Results

We evaluate a wide range of VLMs on the E3VS-Bench, categorized into static
baselines and E3VS agents. The results are summarized in Table 2, 3.
Performance Across Model Families on E3VS. The evaluation on E3VS
shows that Gemini 3.0 Flash substantially outperforms all other models across
nearly all categories. In contrast, GPT 5.1 performs comparably to open-source
models such as Qwen3-VL-8B and Step3-VL-10B, and overall these models
achieve scores only slightly above a Random Action baseline. This suggests that
while current VLMs possess strong 2D image recognition capabilities, they show
limitations in 3D visual search settings that require viewpoint changes. A sub-
stantial gap also remains between current models and human performance.
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Model OS OST OA CGS SR CNT Avg. Steps Coll.

Random Action 2.38 2.18 2.60 2.20 2.50 2.00 2.28 10.15 0.39

Proprietary Models
Gemini 2.5 Pro 3.14 2.36 2.45 2.60 2.25 2.04 2.54 7.80 0.31
Gemini 3.0 Flash 3.21 2.82 3.18 3.53 2.75 1.88 2.79 11.29 0.43
Gemini 3.0 Pro 3.07 2.55 3.18 3.40 3.00 1.96 2.75 10.17 0.34
GPT 5.1 2.90 2.18 2.53 2.73 2.25 1.88 2.42 15.04 0.49

Open Source Models
Qwen3-VL-8B [4] 2.86 2.36 2.60 3.13 1.88 1.96 2.46 18.73 0.30
Qwen3-VL-30B [4] 2.67 2.09 2.60 2.47 2.25 1.84 2.32 14.18 0.50
InternVL3.5-8B [34] 2.66 2.18 2.24 2.60 2.12 1.60 2.21 10.85 0.65
Step3-VL-10B [14] 2.38 2.27 2.38 3.13 2.50 1.64 2.24 11.16 0.42

Human 3.12 3.59 4.06 4.06 3.35 3.59 3.53 11.21 -
Table 2. Main results on E3VS-Bench. We evaluate various baseline models across six
fine-grained question types. All values except Steps and Coll. are VLM judge scores
on a scale of 1 to 5 where a higher score indicates better performance. Steps and Coll.
denote the average number of Navigation Steps and collision rate respectively.

Comparison of OS and CGS. Models often perform better on CGS than on
explicit OS (Table 2). CGS queries can often be solved by recognizing relevant
objects or functional zones (e.g., “where to store binders”). In contrast, OS re-
quires not only recognizing the target object but also understanding its spatial
relations and placement in the scene. This additional spatial reasoning likely
increases task complexity and leads to lower performance.
Challenges in CNT. In CNT, models already struggle in the 2D single-view
setting and degrade further in the full E3VS setting (Tables 3, 2), whereas hu-
mans score 3.82 given the goal viewpoint. This reveals a fundamental limitation:
counting requires accumulating evidence across a 5-DoF trajectory, which single-
observation EQA approaches cannot handle.
Emerging Viewpoint Capability for SR. SR questions require understand-
ing geometric relationships such as relative positions, distances, and size com-
parisons between objects, and the quality of such geometric evidence is highly
viewpoint-dependent; comparing object heights, for example, is far easier from a
lateral viewpoint than from an oblique or top-down view. In this context, Gem-
ini 3.0 Pro achieves E3VS performance (Table 2) comparable to the VQA at
Goal upper bound (Table 3), indicating that it can not only recognize spatial
relationships but also actively select viewpoints that improve their observability,
effectively integrating viewpoint selection into SR.
Limited Gain from Viewpoint Selection in OST. OST questions typically
involve binary decisions (e.g., open vs. closed), which can often be predicted
from prior knowledge or dataset bias even without sufficient visual evidence.
Importantly, during dataset construction, episodes that GPT 5.1 could answer
correctly from the initial viewpoint were filtered out. However, similar filtering
was not applied to other models such as Qwen or Gemini. As a result, VQA at
Start performance for these models still reflects the influence of bias. Empirically,
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Model OS OST OA CGS SR CNT Avg.
Static Baselines (No Agent Movement)

Blind VLM
Gemini 2.5 Flash 1.72 2.00 2.09 1.67 1.88 1.72 1.82
Qwen3-VL-8B 1.38 2.64 1.58 2.20 1.50 1.52 1.67
2D Visual Search at Start
SEAL [38] 1.62 2.45 1.44 1.53 2.50 1.32 1.68
DyFO [20] 1.90 2.45 1.44 1.67 2.00 1.80 1.86
VQA at Start
Gemini 2.5 Flash 2.21 2.64 1.73 2.33 2.12 2.00 2.14
Qwen3-VL-8B 2.10 2.82 1.87 2.20 2.12 1.56 2.02
VQA at Birdview
Gemini 2.5 Flash 1.31 1.64 1.44 1.67 1.75 1.48 1.48
GPT 5.1 1.48 2.09 1.58 2.20 1.62 1.16 1.55
Qwen3-VL-8B 1.55 2.18 2.09 1.80 1.38 1.12 1.59
VQA at Goal
Gemini 2.5 Flash 3.79 3.27 3.84 4.20 3.50 3.16 3.58
GPT 5.1 4.17 3.36 3.91 4.20 3.00 2.88 3.60
Qwen3-VL-8B 3.07 3.55 3.40 4.20 3.00 2.20 3.03
Human 4.25 3.82 4.47 4.25 4.14 3.82 4.12

