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Q: Is the Christmas tree in the living room decorated?
A: Yes, it is decorated with ornaments. EXPRESS-Bench: 5*0=0
{“7}Agent: Yes. OpenEQA: 5

Q: What can I do if I feel a little cold in the living room during the winter?
A: You can warm up with the fireplace. EXPRESS-Bench: 5%1=5
 JAgent: Use the fireplace. OpenEQA: 5

Q: What is the color of the curtains in the living room?
A: The curtains are light gray. EXPRESS-Bench: 2%0.5=1
OpenEQA: 2

Figure 1. Comparison of our EXPRESS-Bench with other EQA datasets. The orange trajectory in the top-down map shows a complete
exploration path from EXPRESS-Bench, with observation images at key waypoints (top-right). Data for this path is in the orange box.
The blue trajectory simulates OpenEQA’s episodic memory, passing near the target but not ending there. The yellow box simulates how
multiple-choice data is generated in HM-EQA, lacking the exploration path. For each question, answers are based on visual observations at
the endpoint, scored according to each dataset’s evaluation method. Unlike HM-EQA and OpenEQA, which may give higher scores based
on answer similarity, EXPRESS-Bench adjusts scores for incorrect or fabricated answers by grounding them in the agent’s observations.

Abstract

Embodied Question Answering (EQA) is a challenging
task in embodied intelligence that requires agents to dy-
namically explore 3D environments, actively gather visual
information, and perform multi-step reasoning to answer
questions. However, current EQA approaches suffer from
critical limitations in exploration efficiency, dataset design,
and evaluation metrics. Moreover, existing datasets of-
ten introduce biases or prior knowledge, leading to disem-
bodied reasoning, while frontier-based exploration strate-
gies struggle in cluttered environments and fail to ensure
fine-grained exploration of task-relevant areas. To address
these challenges, we construct the EXPloration-awaRe
Embodied queStion anSwering Benchmark (EXPRESS-
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Bench), the largest dataset designed specifically to evalu-
ate both exploration and reasoning capabilities. EXPRESS-
Bench consists of 777 exploration trajectories and 2,044
question-trajectory pairs. To improve exploration effi-
ciency, we propose Fine-EQA, a hybrid exploration model
that integrates frontier-based and goal-oriented navigation
to guide agents toward task-relevant regions more effec-
tively. Additionally, we introduce a novel evaluation met-
ric, Exploration-Answer Consistency (EAC), which ensures
faithful assessment by measuring the alignment between an-
swer grounding and exploration reliability. Extensive ex-
perimental comparisons with state-of-the-art EQA models
demonstrate the effectiveness of our EXPRESS-Bench in ad-
vancing embodied exploration and question reasoning.



Table 1. Comparison to EQA benchmarks.

Simulator Dataset Real Scenes  Exploration Track ~ Track Numbers  Target Point ~ Question Creation ~ Open Vocab
EQA-vI [7] House3D SUNCG X v - v Rule-Based X
MP3D-EQA [37] MINOS MP3D v v v Rule-Based X
MT-EQA [43] House3D SUNCG X v v Rule-Based X
IQA[11] AI2THOR - X X X Rule-Based X
VideoNavQA [4] House3D SUNCG X X X Rule-Based X
K-EQA [35] Al2Thor - X X X Rule-Based X
HM-EQA [31] Habitat HM3D v X X VLMs X
S-EQA [8] VirtualHome - X X X LLMs X
NoisyEQA [39] - - X X VLMs v
CityEQA [45] EmbodiedCity - X X - v Manual v
OpenEQA [29] Habitat ScanNet/HM3D v v 152 X Manual v
EXPRESS-Bench (Ours) Habitat HM3D v v 777 v VLMs v

1. Introduction

Embodied Question Answering (EQA) is a pivotal chal-
lenge at the intersection of computer vision, natural lan-
guage processing, and embodied intelligence. In this task,
an embodied agent must navigate a 3D environment, ac-
tively gather visual information through exploration, and
answer questions about the scene [7, 29]. Unlike traditional
question-answering (QA) systems that rely on static im-
ages [3, 16] or pre-existing knowledge bases [2, 20], EQA
demands sequential decision-making, where agents must
dynamically explore their surroundings to acquire the nec-
essary information before formulating an answer. Thus, tra-
ditional QA methods fail to generalize to EQA because they
are not designed to handle the dynamic, multi-step reason-
ing and embodied navigation essential for EQA [34, 46].
This unique combination of perception, reasoning, and ac-
tion makes EQA a compelling yet challenging problem with
implications for real-world applications such as robotics,
virtual assistants, and autonomous navigation [24].

