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Abstract. Embodied Question Answering (EQA) requires an agent to
explore unseen environments, gather visual evidence, and answer natural-
language questions. Efficient exploration requires both global planning
and task-aware prioritization of informative regions. However, existing
frontier-based methods typically rely on greedy, step-wise decisions, which
often cause redundant motion and frequent Vision-Language Model (VLM)
queries. We propose SAFE-EQA, a semantic-aware framework that im-
proves exploration efficiency through globally coherent path planning and
reduced VLM interaction. SAFE-EQA incrementally builds a landmark
graph to capture scene topology and a query-conditioned semantic map
to estimate task relevance of different regions. To support comprehen-
sive, question-oriented exploration, we formulate planning as a Semantic-
Aware Traveling Salesman Problem (TSP), which optimizes the visita-
tion order over discovered landmarks. We further introduce an adaptive
replanning mechanism that selectively interrupts local navigation and
re-optimizes trajectories when higher-priority frontiers emerge. Exten-
sive experiments on OpenEQA, EXPRESS-Bench and HM-EQA show
that SAFE-EQA matches or outperforms state-of-the-art EQA methods
while reducing VLM token consumption by 27.8–45.6%.

Keywords: Embodied Question Answering · Semantic-aware Path Plan-
ning · Travelling Salesman Problem

1 Introduction

Recent advances in embodied AI have shifted the focus from passive visual
recognition to active perception, among which Embodied Question Answering
(EQA) [11,35] is both fundamental and challenging. At the intersection of com-
puter vision, natural language processing, and robotics, EQA requires an agent
to autonomously navigate unseen environments, gather informative observations,
and answer a natural-language query. Success therefore hinges on bridging high-
level language understanding with goal-directed physical exploration to acquire
the visual evidence needed for answering questions.

† Corresponding authors.
Homepage: https://github.com/yjtang249/SAFE-EQA.
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VLM Reasoning

Frontier_1 leads to a new area 
that appears to open into a 
larger space, likely a living or 
dining area, which could 
potentially lead to the dining 
room.
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VLM Reasoning
The frontier leads to a new 
area, while the current 
plan stays within the living 
room. Hence, the frontier is 
more promising.

Current_planFrontier 3
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The current view reveals a sitting area 
lacking dining semantics or the target 
object (vase). Recognizing this is a non-
target room, the agent decides to resume 
exploration along the previously planned 
path.

System DecisionVLM Response
In the current view, the 
dining room is visible 
with a table, and the 
vase is clearly seen on 
the dining table.

4

Q: Where did I place the vase in the dining room? A: On the dining table.

Semantic Map

Detected Landmarks

Fig. 1: SAFE-EQA performs question-driven exploration in unknown environments,
combining semantic reasoning with navigable landmarks to guide the agent. Through
globally coherent path planning, the agent efficiently prioritizes task-relevant regions,
enabling accurate and resource-efficient open-ended question answering.

Consider an agent asked: “Is there a coffee mug on the kitchen table?” in an
unknown house. A naive policy may exhaustively traverse all rooms or wander
randomly. In contrast, an effective agent should leverage semantic commonsense—
for example, inferring that a kitchen table is more likely to be near a kitchen or
dining area than a bedroom—and prioritize exploration accordingly. Given the
goal-oriented nature of EQA, agents must achieve both accurate evidence ac-
quisition and high exploration efficiency. This requires coherent trajectories that
globally prioritize task-relevant regions, reduce redundant motion, and avoid the
latency caused by frequent step-wise decision making.

With the strong reasoning and decision-making capabilities of large Vision–
Language Models (VLMs), recent EQA methods predominantly adopt VLMs
as planners or decision makers [21, 35, 36]. Effective VLM-guided exploration
typically relies on two key components: (i) a structured memory module for
representing and retrieving scene knowledge, and (ii) a planning strategy for
efficient navigation. While many works focus on advanced memory designs for
efficient scene encoding [3,42,46], path-planning strategies remain comparatively
underexplored. Most existing approaches retrieve task-relevant observations and
query the VLM to select the next goal in a step-wise manner. However, this
paradigm has two fundamental limitations. First, invoking the VLM at every
step incurs substantial latency and token overhead, hindering practical online de-
ployment. Second, many methods rely on greedy frontier-based planning, where
the next target is selected from local frontier candidates. Such myopic planning
lacks global topological awareness and long-horizon coordination, often leading
to insufficient exploration (missing critical evidence), discontinuous trajectories
(frequent detours and backtracking), and suboptimal global routes. As a result,



SAFE-EQA 3

agents struggle to systematically cover informative regions and form coherent,
efficient exploration plans.

