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Is the bedsheet color in the master bedroom the same as in the guest bedroom?
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Figure 1. In the illustrated scenario, our FAST-EQA agent first localizes relevant regions, such as the master bedroom and guest bedroom,
and identifies the visual target: bedsheet. Guided by a semantic-aware global exploration strategy focused on relevant rooms, it navigates
across these regions while maintaining and updating a target-specific memory based on visual relevance. Once sufficiently confident, the
agent queries a large vision–language model (here, GPT-4o) to answer the question using the stored visual observations.

Abstract

Embodied Question Answering (EQA) combines visual
scene understanding, goal-directed exploration, spatial and
temporal reasoning under partial observability. A central
challenge is to confine physical search to question-relevant
subspaces while maintaining a compact, actionable mem-
ory of observations. Furthermore, for real-world deploy-
ment, fast inference time during exploration is crucial. We
introduce FAST-EQA, a question-conditioned framework

*Equal contribution. †Work done during internship at HRI.

that (i) identifies likely visual targets, (ii) scores global
regions of interest to guide navigation, and (iii) employs
Chain-of-Thought (CoT) reasoning over visual memory to
answer confidently. FAST-EQA maintains a bounded scene
memory that stores a fixed-capacity set of region–target hy-
potheses and updates them online, enabling robust han-
dling of both single- and multi-target questions without
unbounded growth. To expand coverage efficiently, a
global exploration policy treats narrow openings and doors
as high-value frontiers, complementing local target seek-
ing with minimal computation. Together, these compo-
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nents focus the agent’s attention, improves scene cover-
age, and improve answer reliability while running sub-
stantially faster than prior approaches. On HMEQA and
EXPRESS-Bench, FAST-EQA achieves state-of-the-art per-
formance, while performing competitively on OpenEQA
and MT-HM3D. All source code will be publicly released.
More information can be found on our project page:
https://astronirav.github.io/fasteqa

1. Introduction
In order to have generalizable robot assistants in human-
centric environments such as homes, we seek the ability for
robots to actively explore unknown environments and han-
dle diverse natural language queries. This behavior can be
characterized by the task of Embodied Question Answering
(EQA), where a physical or simulated embodied agent is
asked to answer a natural-language question via moving and
perceiving in an unexplored 3D environment, rather than re-
lying on a static image. The agent must combine natural
language understanding, visual scene understanding, explo-
ration, and spatial and temporal reasoning under partial ob-
servability to gather the evidence needed to answer. A core
challenge is deciding where to explore at each step, narrow-
ing the search to question-relevant regions while keeping a
compact memory representation of what has been seen, es-
pecially in unseen environments. To add more complexity,
practical tasks often have multiple targets, requiring embod-
ied agent to navigate and gather information from multiple
sources to answer the question. For instance, to answer the
question “Are the curtains in the bedroom the same color
as those in the living room?”, the agent must visit both the
rooms, detect the curtains in each, store the observations in
memory, and then reason over this evidence to provide the
answer. Finally, in order to support physical robots in the
real world, EQA approaches must follow deployment con-
straints with regards to power, memory, and inference time.

Recent advances in large language models (LLMs) and
vision-language models (VLMs) have shown impressive ca-
pabilities in planning, reasoning, and question-answering
(QA) [19, 20, 38] in the field of 2D vision. Thus, existing
EQA systems increasingly lean on these models to choose
exploration directions, quantify confidence, and inject pre-
trained, web-scale knowledge that can anchor high-level
goals. However, VLMs struggle with long-horizon embod-
ied AI tasks due to shallow working memory, limited spa-
tial reasoning, and weak integration of observations over
time. Trained primarily on static image–text corpora, they
lack the sequential perception–action grounding needed to
maintain coherent representations of large, partially ob-
served scenes or to selectively retain task-relevant informa-
tion [27]. These issues become especially acute in multi-
target tasks, where agents must jointly reason over spatial

and temporal evidence gathered from multiple locations.
To mitigate these limitations, many methods maintain

structured memory in the form of object-centric metric-
semantic scene graphs [15, 21, 29]. While effective for cap-
turing symbolic relationships, explicit graph construction
is computationally and memory intensive, slows real-time
operation, and often collapses nuanced spatial detail into
coarse edges. Alternatively, storing raw images or mem-
ory snapshots [33] preserves fine-grained layout but causes
memory usage to grow without bound as exploration pro-
ceeds—an issue that is particularly acute in long-horizon
and multi-target tasks. Thus, existing memory designs trade
off either efficiency or scalability, limiting their practical
utility.

Furthermore, exploration strategies present parallel chal-
lenges. Most existing approaches are frontier-based [25],
which are effective in open spaces but blind to indoor
regularities, inattentive to question-conditioned semantics,
prone to repeated exploration when uncertain, and unable to
target intuitive transitions such as doors, hallways, or rooms
that are often key to exploration. Consequently, both mem-
ory and control components of existing EQA systems strug-
gle to scale gracefully to complex, long-horizon tasks.