Despite its potential, current EQA methods face a funda-
mental limitation: models often generate answers without
truly grounding them in exploration [29]. This issue stems
from the reliance on manually created [7] or rule-based
datasets [37], which are costly, inflexible, and prone to bias.
As a result, agents frequently exploit spurious correlations
rather than perform meaningful reasoning, undermining
real-world reliability [23, 27]. Additionally, ambiguity in
question design and scenario complexity often lead to non-
unique answers, making evaluation unreliable [28]. More
critically, some datasets embed prior knowledge, enabling
models to generate answers without actual exploration—an
issue known as unfaithful question answering [44]. For ex-
ample, explicitly mentioning locations like “living room”
allows guessing without interaction. Evaluation metrics
further compound these challenges. Existing metrics fail
to assess answer reliability and do not effectively detect
model hallucinations—where responses seem plausible but
are incorrect [5, 17]. This leads to biased assessments that
overlook an agent’s true exploration and reasoning abilities.
Moreover, commonly used metrics, which primarily mea-
sure answer similarity, lack the granularity needed to eval-
uate exploration efficiency and quality, limiting their appli-
cability to real-world scenarios [21]. These gaps highlight
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the urgent need for more comprehensive EQA benchmarks
that assess both the exploration process and answer quality.

In addition to the limitations of benchmark datasets and
evaluation metrics, existing EQA methods also suffer from
a critical deficiency: inefficient exploration capabilities.
Most current EQA models rely on frontier-based explo-
ration [10, 14, 41, 42], where agents expand their search
by identifying and navigating towards unexplored frontiers
on a map. While effective in open spaces, this approach
struggles in constrained environments such as narrow cor-
ridors or cluttered scenes, limiting the agent’s capacity for
comprehensive exploration [13, 30]. Furthermore, frontier-
based strategies often lead to inefficient behaviors, such as
redundant revisits to semantically important regions with-
out acquiring new information. Crucially, existing meth-
ods lack mechanisms for fine-grained exploration of task-
relevant areas, preventing agents from gathering the detailed
environmental context needed for accurate reasoning [36].
Therefore, it is essential to integrate exploration efficiency
with answer reliability to ensure meaningful reasoning.

To address these challenges, we introduce the
exploration-aware EQA task, which emphasizes the
need for agents to actively and rationally explore relevant
environmental clues before answering. To comprehensively
assess exploration abilities, we construct EXPRESS-Bench,
a large-scale benchmark comprising 777 exploration tra-
jectories and 2,044 question-trajectory pairs—offering
superior coverage compared to OpenEQA (see Tab.1). To
enhance exploration efficiency, we propose Fine-EQA, a
hybrid method integrating frontier-based and goal-oriented
exploration. Leveraging a global semantic map and func-
tional region semantic map, Fine-EQA enables agents to
efficiently navigate entire scenes while conducting fine-
grained investigations of task-relevant areas. For faithful
answer evaluation, we introduce the Exploration-Answer
Consistency (EAC) metric, which explicitly measures the
alignment between an agent’s exploration process and its
generated answers. EAC effectively detects ungrounded re-
sponses that appear correct but lack supporting exploration
evidence, providing a more rigorous assessment of model
performance. Our main contributions are:

* We introduce EXPRESS-Bench, a high-quality, large-
scale EQA dataset designed to support active exploration
while addressing key limitations of existing datasets, such
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Figure 2. The construction process of EXPRESS-Bench.

as ambiguity and over-reliance on prior knowledge. bodied tasks, such as vision-language navigation [25, 26,