To enable comprehensive and efficient goal-oriented exploration, we pro-
pose SAFE-EQA, a novel framework that reformulates EQA exploration as a
semantic-aware Traveling Salesman Problem (TSP) over representative land-
marks that approximately cover the navigable scene area (Fig. 1). Rather than
planning solely over frontiers at explored–unexplored boundaries, SAFE-EQA in-
crementally constructs a 2D Voronoi graph from partial observations to extract
topological landmarks online, allowing planning to jointly consider structural
connectivity and exploration boundaries. Conditioned on the target region de-
scribed in the question, we further construct a task-relevant semantic map [21,35]
by querying the annotated scene graph with an LLM. We then solve a semantic-
aware TSP to compute an efficient visitation order over discovered landmarks,
balancing geometric distance and semantic relevance. Importantly, SAFE-EQA
outputs multi-step local trajectories instead of single-step goals, substantially re-
ducing VLM query frequency. To balance efficiency and accuracy, we additionally
introduce an adaptive replanning mechanism: the current route is interrupted
when a newly detected frontier has higher task priority, ensuring both local
trajectory coherence and timely responses to critical visual cues.

Compared with prior discrete, step-wise exploration paradigms, our method
achieves more accurate evidence acquisition by incorporating task semantics into
global route planning, produces more coherent trajectories through topology-
aware landmark ordering, and improves efficiency by reducing redundant motion
and significantly lowering VLM query frequency (and thus token usage). We
evaluate SAFE-EQA on OpenEQA [32] and EXPRESS-Bench [21]. SAFE-EQA
matches state-of-the-art question-answering accuracy and exploration efficiency
while reducing VLM token usage by 35.5–45.6% compared with existing VLM-
guided baselines. In summary, our contributions are as follows:

– We propose SAFE-EQA, a semantic-aware global routing framework that
reformulates EQA exploration as an online TSP over topological landmarks,
moving beyond discrete step-wise goal selection to generate coherent multi-
step trajectories.

– We develop an online planning pipeline that incrementally constructs a 2D
Voronoi graph for landmark extraction and builds a question-conditioned
semantic map via LLM queries, enabling semantic-aware route optimization
and adaptive replanning with substantially fewer LLM/VLM interactions.

– Extensive experiments show that SAFE-EQA maintains state-of-the-art an-
swering accuracy while reducing LLM/VLM token consumption by 35.5–
45.6%, validating improved accuracy, trajectory coherence, and exploration
efficiency in embodied question answering.
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2 Related Works

2.1 Embodied Question Answering

Embodied Question Answering (EQA) requires an agent to actively explore an
environment and gather visual evidence to answer a given question. Early stud-
ies [11, 12, 15, 39, 48] mainly relied on trained task-specific modules or heuristic
policies, which limits their generalization to open-ended questions across diverse
scenarios. With recent advances in vision-language models (VLMs) and large
language models (LLMs), foundation models have shown strong spatial reason-
ing capabilities [1, 2, 13, 23, 24, 30, 37] and have been adopted in a broad range
of embodied AI tasks [4, 8, 14, 18, 19, 31, 45]. Building on this progress, recent
EQA methods increasingly incorporate VLMs/LLMs as high-level planners or
decision-makers. Some approaches use question-aware semantic maps to guide
exploration [10,21,35], while others emphasize efficient memory and representa-
tion design for information encoding and retrieval [3, 36,42,49].

2.2 Autonomous Scene Exploration

Autonomous scene exploration is a core capability in embodied AI and under-
pins a wide range of downstream tasks. In classical settings (e.g., 3D recon-
struction and mapping), the primary objective is to maximize scanning cover-
age while maintaining exploration efficiency. Representative approaches include
field-based methods [25], which use vector fields (e.g., gradient or tensor fields)
to guide agents along smooth trajectories [26,33,41,43], and frontier-based meth-
ods, which improve coverage by selecting goals on the boundary between known
and unknown regions [6, 17, 28, 44]. More recently, exploration has increasingly
shifted toward goal-oriented settings, where agents are expected to discover task-
relevant evidence rather than exhaustively scan the entire scene. In this context,
LLMs/VLMs have been introduced to support online planning through semantic
inference and spatial reasoning [5,7,9,27,40]. Benefiting from broad world knowl-
edge and strong reasoning capabilities, these models can better connect partial
observations to task objectives in both semantic and spatial dimensions, making
them a promising direction for scalable, general-purpose embodied exploration.