Table 3. Comparison of static baselines on E3VS-Bench. The large performance gap
between ‘VQA at Start’ and ‘VQA at Goal’ indicates that initial viewpoints are often
insufficient, necessitating active exploration.

we observe that the VQA at Start performance of Qwen3-VL-8B is comparable
to the E3VS performance of Gemini 3.0 Flash evaluated with GPT 5.1 as the
judge. This suggests that active viewpoint selection yields only marginal im-
provements beyond compensating for such biases. Furthermore, the viewpoint
required to resolve the state is relatively predictable (e.g., Fig. 5), reducing OST
to viewpoint selection and path planning rather than exploration. Despite this,
gains remain limited, indicating that models still struggle to reach the appropri-
ate viewpoint even when it is relatively clear.

High Viewpoint Sensitivity in OA. OA questions require identifying fine-
grained, instance-specific properties of a target object, such as text, material,
color, or subtle visual features. While the target is explicitly specified (as in
OS), it is often unclear from the initial viewpoint where the relevant evidence
resides on the object. Unlike OST, whose observation region is predictable (e.g., a
door for open/closed), OA thus requires actively exploring the object to discover
informative evidence for each instance. Empirically, while Gemini 3.0 models
achieve relatively high performance on OA, other models perform at or below the
Random Action baseline. This highlights the difficulty of acquiring fine-grained
visual evidence through 5-DoF active viewpoint control, suggesting that OA is
highly sensitive to viewpoint selection and requires both exploratory viewpoint
discovery and detailed visual recognition.
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Model OS OST OA CGS SR CNT Avg. Steps Coll.

Gemini 3.0 Flash 3.21 2.82 3.18 3.53 2.75 1.88 2.79 11.29 0.43
Gemini 3.0 Flash+Th. 3.21 2.82 2.96 3.27 3.00 2.00 2.79 19.80 0.41
GPT 5.1 2.90 2.18 2.53 2.73 2.25 1.88 2.42 15.04 0.49
GPT 5.1+Th. 2.97 2.64 3.25 2.87 2.38 2.16 2.70 13.78 0.38
Table 4. Ablation study on the effect of the thinking process on E3VS-Bench. Th.
indicates whether the model performs the Thinking process.
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Fig. 6. Effect of the number of input frames on E3VS performance. While more frames
do not significantly impact the VLM judge score, they consistently lead to more efficient
navigation (fewer steps) and safer trajectories (lower collision rates).

5.3 Ablation Study

Impact of Internal Reasoning. We analyze the effect of thinking-related pa-
rameters on E3VS performance without using explicit reasoning prompts (Ta-
ble 4). For GPT 5.1, increasing the thinking budget consistently improves per-
formance, suggesting that additional internal computation benefits viewpoint
planning and decision making. In contrast, Gemini 3.0 Flash shows little sensi-
tivity to the reasoning budget. Overall, the effectiveness of increased reasoning
appears to be model-dependent, though the cause remains unclear and may re-
late to differences in architecture or training data.
Effect of Memory. We study the effect of temporal information by varying
the number of input frames (1, 3, and 5) for Gemini 3.0 Flash and Qwen3-
VL-8B. As shown in Fig. 6, multi-frame inputs do not significantly improve
VLM Judge scores, but consistently reduce navigation steps and collision rates.
Step reduction is likely due to fewer action “deadlocks,” where single-frame
agents repeat the same actions. Collision reduction appears to result from im-
proved action–observation understanding, enabling better anticipation of view-
point changes and more effective collision avoidance.
Decoupling Recognition and Exploration via Observable Evidence. We
investigate whether VLMs can correctly recognize visual evidence and terminate
the episode when the required information is already visible from the current
viewpoint. To this end, we construct a setting where the initial view contains
sufficient visual evidence to answer the question, removing the need for further
exploration. As shown in Table 5, both models achieve strong performance under
this condition, approaching the VQA at Goal performance of GPT 5.1 reported
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Model Init. at Goal OS OSTOA CGSSR CNTAvg.Steps Coll.