* We propose Fine-EQA, a two-stage exploration frame- 46] and embodied manipulation [18, 38, 40]. However,

work that enhances navigation efficiency and enables EQA demands more comprehensive reasoning, encompass-

fine-grained exploration of task-relevant regions with ing not only navigation and interaction but also question an-

flexible strategy switch, setting a new baseline for EQA. swering based on environmental information. This height-

e To ensure a faithful assessment of EQA, we introduce ened requirement for semantic understanding makes it diffi-

the EAC metric, which simultaneously evaluates answer cult to directly transfer methods from other tasks. In EQA,

grounding and exploration efficiency, providing a more some studies use these models for target object detection

rigorous measure of the model performance. [32] and subtask planning [45]. They are also employed

to assign confidence scores to exploration directions [6, 31]

2. Related Work or generate semantic labels [33] to update semantic maps,

2.1. EQA Dataset integrating a frontie.r—based explo.ration str'ategy. Yet., com-

plex scenes often hinder exploration, causing inefficiencies

Compared to visual question answering (VQA) datasets, or hallucinated responses due to missing critical informa-

EQA datasets are constructed in a three-dimensional space, tion. To address this, we propose a two-stage EQA model

encompassing both static scene descriptions and dynamic that adaptively switches between frontier-based and goal-
interactions, making their development a significantly more oriented exploration, enhancing efficiency and robustness.

challenging task. Early works [4, 7, 11, 35, 37, 43] adopted
a template-based approach to accelerate data generation; 3. EXPRESS-Bench
however, this method often led to simplistic question for-

mats and straightforward answers. With the advent of large In this section, we describe how to construct the EXPRESS-
models, [8, 31, 39] leveraged their capabilities to facilitate a Bench utilizing the multimodal large model GPT-40-mini.
more efficient dataset construction process that better aligns Unlike existing EQA datasets, we not only record the gen-
with research needs, thereby greatly enhancing data diver- erated questions and ideal responses, but also record the
sity and richness. [29] proposed an open-ended dataset ground truth actions, as well as the state and information
through manual design, demonstrating innovation but pri- acquired by the agent after each operational step.

marily focusing on scenario-based memory questions while

overlooking the critical role of active exploration in EQA 3.1. Simulator

tasks. [45] extended the task to city spaces, incorporating
the complexities of urban environments. However, the com-
plexity of 3D environments often leads to non-unique an-
swers, making model evaluation challenging. Besides, ex-
isting datasets rarely support active exploration. Therefore,
we propose an exploration-aware EQA benchmark that en-
ables active exploration and ensures unique answers, pro-
viding high-quality evaluation and numerous EQA tasks.

2.2. Large Models for Embodied Agents In this section, we provide an overview of the question-

The strong reasoning and generalization capabilities of answer pairs creation pipeline to create EXPRESS-Bench.
large models have driven their widespread adoption in em- The dataset construction process is illustrated in Fig.2.

HM3D is a comprehensive dataset featuring 3D reconstruc-
tions of 1,000 large-scale buildings from a wide range of
real-world locations. We utilize the portion of the HM3D
dataset that are rich in semantic information on the Habitat
simulator to replicate real-world environments, and make
extensive use of the Habitat interface to construct the data.

3.2. Dataset Generation Pipeline
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Stage 1: Trajectory Generation. We randomly sample
navigable initial and target positions within the scene. The
shortest sequence of atomic actions (“move forward,” “turn
left,” “turn right”) and corresponding step count required
to reach the goal from the starting position are computed
as ground truth, along with the shortest geodesic distance.
Given the large scale of the simulated environment, we con-
strain both the initial and target positions to the same floor
and ensure the step length falls between 10 and 100. After
each atomic action, the agent’s state including coordinates,
orientation and first-person visual observation is recorded.
Based on the collected visual data, we further generate a
trajectory video that visualizes the agent’s complete explo-
ration process from a first-person perspective.

Stage 2: Question-Answer Pair Generation. In EQA,
the agent’s final visual observation is key to answering the
question. Therefore, we feed this observation into the mul-
timodal large model, along with several example question-
answer pairs. These questions are designed from a human
perspective to simulate natural conversations in everyday
home scenarios. Guided by the prompt, GPT-40-mini gen-
erates both questions and corresponding answers. The an-
swers are open-ended rather than simple yes/no or multiple-
choice responses, which helps reduce data bias and prevents
models from relying solely on their inherent common sense,
placing higher demands on models’ performance.