3 Method

3.1 Overview

In Embodied Question Answering (EQA), an agent is initialized in an unseen
environment and given an open-ended natural-language question q. The goal
is to actively explore the environment and gather sufficient visual evidence to
answer q with high confidence.

As shown in Fig. 2, SAFE-EQA follows a two-stage framework. In the pre-
processing stage, we parse the input question q to identify target regions and
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Fig. 2: Overall pipeline of SAFE-EQA. Given an input question q, the Prepro-
cessing stage constructs a Goal Graph for target region identification. During Online
Exploration, a Semantic Map and a Landmark Graph are incrementally built from
observations. The Semantic-aware TSP, guided by the Semantic Map, computes a vis-
itation sequence over all landmarks, resulting in a globally coherent path that efficiently
prioritizes task-relevant regions. The Hierarchical Answer Module retrieves key obser-
vations and invokes the VLM for answering only when sufficient evidence is available.

objects, and construct a Goal Graph [47] encoding their semantic relations. This
graph provides high-level guidance for the subsequent exploration (Sec. 3.2).

In the second stage, online exploration (Secs. 3.3 and 3.4), SAFE-EQA in-
crementally builds a 3D Scene Graph from RGB-D observations and queries a
large language model (LLM) to assess task relevance across regions, yielding a
continuously updated 2D Semantic Map. In parallel, it constructs a Landmark
Graph [7, 40] as a topological abstraction for global path planning. The plan-
ner then jointly considers geometric distance and semantic relevance to improve
both exploration completeness and efficiency.

SAFE-EQA further employs a hierarchical answering module that performs
coarse-to-fine graph matching and filtering to identify task-relevant evidence.
This module removes irrelevant context and invokes the VLM only when neces-
sary, improving inference efficiency and reducing token use (Sec. 3.5).

3.2 Preprocessing

In the preprocessing stage, we extract task-relevant semantic entities from the
input question q. Specifically, we use a large language model (LLM) to parse q
and identify target objects and their relationships. Based on the parsed seman-
tics, we construct a goal graph [47], denoted as Ggoal = (Vgoal,Egoal), where
Vgoal contains target-object nodes and Egoal encodes inter-object relations.

Each node vgoal
i ∈ Vgoal is associated with a category label and an open-

vocabulary feature fgoali , extracted using a pretrained embedding model [29]. The
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edge set Egoal represents spatial or semantic relations between objects, selected
from a predefined relation vocabulary.

For questions involving abstract concepts (e.g., “to sit”), we introduce ab-
stract labels into the goal graph to better identify regions that satisfy the intent
of the query.

During online exploration, the goal graph is periodically matched with the
scene graph to filter candidate target regions and guide the answering module.

3.3 Scene Construction and Exploration

To efficiently encode the information of the scanned scene during online explo-
ration, we incrementally construct several key data structures, including a scene
graph Gscene, semantic map S, landmark graph L, frontier graph F, and a Mini-
mal Keyframe Set K. Building upon them, we formulate the exploration process
as a Traveling Salesman Problem (TSP) to ensure a comprehensive and efficient
exploration strategy.

Scene Graph and Semantic Map. The scene graph Gscene = (Vscene,Escene)
is a topological representation of the detected instances in the environment,
where nodes Vscene represent individual instances, each associated with a la-
bel and feature, similar to the goal graph. The edges Escene encode the spatial
relationships between these instances. At each step t, the agent captures N ego-
centric RGB-D images along with their corresponding camera poses. An open-
vocabulary segmentation model [50] is used to generate 2D instance masks from
the RGB images, which are then lifted into 3D through back-projection with
the corresponding depth image and camera pose. Newly detected 3D instances
are either added or merged with existing instances in Gscene, ensuring that the
scene graph remains up-to-date with the agent’s surroundings.