Qwen3-VL-8B ✗ 2.86 2.36 2.60 3.13 1.88 1.96 2.46 18.73 0.30
Qwen3-VL-8B ✓ 3.90 3.36 3.84 3.93 2.75 2.56 3.38 12.06 0.23
Gemini 3.0 Flash ✗ 3.21 2.82 3.18 3.53 2.75 1.88 2.79 11.29 0.43
Gemini 3.0 Flash ✓ 4.21 3.55 3.33 3.93 3.25 2.38 3.41 6.60 0.29
Table 5. Ablation study with goal-initialized viewpoints, where the initial viewpoint
is set to the goal viewpoint containing sufficient visual evidence. This removes the need
for exploration and isolates the model’s ability to recognize visual evidence and make
appropriate stopping decisions.

in Table 3. However, their stopping behaviors differ notably. Gemini 3.0 Flash
terminates efficiently, requiring only 6.60 steps on average, whereas Qwen3-VL-
8B takes nearly twice as many steps (12.06), suggesting that Qwen3-VL-8B
tends to continue exploring even when sufficient visual evidence is already avail-
able. Across most question types, Gemini 3.0 Flash outperforms Qwen3-VL-8B,
indicating stronger overall evidence utilization. In contrast, for OA questions,
Qwen3-VL-8B achieves substantially higher scores, implying a stronger ability
to recognize fine-grained object properties and make stopping decisions based
on such cues. Interestingly, this trend reverses in the standard E3VS setting
with unanswerable initial viewpoints, where Gemini consistently outperforms
Qwen3-VL-8B. This suggests that the two models exhibit different strengths:
Gemini is more effective at actively exploring to acquire missing information,
whereas Qwen3-VL-8B shows stronger capability in recognizing fine-grained vi-
sual attributes when evidence is present, but does not consistently translate this
recognition into appropriate stopping behavior.

5.4 Qualitative Results

Fig. 7 compares the viewpoints selected by humans and Gemini 3.0 Flash.
Human-selected viewpoints are typically intuitive, deliberately centering the tar-
get object or revealing the discriminative features required to answer the ques-
tion. In contrast, the “answerable” viewpoints reached by agents are frequently
sub-optimal, as they do not always capture sufficient visual evidence even when
the target object is partially visible. Since the VLM-as-a-judge penalizes answers
whose supporting evidence is absent from the final observation, such stops receive
low scores (e.g., Fig. 7, first row, second column, where Gemini 3.0 Flash halts
before the task-relevant features are visible). This highlights the importance of
actively selecting evidence-revealing viewpoints, which remains challenging for
current VLM-based agents.

6 Conclusion

In this paper, we introduced E3VS-Bench, a benchmark for viewpoint-dependent
active perception in photorealistic 3D Gaussian Splatting environments. E3VS
requires agents to manipulate viewpoints in 5-DoF to acquire task-critical ev-
idence. The benchmark consists of 99 high-fidelity scenes and 2,014 episodes
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Q: Is the lid of the cooking pot present and covering the opening?

A: No, the lid is not present and covering the opening. ✓

Start End (Gemini) End (Human)

A: No. ✓

Q: How many buttons or switches are on the base of the electric kettle?

A: 1. ×

Start End (Gemini) End (Human)

A: 1. ✓

Q: Where is the portable heater located in the room?

A: The portable heater is on the floor in front of the kitchen cabinets... ×

Start End (Gemini) End (Human)

A: In the front of a shelf and next to the hanger. ✓

Q: Is the red and black bag upright or lying on its side?

A: Lying on its side. ×

Start End (Gemini) End (Human)

A: It is standing upright. ✓

Q: How many paper trays are on the front of the copier?

A: Three. ×

Start End (Gemini) End (Human)

A: 4. ✓

Q: Are the books taller or shorter than the base of the blender?

A: The books are taller than the base of the blender. ✓

Start End (Gemini) End (Human)

A: Taller. ✓

Fig. 7. Qualitative Results. The orange bars represent the predicted answers after
visual search by Gemini 3.0 Flash, while the blue bars indicate the human performance.

covering diverse reasoning types, including object search, spatial reasoning, at-
tribute recognition, and counting. We evaluated a range of state-of-the-art pro-
prietary and open-source VLMs under both static and active settings. While
several models demonstrate strong 2D visual reasoning ability, all evaluated sys-
tems exhibit a substantial performance gap compared to human performance
on E3VS. These results suggest that current VLM-based agents still lack robust
viewpoint planning in 3D environments.

Limitations. We adopt a VLM-as-a-judge framework to evaluate open-vocabulary
answers. However, we observe a relatively weak correlation between human evalu-
ation and VLM-based judging. In some cases, the agent’s final observation differs
substantially from the human-annotated goal viewpoint while receiving a simi-
lar judge score, indicating that current automated evaluation may insufficiently
capture viewpoint adequacy.

Future Work. This work focuses on zero-shot evaluation without exploiting the
train/validation splits for optimization. We release each split to facilitate future
learning-based agents.
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