Stage 3: Data Filtering. Although large models per-
form well, their outputs are not always reliable and reason-
able. In large environments with duplicate rooms or objects
(e.g., multiple bedrooms), questions may have non-unique
answers, necessitating manual data screening. First, we en-
sure all answers are relevant to the scene. Then, using tra-
jectory videos and top-down maps from the Habitat simula-
tor, we track the agent’s movements to resolve cases where
target regions are unclear or unreachable. Specifically, we
retain only those questions where either no other regions of
the same type as the target region, or where the target region
is the closest to the initial position among similar regions,
ensuring the uniqueness of the answer. When necessary, we
also specify key regions of the questions and include con-
textual details, such as the location, attributes, and relation-
ships of the target object. We invited several individuals to
review the data. To ensure the dataset’s high quality, a cura-
tor performed a final check to verify its overall consistency.

3.3. Dataset Statistics

Finally, the EXPRESS-Bench contains 777 trajectories, en-
compassing a total of 2,044 question-trajectory pairs. The
EXPRESS-Bench predominantly consists of questions in
the following seven categories: state, knowledge, location,
attribute, counting, existence, and object. The distribution
of these categories is shown in Fig.3. On average, the agent
navigated the scene with a step size of 39.8 steps per ques-
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Q: What's that thing hanging
on the wall above the console
table in the bedroom?

A: It's a mirror.

ﬁ
Q: Is there a welcome mat by

| ,\‘ ! the front door in the entryway?
f

{
m

Q: What should | do if | want a cup of
coffee in the morning?

A: Use the coffee maker on the counter
in the kitchen to brew a cup of coffee.

Q: | need to wash several loads of
laundry. How many washing machines
do | have?

— A: No, there isn't. A: Only one.
I~ = Q Is the shower area location
1= * enclosed with glass? state
i = A: Yes, it is enclosed with 256 382
glass.
3 object
- location
Q: Where is the floor lamp in ¥ 2044 attribute
the living room?
A: It's in the comer of the 329
living room, next to the TV. counting
227 -
existence
14 = Q: Did | leave the dining chairs knowledge

& pushed in after the last meal? 360
i A: Yes, some chairs are

pushed.

Figure 3. Overview of the EXPRESS-Bench statistics.
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tion, covering a geodesic distance of 6.6 meters. More anal-
ysis of EXPRESS-Bench is in the Supplementary Material.

3.4. Exploration-Answer Consistency Metric

Since the answers are open-vocabulary, directly assessing
their correctness is not feasible. OpenEQA leverages GPT-
4 to evaluate the model’s output, assigning a score from 1
to 5. However, OpenEQA overlooks the grounding of the
answers—meaning the model’s response may be fabricated
and unrelated to the environmental information observed by
the agent. To address this limitation, we refine the correct-
ness evaluation score, o;, which assesses the model’s re-
sponse based on the question, the correct answer and the
visual observation. Additionally, we introduce a grounding
evaluation score, d;, to assess the relevance of the answer to
the environment with the support of the VLM:

o = p(Qi, A7, Ay 1) 9]
0 = Y(Qs, Ai, 1) 2

where (); is the given question, A7 is the correct answer,
A; is the model’s response, and I; is the environment image
from the agent’s final first-person observation. The score of
an answer is calculated as o; * ¢;.

Due to the open-ended nature of answers, when the
model’s response aligns with the question and image but
differs from the correct answer, incorporating the observed
image into the evaluation of o; also enables the VLM to as-
sign more precise scores. Guiding prompt for the model’s
scoring process is provided in the Supplementary Material.

The VLM assigns the o; score on a scale of 1 to 5, with
higher scores indicating that the model’s response is more
accurate and closer to the correct answer. The d; score is as-
signed as 0, 0.5, or 1. A score of 1 signifies that the agent’s
observation is relevant to the question and the model’s de-
scription of the environment is accurate, aligning with the
agent’s perception. A score of 0.5 denotes relevant obser-
vation but an incorrect model description. A score of 0
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Figure 4. Exploration-Answer Consistency Metric.

implies irrelevant observation, with the model fabricating
output unrelated to the environment, even if it matches the
correct answer. The evaluation pipeline is shown in Fig.4.
Next, we calculate the overall correctness C' of the output
and the model’s efficiency E,q7, in completing the task:

C== g: 7200 100% 3)
NZ 5 !
N
1 o; X 61 ll
E ath — 37 1 4
path = N ; 5 max(p;, ;) 00% ¢

where N is the total number of questions, /; represents the
distance the agent navigate along the ground truth path that
is sufficient to complete the task, and p; is the actual dis-
tance the agent moves during the experiment.