To assign task priority to different regions, we partition Gscene into a set
of connected subgraphs, denoted as Gscene = {Gscene

i | i = 1, 2, . . . ,m}. Each
Gscene

i is then prompted to an LLM to obtain a task relevance score τi ∈ [0, 1],
reflecting its relevance to the current question. The score is then semantically
fused into the overall semantic map S, applied to the unoccupied areas near the
point cloud of Gscene

i within a distance threshold r.
For each unoccupied point p ∈ PGscene

i
, where PGscene

i
is the set of unoccupied

points within the range r of Gscene
i , the updated semantic value is given by:

wt = wt−1 + 1, S(p)t =
wt−1

wt
· S(p)t−1 +

1

wt
· τi, (1)

where S(p)t represents the updated score, S(p)t−1 is the previous score, and wt

is the accumulated weight.

Frontier and Landmark Graph. In each step t, the frontier graph Ft = {ft,i}
records potential exploration directions at the boundary between explored and
unexplored areas [44], where each frontier represents an aggregation of discrete
regions.
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However, relying solely on frontier-based exploration (FBE) [35,46] can lead
to incomplete or inefficient exploration due to the discontinuous nature of step-
wise goal selection. To overcome this, we introduce the landmark graph Lt =
{lt,i}, which anchors the scanned scene by discretizing it into a set of represen-
tative points. The landmark graph is constructed incrementally by extracting
Voronoi graph [7, 22, 40] over the navigable area already scanned, where each
node represents a landmark, and edges define the navigable connections be-
tween them. As new regions are explored, the Voronoi graph is updated, and
redundant or previously visited nodes are removed. This approach ensures that
the landmarks represent key spatial points, while the complementary frontier
and landmark graphs guide exploration, preserving both global consistency and
semantic awareness of the agent’s trajectory.

After each update of the landmark or frontier graph, we perform a distance-
based clustering to assign each frontier to the nearest landmark. Specifically, for
a given frontier ft,j , its corresponding landmark fl(ft,i) is selected as:

fl(ft,i) = arg min
lt,i∈Lt

d(ft,j , lt,i), (2)

where d(ft,j , lt,i) represents the distance between frontier ft,j and landmark lt,i.
If a frontier does not have a landmark within a distance threshold rf , its corre-
sponding landmark is set to None.

Minimal Keyframe Set. In order to reduce redundancy and maintain essen-
tial visual observations, we use a Minimal Keyframe Set K, which consists of
representative observations taken throughout the exploration. This set is con-
structed and updated incrementally by applying the co-visibility clustering based
approach [46], ensuring that the selected keyframes provide a compact yet infor-
mative representation of the scanned scene.

Exploration Based on Semantic-aware TSP. Inspired by prior work in au-
tonomous scene exploration [41,43], we treat the extracted landmarks as a coarse
topological coverage of the scene for globally coherent path routing. Specifically,
we formulate exploration as an online TSP over the landmark graph. Given the
current landmark set {lt,i}, our goal is to determine their optimal visitation or-
der. This order is represented by a permutation Π = (π0, π1, . . . , πn−1), where
πi denotes the i-th landmark in the sequence.

Due to the goal-oriented nature of our exploration task, solving the TSP
purely based on geometric distance cannot lead to optimal solution. Instead,
we propose semantic-aware TSP, which incorporates both the geodesic distances
between landmarks and their corresponding task relevance scores, derived from
the semantic map S. This enables the agent to prioritize regions with higher
task relevance, while still striving to minimize the overall travel cost, ensuring
both efficient and task-aware exploration. Specifically, our semantic-aware TSP
optimization begins with determining a reference point pr, which can either be
the agent’s current position or a manually selected point, as described in Sec. 3.4.
The landmark which will be visit firstly, π0, is set as the closest landmark to pr.
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Current plan

Frontier 0

Frontier 1

VLM

Q: What material are the stools 
in the kitchen made out of ?

VLM Response

Frontier_0 appears to lead to 
a more open area, potentially 
related to dining area or 
outdoor patio, making it 
more likely to the target area 
than the current plan.

Available Frontiers
Landmarks
Next goal of current plan

Ignored Frontiers

Agent’s position

Fig. 3: Priority assessment for new frontiers. When a new frontier is detected, the
agent captures an image of it. The image, along with those of other selected frontiers
and the next goal in current path, are combined and fed to the VLM to assess whether
any new frontier should be prioritized for exploration.