Furthermore, we assess the agent’s navigation perfor-
mance by measuring the geodesic distance dp from its final
exploration position P}, to the target location P

N
1 : i pi
dr = N;dzsg(PE, Py (5)
While the EQA task does not require the agent to reach the

target as closely as navigation tasks, using this metric allows
for a more thorough evaluation of the model.

4. Fine-EQA

We propose Fine-EQA, a flexible two-stage EQA frame-
work that strategically integrates frontier-based exploration
with goal-oriented exploration. Fine-EQA constructs dual
semantic representations, global semantic maps and func-
tional region semantic maps, to guide agents through com-
plex environments with greater efficiency while ensuring
thorough investigation of task-relevant areas.

4.1. Overview

Fine-EQA operates in two phases: exploration and question
answering, as shown in Fig.5. The agent builds and main-
tains a comprehensive environmental representation using a
3D voxel map (M3 € R%=*4s>*d=) which is projected onto
a 2D planar map (M, € R% * %) to track exploration states
and spatial occupancy. Dimensions d, d,, and d are set
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based on the scene size. During exploration, the agent alter-

nates between frontier-based and goal-oriented strategies,

with region-specific limits to avoid over-searching, while

GPT-40-mini decides when to stop and answer:

* Frontier-Based Exploration (FBE) identifies bound-
aries between known and unknown regions to expand en-
vironmental understanding.

* Goal-Oriented Exploration (GOE) targets regions with
high task relevance based on semantic analysis.

4.2. Frontier-Based Exploration

FBE is fundamental to systematic environmental discov-
ery, focusing on the boundaries between explored and un-
explored regions. Inspired by [31], we enhance traditional
frontier-based approaches by incorporating semantic under-
standing into the exploration process. We construct a global
semantic map M,.,, € R%*% by integrating both global
semantic values v, and local semantic values v;. At each
time step, the agent projects its current RGB observation
onto the 2D map M, and applies farthest point sampling
to identify navigable points that maximize spatial coverage.
These sampled points pgampie are back-projected onto the
original RGB image, where our VLM evaluates their explo-
ration priority based on task relevance, establishing v;. Con-
currently, we extract the exploration decision confidence
score of the VLM for the scene depicted in the RGB image,
denoted as v,. We compute the semantic value of pggmpie
through the weighted fusion of v; and v, and dynamically
update M., using Gaussian smoothing:

(6)

To identify frontier points, we analyze the exploration
states surrounding each point in My and cluster them into
candidate frontier points F' = {f1, fo, ..., f»}. Each point
fi receives a composite weight w; determined by:

(fiapcur)) @)
where v?

¢ . TEPresents the semantic value, r and r? are the
unexplored rate and the unoccupied rate along the explo-
ration direction, respectively. dis(f;, Peur) is the Euclidean
distance to the agent’s current position p.,,. w incorporates
an exponentially weighted enhancement of 7¢, r¢, and v¢,,,
near the frontier point, while simultaneously applying an
exponential decay based on dis(f;, pewr). This encourages
the agent to prioritize unexplored areas and minimize local
redundancy, ultimately enhancing exploration efficiency.

The agent then selects the next location x for exploration
by treating these weights as probabilities:

Msem — (psamplm vy, Ug)

(i T
Wi = W(Vspps Toy To, dis

N
X=7FW), W={w/Y wji=12.,N} (8
j=1

where vy represents the random sampling of points with dif-
ferent probabilities.



Question: Did I set the dining table
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Figure 5. The Fine-EQA framework operates as follows: The agent initially performs coarse-grained exploration using a frontier-based
strategy, then switches to goal-oriented fine-grained exploration once task-relevant regions are identified. A maximum exploration limit per
region prevents excessive searching, prompting the agent to either return to frontier-based exploration or focus on the next most promising
region. Throughout this process, the VLM continuously evaluates the relevance and completeness of the acquired information, guiding the
agent’s decision to either continue exploration or generate answers based on the most recent visual inputs, as detailed in the Appendix.

4.3. Goal-Oriented Exploration

The primary limitation of pure frontier-based exploration
is its inability to comprehensively explore task-relevant re-
gions, particularly in complex environments with occlu-
sions and spatial constraints. Our goal-oriented exploration
strategy addresses this limitation by explicitly modeling
functional regions and their relevance to the given question.
Functional Region Semantic Mapping. We construct a
functional region semantic map M., € Ry to guide
the agent toward areas with high task relevance. During ob-
servation, the VLM classifies the current scene into specific
functional regions (e.g., kitchen, bedroom) and identify rep-
resentative points ¢ within these regions from p g pic. For-
mally, when a region Reg is identified with confidence ex-
ceeding a predefined threshold, we update M,.., around q:

Mreg(N(q)) = IDReg (9)

where N (g) is the neighborhood of point ¢ and ID g, rep-
resents the semantic value associated with Reg. Points with
identical semantic values in M,.., that exhibit spatial prox-
imity are merged into coherent regions, creating a compre-
hensive functional decomposition of the environment.
Task-Relevant Region Prioritization. We use LLMs to
analyze the question and rank regions by task relevance.
This prioritization is essential because: 1) secondary re-
gions often provide context or pathways to primary regions,
and 2) exploring multiple regions strategically improves
spatial awareness and navigation efficiency. It also enables
explicitly modeling of scenarios with multiple task-related
regions. When the agent identifies a higher-priority region,
it shifts to goal-oriented exploration within that region.
Masked Semantic Mapping. To focus on high-priority re-
gions, we apply masking operations ¢ to the global seman-
tic map based on the functional region semantic map:

Mmasked - ¢(Msema Mre_c17 T)

where r is the region with the current highest priority. This
masked semantic map M, 4speq € R%* % exclusively con-

(10)
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tains semantic values for the prioritized region, effectively
directing the agent’s attention toward task-relevant areas.
To prevent redundant exploration, previously visited points
receive decreased semantic values within M, qskeq. With
the masked semantic map, the agent selects the position
X = argmaxw)y(Mmasked) with the highest semantic value
for further exploration. This adaptive switching between
exploration strategies ensures efficient coverage of the envi-
ronment and thorough investigation of task-relevant areas.

5. Experiments

We evaluate various models on our EXPRESS-Bench, re-
porting the accuracy of their responses. We also present the
efficiency and navigation performance of agents equipped
with exploration capabilities.

5.1. Baselines

We compare various models in a zero-shot setting, includ-
ing 1) Blind LLMs, 2) Socratic Models, 3) Multi-Frame
VLMs, 4) Exploring Agents, and 5) Human Performance.
Blind LLMs. The Blind LLMs refers to LLMs that pro-
duce answers based purely on questions, completely disre-
garding any contextual information from embodied scenar-
ios, formulated as A = LLMs(Q). Specifically, we employ
DeepSeek-V3 [12, 22], GPT-4 [1], and LLaMA-3-8b [9].
Socratic Models. Using ground truth data G, we simu-
late an agent’s exploration to obtain first-person visual ob-
servations, from which we randomly sample k frames. Each
frame G; is described by an image captioning model as

d; = Captioner(Q, G;), which are then concatenated into
D = [dy,ds, ...,dg]. We set k = [£], where L denotes

the step length of the ground truth. The LLMs then gener-
ate answers based on the question and the concatenated de-
scriptions, i.e., A = LLMs(Q, D). For caption generation,
we employ GPT-40-mini[15] and LLaVA-v1.5-7b, and for
the LLMs, we use DeepSeek-V3, GPT-4 and LLaMA-3-8b.

Multi-Frame VLMs. We randomly select k frames
from the ground truth, which are subsequently fed into the



Table 2. Performance comparison on EXPRESS-Bench.

Table 3. Ablation study of model modules.