The semantic-aware TSP is thus formulated as:

si =
S(πi)∑
j S(πj)

, λi = 1− wsem · si (3)

T SP(pr,Π) = min
Π

n−1∑
i=1

[λi · dist(πi−1, πi)] (4)

where si represents the normalized semantic score of landmark πi over all land-
marks, and λi is defined as the discount factor applied to each landmark, ex-
tracted with a predefined weight wsem. The geodesic distance between consec-
utive landmarks is represented as dist(πi−1, πi). The final solution to the TSP
balances the routing cost and the semantic relevance of each landmark, ensuring
both efficiency and task-awareness in the exploration path.

3.4 Online TSP Solving

Building upon the formulation of Semantic-aware TSP in Eqs. (3) and (4), we
now focus on the online TSP solving, which is triggered whenever a new landmark
is detected or a frontier with higher priority is identified during exploration. In
such cases, the visitation sequence over all landmarks should be updated to
ensure that the agent’s exploration path remains optimal and task-aware.

Reference Point Selection. As mentioned above, the reference point pr must
be determined before solving the TSP each time, as it directly determines the
first landmark to visit (i.e. π0).

Suppose TSP solving is triggered at step t. If new landmarks are detected,
pr is set to the agent’s current position, pt. If new frontiers are detected, a
Priority Assessment is performed. As illustrated in Fig. 3, we firstly filter the
frontier graph Ft = {ft,i} to obtain a subset of frontiers close to pt, and with an
associated landmark (i.e. fl(ft,i) ̸= None). This subset is denoted as F′

t = {f ′t,i}.
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Subsequently, the agent captures the observation of each new frontier in F′
t,

and retrieve the observations of all selected frontiers, denoted as {ot,i}. The
position of each f ′t,i is then marked in ot,i, and these observations, along with
the observation of the next landmark in the existing visitation order (denoted as
on) are combined. This combined input is fed to a VLM to determine whether
any of the selected frontiers should explore firstly than the current next goal.
The optimal observation selection is formulated as follows (the prompt is given
in the supplementary):

o′ = V LM({ot,i},on) (5)

If any of the frontiers is considered to have a higher priority (i.e., o′ ∈ {ot,i}),
its corresponding landmark fl(ft,i) is set as the reference point, and TSP solving
is triggered.

TSP Solving. Once the reference point is determined, The TSP is solved to
update the exploration path. To maintain continuity and avoid drastic path
changes, we recalculate the TSP only for a local set of k landmarks, while keeping
the remaining landmarks in their original order in the visiting queue.

The local landmark set consists of the k landmarks with the highest priority
scores, selected through the following procedure for each landmark li:

1. Compute the geodesic distance di from li to the reference point using A*.
2. Adjust the semantic score S(li) by applying a sigmoid function followed with

a scaling factor λa, yielding si = λa · σ(S(li)).
3. Calculate the priority score of li as:

pri =
sαi

(di + ϵ)β
, (6)

where α and β control the influence of the semantic score and distance, and
ϵ avoids division by zero.

Recalculating the TSP only for the selected local landmarks, this approach mini-
mizes the difference between consecutive planned paths, ensuring smoother tran-
sitions and prioritizing task-relevant regions with high semantic scores. Algo-
rithm 1 summarizes the TSP solving process.

3.5 Hierarchical Answering Module

To avoid querying the VLM for answer prediction at every step, we propose a
hierarchical answering approach. This method only invokes the VLM when a
task-relevant region is identified, significantly reducing token consumption and
improving exploration efficiency.

The first stage aims to coarsely localize potentially relevant regions. To
achieve this, we perform graph matching [47] between the goal graph Ggoal and
the scene graph Gscene, extracting the overlapped nodes by computing pairwise
feature similarities between {fscenei } and {fgoali }. These overlapped nodes are
referred to as the target anchor nodes. To preserve more scene context, we then
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Algorithm 1: Solve Semantic-aware TSP
Input: Landmarks’ visitation sequence Πt−1 = {πt−1

0 , . . . , πt−1
n−1}, reference

point pr

1 Compute priority scores: {pri = Pri(πt−1
i )};

2 Select top-k landmarks to form the local landmark set:
Ls = argmaxS⊆Πt−1, |S|=k

∑
π∈S Pri(π);

3 foreach li ∈ Ls do
4 Πt−1 ← Πt−1 − {li};
5 Solve semantic-aware TSP on Ls: Πs = T SP(pr,Ls);
6 Concatenate the two sequences: Πt ← Πs ∥Πt−1;
7 return Updated visitation sequence Πt = {πt

0, . . . , π
t
n−1}

extract the kn-neighbors of the target anchor nodes in Gscene, forming a subset
of the scene graph, denoted as Gscene′.