CT C T Fpand __drd %) (ohii Epatnd __ drl
Human Agent - 83.99 - - Fine-EQA w/o FBE 38.54 6334 12.74 6.46
Blind LLMs Fine-EQA w/o GOE 39.63 60.74 14.64 6.54
DeepSeck-V3 59.15 Fine-EQA 40.55 63.95 16.22 6.43
GPT4 58.96
LLaMA-3-8b 57.25 ever, since EXPRESS-Bench focuses on active exploration,
Socratic Models . . . .
DeepSeck-V3 w/ GPT-do-mini 62.60 with questions typically related to the last frame, gains from
GPT4 w/ GPT-4o-mini 62.56 passively viewing video frames remain limited. Addition-
LLaMA-3-8b w/ GPT-4o-mini 59.95 . .
DeepSeck-V3 w/ LLaVA-v1.5-7b 60.63 ally, Multi-Frame VLMs performs worse than the Socratic
GPT4 w/ LLaVA-v1.5-7b 59.53 models, indicating that critical information extraction is es-
LLaMA-3-8b w/ LLaVA-v1.5-7b 58.59 . . . .
Multi-Frame VLMs sential for exploration-aware EQA than simply using nu-
GPT-40-mini 58.37 merous images. This supports the reliability of EXPRESS-
LLaVA-v1.5-Tb 57.66 . . . . e
Exploring Agents Bench in evaluating active exploration capabilities.
RE 3695 6275 12.06 7.26 Active Exploration Agents. Agents with active explo-
FBE 38.60  60.24 14.55 6.64 . . .
GOE 3854 6334 1274 6.46 ration demonstrate enhanced environmental perception and
Fine-EQA (Ours) 4055 63.95 16.22 6.43 outperform nearly all non-exploratory models. RE explores
VLMs, ie., A = VLMs(Q, G4, Go, ...,G),). We employ freely until finding the answer or reaching the maximum

GPT-40-mini and LLaVA-v1.5-7b.

Exploring Agents. We use various exploration strate-
gies S to guide the agent, i.e. x = 7w (S5). The final answer
is generated based on the visual information I at the termi-
nation point, given by A = VLMs(Q, I).

(1) Random Exploration (RE). The agent randomly
explores the scene by selecting a movement distance and
direction, navigating to the nearest point. To avoid exces-
sive exploration, GPT-40-mini decides when to stop.

(2) Frontier-Based Exploration (FBE). We use a pure
frontier exploration method that ignores semantic informa-
tion, with GPT-40-mini determining when to stop.

(3) Goal-Oriented Exploration (GOE). The agent
starts with random exploration and switches to goal-
oriented exploration upon reaching a task-relevant region.
Similar to Fine-EQA, once the maximum exploration limit
for a given region is reached, the agent transitions to either
random exploration or explores a suboptimal region.

(4) Fine-EQA (Ours). For LLMs, we use GPT-4 to
identify task-related functional regions. For VLMs, we em-
ploy Prismatic VLMs (Prism-DINOSigLIP 7B) [19] to as-
sign semantic values and evaluate functional regions. GPT-
4o-mini is used to decide when to stop exploration and gen-
erate responses.

Human Agent. Five participants review the ground truth
and provide answers, denoted as A = Human(Q, G). Their
scores are then averaged.

5.2. Comparison with State-of-the-art Methods

Besides the metrics in Section 3.4, we also compute C*,
which is C' without answer grounding (i.e., setting ; = 1).
Since models like GPT-4 cannot perform exploration, we
only assess their performance using C'*, as shown in Tab.2.
Non-Exploratory Agents. Among LLMs without vision,
DeepSeek-V3 performs best. When paired with VLMs for
reasoning, their performance is improved, with DeepSeek-
V3-based socratic agents yielding the highest results. How-
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exploration limit, leading to a high C* value. However,
its C' value drops significantly, while its dr and Ep.p
metrics perform worse than other methods. This indicates
overestimated performance due to model hallucinations. In
contrast, FBE excels in unknown environments, and GOE
in focused target exploration, leading to better /2,4, and
dr, with FBE slightly ahead in C'. By strategically inte-
grating both strategies, our Fine-EQA surpasses all base-
lines across these metrics, demonstrating the effectiveness
of our exploration strategy. In terms of navigation perfor-
mance, Fine-EQA performs well on dp, indicating it effi-
ciently reaches target regions and enhance visual percep-
tion. Though EQA does not require exact positioning, re-
sults suggest that agents closer to the target tend to provide
more accurate answers, which aligns with intuition.

Human Agent. Although Fine-EQA performs well, all
methods exhibit a significant gap in C* scores compared to
human performance. This result validates the effectiveness
of EXPRESS-Bench while highlighting the limitations of
current approaches in complex environments, emphasizing
the need for further improvements of EQA methods.