In the second stage, a filtering-and-answering approach [46] is employed.
First, the labels of the nodes in Gscene′ are fed to the LLM along with the ques-
tion q to identify the potential target instances Tscene in the scene. If Tscene ̸= ∅,
the corresponding visual observations of these target instances are retrieved from
the Minimal Keyframe Set K and fed to the VLM for answer prediction. The
exploration ends if a confident answer is provided; otherwise, the agent continues
exploring according to the planned path.

To prevent redundant queries, target anchor nodes that have been queried
are marked as "queried" and ignored in the first stage, until their relationship
with other nodes is updated.

4 Experiments

In this section, we conduct extensive experiments to evaluate our method against
state-of-the-art methods on a set of publicly available Embodied Question An-
swering benchmarks. We first describe the experimental setup and implemen-
tation details in Sec. 4.1. We then present quantitative and qualitative results
in Sec. 4.2 and Sec. 4.3, respectively. Finally, we provide ablation studies to
analyze the contribution of our key design choices in Sec. 4.4.

4.1 Experimental Setup

Implementation Details. We use GPT-4o [20] as the VLM for frontier priority
assessment and answer prediction, and Qwen3-30B-A3B-Instruct-2507 [38] as
the LLM for preprocessing, semantic mapping, and target-object prefiltering.
For scene reconstruction, we follow prior work [35] and adopt a TSDF-based
volumetric representation with a voxel size of 10 cm, from which we extract the
2D occupancy and semantic maps. We build the Voronoi graph over the 2D
free space and update it incrementally, ignoring newly detected vertices that
fall within 1.2m of existing ones. To further reduce redundancy, we track the



SAFE-EQA 11

Methods
OpenEQA EXPRESS-Bench HM-EQA†

LLM-Match
(↑)

LLM-Match
SPL (↑)

LLM-Match
(↑)

LLM-Match
SPL (↑)

LLM-Match
(↑)

Explore-EQA [35] 46.9 23.4 - - -

CG w/ Frontier Snapshots [16] 47.2 33.3 - - -

MemoryEQA* [49] 45.3 28.4 52.7 33.6 42.8

Fine-EQA [21] 43.8 26.6 51.4 28.1 44.2

3D-Mem [46] 52.6 42.0 67.5 50.3 59.0

SAFE-EQA (Ours) 56.4 53.9 63.3 53.5 59.2

Table 1: Comparison on answering accuracy and exploration efficiency. "CG"
represents ConceptGraphs, we take the results of this method reported in 3D-Mem [46].

agent’s trajectory and discard newly proposed landmarks within 1.2 m of any
previously visited position. For semantic mapping, we use OpenSEED [50] as
the 2D foundation model to generate instance masks from RGB images, and lift
them into 3D to update the scene graph following ConceptGraph [16]. We set
the hyperparameters to k = 5, wsem = 0.8, and α = β = 1 in our experiments.

Datasets. We evaluate on three benchmarks built on HM3D scenes [34]: Open-
EQA [32], EXPRESS-Bench [21], and HM-EQA [35]. For OpenEQA, we use the
A-EQA split with 184 open-ended questions. For EXPRESS-Bench, which cov-
ers 174 scenes and each scene contains one or more questions, we select the first
question per scene to form a 174-question subset due to resource constraints.
HM-EQA is originally a multiple-choice benchmark; to better match real-world
open-ended EQA, we remove the answer choices and use the content of the
correct option as the ground-truth answer, denoting this adapted dataset as
HM-EQA†. Together, these benchmarks cover diverse tasks, such as object local-
ization, attribute recognition, functional reasoning, and spatial understanding.

Metrics. Our evaluation considers three aspects: answering accuracy, explo-
ration efficiency, and querying overhead. Following OpenEQA, we adopt LLM-
Match to measure answering correctness, where an LLM assigns a score θi ∈
{1, . . . , 5} to the predicted answer that is further mapped to a score from 0 to
100. We also report LLM-Match SPL, which weights θi by the exploration path
length to reflect efficiency. In addition, we measure the number of tokens con-
sumed by both VLM and LLM queries as an indicator of the overall resource
overhead.

Baseline Methods. We compare SAFE-EQA with several recent VLM-guided
exploration methods for open-ended, active Embodied Question Answering to
evaluate the effectiveness of our approach. In particular, we consider Explore-
EQA [35], ConceptGraph with frontier snapshots [16], and other state-of-the-art
baselines including Fine-EQA [21], MemoryEQA [49], and 3D-Mem [46]. Most
of these methods rely on frequent VLM calls for stepwise decision making or
next-goal selection. Notably, the original MemoryEQA only supports EQA tasks
formulated as multiple-choice questions. We modify its prompts to handle open-
vocabulary questions, and denote this adapted version as MemoryEQA*.
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4.2 Quantitative Results

Results of Accuracy and Efficiency. We report LLM-Match and LLM-Match
SPL in Tab. 1, following the same evaluation protocol as 3D-Mem. SAFE-
EQA matches or achieves state-of-the-art question-answering accuracy on both
datasets, performing comparably to 3D-Mem and outperforming other baselines
by over 20%. Benefiting from the compact yet comprehensive visual memory
proposed by 3D-Mem, our method can retrieve informative past observations
immediately once graph matching identifies a potential target region. More-
over, our globally coherent path-planning strategy yields superior exploration
efficiency, reflected by the highest LLM-Match SPL. Unlike other methods that
query the VLM for stepwise next-goal selection, SAFE-EQA plans multi-step
trajectories by solving a semantic-aware TSP, ensuring exploration that is both
consistent, efficient and task-oriented.

Methods OpenEQA EXPRESS
-Bench HM-EQA

3D-Mem 19488.7
(+84.1%)

23270.1
(+55.2%)

22461.7
(+38.5%)

SAFE-EQA 10585.8 14991.5 16214.1

Table 2: Token consumption per scene
(↓). Percentages in parentheses denote the in-
crease relative to SAFE-EQA.

Results of VLM/LLM Cost. To
demonstrate SAFE-EQA’s reduced
resource overhead, we report the to-
ken consumption of LLM and VLM
queries in Tab. 2. The reduc-
tion mainly stems from two factors.
First, our TSP-based planner pro-
duces multi-step trajectories, and the VLM is invoked for goal comparison only
when new frontiers are detected, far less frequently than the stepwise next-goal
selection used by most baselines. Second, our hierarchical answering module
triggers VLM-based answer prediction only when graph matching identifies a
potential target region, rather than at every step.

Token Overhead Analysis. We conduct a breakdown experiment to analyze
the contribution of the key modules to overall token overhead. Specifically, we
consider the LLM-based modules Preprocessing and Semantic Mapping, as well
as the VLM-based modules Priority Assessment and Answering. The analysis
in Fig. 4 shows each module’s token-consumption percentage across exploration
trajectories of varying lengths: Short (< 5 m), Middle (5–25 m), and Long (> 25
m). Notably, as the explored area grows, token usage for Semantic Mapping
and Priority Assessment increases proportionally, reflecting their more frequent
invocation in larger environments. This underscores their crucial role in accurate
task-priority identification and efficient path planning.

Runtime Analysis. We further analyze the runtime cost of the key modules on
the A-EQA-41 split of OpenEQA [32]. As shown in Tab. 3, VLM-based modules
dominate the per-call latency, with Answer prediction taking 11.88 s and Priority
Assessment taking 4.32 s on average. Nevertheless, they are invoked only occa-
sionally (0.24 and 0.18 times per step), while lightweight graph and planning
modules are called more frequently. In particular, solving the semantic-aware
TSP takes only 0.31 s per call. This scheduling is consistent with our multi-
step planning and hierarchical answering design, which limits expensive VLM
reasoning to critical decision points and keeps the overall exploration practical.
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Modules Avg.
Time

Avg.
Frequency

Scene graph querying 2.93 0.56
Landmark graph updating 2.09 0.72
Priority Assessment 4.32 0.18
Answer prediction 11.88 0.24
Solving TSP 0.31 0.23

Table 3: Runtime analysis. The aver-
age time cost (s) and invoking frequency
(per step) of the key modules.

Short Trajectories Middle Trajectories Long Trajectories

20.9 7.3 10.7 7.2 14.1 14.7 5.0 20.1 33.2

Preprocessing Semantic Mapping
Priority Assessment Answering

Fig. 4: Token overhead breakdown.
Token usage of each module is shown for
exploration paths of varying lengths.

b) Question: Where is the large plant I usually keep in the living room?

3D-Mem Ours

The large plant 
is near the 
window in the 
living room.