To further assess Fine-EQA, we test it on two additional
datasets and the results are listed in the Appendix. Further-
more, we analyze the ambiguity rate in questions, finding
35.6% in HM-EQA, 62.3% in Open-EQA, and only 9.7%
in EXPRESS-Bench. The lack of full exploration trajec-
tories or clear target locations in HM-EQA and Open-EQA
hinders evaluation reliability. In contrast, EXPRESS-Bench
offers clearer, more interpretable assessments.

5.3. Ablation Studies

As shown in Tab.3, the ablation of both FBE and GOE leads
to a decline in performance, affecting both response accu-
racy and exploration efficiency. Specifically, the FBE mod-
ule has a greater impact, highlighting its key role in infor-
mation acquisition. We also isolate the impact of GPT-40-
mini on Fine-EQA, with results provided in the Appendix.



A: It's hanging on the hook on the wall.

Agent: It hangs on the wall.

Figure 6. Exploration trajectories of agents employing different strategies within the scene. Only our Fine-EQA effectively guides the
agent to observe question-relevant regions and generate the correct answer.

Q: What color is the grand piano in the living room?

A: Ttisred. Agent: The piano is red.

Figure 7. Confidence of visual observations at waypoints during the agent’s exploration. The highest confidence is indicated in green in
the final frame, demonstrating the faithfulness of our Fine-EQA by maintaining exploration-answer consistency.

5.4. Effectiveness of Exploration and Answering

We perform both qualitative and quantitative studies to eval-
uate the effectiveness of our exploration strategy and the
faithfulness of our question reasoning module.
Exploration Effectiveness. In Fig.6, we randomly select a
scene and visualize the agent’s exploration trajectory under
different exploration strategies. RE disregards both scene
and instruction information, selecting the next location ar-
bitrarily. This leads to significant redundancy and ineffi-
ciency. FBE and GOE demonstrate improved performance
over RE. However, they still struggle to effectively explore
the scene, failing to cover relevant regions or gather suffi-
cient contextual information. Fine-EQA further enhances
exploration efficiency by integrating scene context and the
regional cues embedded in the instructions. While rapidly
expanding the unknown areas, it strategically directs the
agent toward task-relevant regions for a more thorough and
efficient exploration. As shown in Fig.6, our Fine-EQA
agent, starting in the hallway, identified the relevant bath-
room ahead. It then navigated strategically towards the
bathroom, ultimately reaching the correct answer.

Answer Faithfulness. Moreover, we utilize VLMSs to as-
sess the faithfulness of our question reasoning module.
Specifically, we use Prismatic VLMs to determine whether
the environmental observations collected during the agent’s
exploration support an accurate response to the question.
From Fig.7, the observation image captured at the agent’s
termination point has the highest confidence. We select
the four images with the highest confidence, highlighted
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Table 4. Quantitative comparison of model performance.

NPLT ACET WCET
RE 0.23 055 0.16
FBE 0.28 0.58 0.19
GOE 0.27 0.58 0.18
Fine-EQA 0.34 0.59 0.22

with orange borders, as inputs for LLaVA and GPT-40-mini.
Both models agreed that the final image provides the most
informative basis for answering the question.

We also compute the average confidence (AC'E), nor-
malized path length (NPL), and the normalized path
length-weighted confidence (W C'E) of the agent’s observa-
tions at the termination location under various exploration
strategies. The detailed formulas of these metrics are pro-
vided in the Supplementary Material. According to the
quantitative results in Tab.4, Fine-EQA demonstrates the
best performance, verifying the faithfulness of our Fine-
EQA by concurrently improving the agent’s exploration ef-
ficiency and maintaining exploration-answer consistency.

6. Conclusion

In this paper, we introduce EXPRESS-Bench, the largest
dataset for evaluating both exploration and reasoning in
EQA. We also propose Fine-EQA, a hybrid exploration
model that improves exploration efficiency by combining
frontier-based and goal-oriented navigation. Additionally,
we introduce the Exploration-Answer Consistency (EAC)
metric to better assess exploration and reasoning align-
ment. Extensive experiments demonstrate the effectiveness
of EXPRESS-Bench in advancing exploration-aware EQA.
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