VLM Response

Target room (living 
room) unverified. 
Despite a plant in 
Keyframe_0,insufficient 

VLM Reasoning

The CCTV is 
likely used 
for security 
and 
monitoring 
purposes in 
the bar 
area.

VLM Response

Ours

a) Question: What purpose does the CCTV serve in the house?

3D-Mem Ours

This frontier leads to a 
bedroom, which is not 
relevant to the goal, 
so go on with current 
plan.

VLM Reasoning

Current 
plan

Available 
frontiers

In View_0, the TV screen 
appears to be  blank, 

VLM Response
c) Question: Is the TV in the living room turned on?

3D-Mem

d) Question: Did I leave the faucet running in the kitchen?

3D-Mem Ours

No kitchen detected; 
maintaining current 
plan.

VLM Reasoning

Current planAvailable frontiers

indicating 
that itis 
turned off.

context 
prevents a 
confident 
answer.

Fig. 5: Comparison of exploration trajectories. The starting point of each tra-
jectory is marked as a red circle.

4.3 Qualitative Results

We compare exploration trajectories produced by our method and 3D-Mem
in Fig. 5. When the start and target regions are in different rooms and the target
is not directly visible, 3D-Mem may get stuck and oscillate around nearby fron-
tiers. In (a) and (c), for example, it follows a zig-zag path and fails to move to
other rooms, whereas our method thoroughly explores the current room before
discovering the next-room entrance.

The yellow boxes in (c) and (d) show that our frontier-triggered priority as-
sessment enables the VLM to choose the best next goal by comparing planned
landmarks with newly detected frontiers. In (b), even when a target-like object
appears in an irrelevant region, our method keeps exploring because the answer-
ing prompt enforces scope-consistent matching, as detailed in the appendix.
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LLM-Match
SPL (↑)

Token
number (↓)

Distance-only 45.7 14376.9
Semantic-aware 53.9 10585.8

Table 4: Ablation study on path planning
strategy. The Distance-only TSP is solved
based on geodesic distance.

Trajectory
length (↓)

Token
number (↓)

wo. PA 39.4 35921.3
w. PA 32.7 38753.2

Table 5: Ablation study on
priority assessment. The trajec-
tory length is measured in meters.

4.4 Ablation Study

Effect of Semantic-aware TSP solving. To assess the effect of our path plan-
ning strategy, we compare the proposed Semantic-aware TSP with the traditional
TSP, which determines the landmark visitation sequence solely by distance. As
shown in Tab. 4, incorporating semantic relevance enables the agent to priori-
tize task-relevant regions while maintaining a globally coherent path. Compared
to the vanilla TSP, our Semantic-aware TSP improves exploration efficiency by
17.9% and reduces query overhead by 26.4%. These results demonstrate that
integrating semantic information into the path planning significantly enhances
both the completeness and task-awareness of the exploration strategy.

Effect of Priority Assessment. To evaluate our Priority Assessment (PA)
mechanism, we test questions with long exploration trajectories (> 25,m) from
EXPRESS-Bench, with results shown in Tab. 5. Removing this VLM-based mod-
ule slightly reduces the number of VLM queries during exploration, but the gain
is limited. In contrast, it increases the average trajectory length by 20.5%, re-
ducing exploration efficiency. These results show that PA improves exploration
efficiency with a manageable query overhead.

Hyperparameter Ablations. We further conduct ablation studies to exam-
ine the sensitivity of SAFE-EQA to several key hyperparameters, with details
provided in the Appendix.

5 Conclusion

We present SAFE-EQA, a semantic-aware exploration framework for Embodied
Question Answering. SAFE-EQA builds a 3D Scene Graph, a Landmark Graph,
and a query-conditioned Semantic Map online to support globally coherent
and task-relevant exploration. By formulating exploration as a semantic-aware
Traveling Salesman Problem (TSP), SAFE-EQA plans multi-step trajectories
that prioritize task-relevant regions and reduce redundant motion. Its frontier-
triggered Priority Assessment and hierarchical answering modules further limit
unnecessary VLM queries, improving efficiency and resource utilization. Exper-
iments on Open-EQA, EXPRESS-Bench, and HM-EQA show that SAFE-EQA
achieves strong question-answering accuracy and exploration efficiency while re-
ducing token consumption compared with SOTA methods. Overall, SAFE-EQA
provides initial evidence that combining semantic reasoning with global path
planning is a promising direction for efficient, task-oriented EQA.
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