In the context of the above challenges, we present
FAST-EQA - FAst, Semantics-aware, Target-driven Explo-
ration for Embodied Question Answering (Figure 1), an em-
bodied QA system that couples semantically-guided global
and local exploration policies with bounded visual mem-
ory. Given a question, FAST-EQA first uses an LLM to
extract candidate visual goals or targets, initializes a spa-
tial memory and ranks regions of the environment by their
likelihood of containing relevant evidence for the goals.
Exploration then proceeds with two complementary poli-
cies: Global Relevance (GR) Exploration, which departs
from standard frontier-based exploration (FBE) by prior-
itizing transitional waypoints such as hallways and doors
to efficiently reach promising areas, and Local Relevance
(LR) Exploration, which assess relevant local regions (e.g.
rooms) on their informativeness for answering the question.
The agent interleaves GR and LR steps dynamically until it
can answer confidently. As the agent explores, it maintains
an explicitly-bounded visual memory, maintaining a fixed
budget of k visual snapshots per target to ensure efficiency
and scalability. After taking LR steps, the system invokes
the VLM’s chain-of-thought reasoning over these snapshots
to produce the final answer.

We evaluate FAST-EQA comprehensively on both
multiple-choice QA and open-answer datasets across HM-
EQA [25], EXPRESS-Bench [17], OpenEQA [22], and
MT-HM3D [37], achieving superior performance on HM-
EQA and EXPRESS-Bench and competitive results on
OpenEQA and MT-HM3D, underscoring the method’s ver-
satility across question types. Additionally, we show that
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our method has superior real-time inference capabilities,
consistently producing navigation decisions faster during
each step of exploration. Our contributions can be sum-
marized as follows:
• We present FAST-EQA, a lightweight embodied QA

framework that runs in near real-time with a compact
memory footprint, making it well-suited for deployment
on embodied agents.

• We propose semantically guided frontier-selection policy
designed for indoor environments, which prioritizes nar-
row openings and doors as informative frontiers to transi-
tion between semantically different regions while direct-
ing exploration toward relevant visual targets and goals.

• To ensure efficient scaling to multi-target questions, we
introduce a bounded memory that selectively retains
target-specific visual snapshots, enabling lightweight op-
eration.

2. Related Works
2.1. Embodied Question Answering
Embodied Question Answering (EQA) tasks agents with
navigating environments to answer language queries. Early
works such as EmbodiedQA [8] and IQA [12] estab-
lished the problem of coupling active perception with lan-
guage grounding. Hierarchical methods like Neural Mod-
ular Control [9] decompose navigation into semantic sub-
goals, while Multi-Target EQA[35] extended reasoning to
comparative queries across multiple objects. Subsequent
advances incorporated richer perception: point cloud in-
puts improved photorealistic navigation [30], and VideoN-
avQA [2] highlighted reasoning challenges even when
navigation is removed. Recent efforts emphasize effi-
ciency and generalization. EfficientEQA [6] and HM-EQA
[25] introduced semantic-guided exploration and early-
stopping, while Fine-EQA [17] benchmarked fine grained
exploration-aware answering. Foundation model integra-
tion has also emerged: OpenEQA reframed EQA in the
context of VLMs, and graph- or memory-augmented ap-
proaches (e.g., GraphEQA [26], 3D-Mem [33], Memo-
ryEQA [37]) addresses long-horizon reasoning. Collec-
tively, these works show progress toward real-world EQA
but reveal persistent gaps in spatial reasoning, structured
memory for complex queries, and exploration time.

2.2. VLMs for Embodied Tasks
Large-scale vision-language models (VLMs) have been
adapted to embodied contexts to improve reasoning. PaLM-
E [10] demonstrated that grounding multimodal LLMs in
sensory inputs enables general-purpose planning and per-
ception, with transfer across VQA and robotics. Spa-
tialVLM [5] addressed VLMs’ weakness in 3D reasoning
by training on large-scale spatial QA, improving distance

and relation understanding. Complementary to this, Think,
Act, and Ask [7] showed how LLMs can orchestrate ex-
ploration and dialog for personalized navigation, highlight-
ing the potential of interactive reasoning in embodied tasks.
While these works showcase the versatility of foundation
models, their effectiveness often depends on coupling with
structured spatial memory for reliable reasoning.

2.3. Memory Representations for Embodied Tasks
Effective memory remains central to Embodied QA.
Metric- and semantic-based approaches like Semantic Map-
Net [3] and Goal-Oriented Semantic Exploration [4] build
allocentric maps that accumulate semantic cues for nav-
igation and object search. Semi-Parametric Topological
Memory and VLMaps further demonstrated that topolog-
ical and vision-language fused maps support robust local-
ization and zero-shot navigation. Extensions such as VLFM
[34] leverage language-grounded frontier exploration, while
ConceptGraphs [13] and GraphEQA [26] use 3D semantic
scene graphs for relational reasoning. Memory-centric de-
signs, e.g. MemoryEQA [37] and ReMEmbR [1], place
structured, queryable memory at the core of decision-
making, enabling long-horizon and temporal reasoning.
These advances confirm that semantically enriched memory
is key to bridging perception and reasoning, but also un-
derscore challenges in scaling memory to open-vocabulary,
complex environments.

3. Problem Formulation
We formulate the problem of EQA similar to [25, 37]. For
an EQA task, an agent is initialized at a random location
within a given single-floor environment and asked a natu-
ral language question. In any given episode, the agent will
explore up to t ≤ N timesteps where N is the maximum
time steps allowed for the robot, which is scaled relative to
the size of the scene. Each action step corresponds to a dis-
crete change in the agent’s pose, either through translation
or rotation, and planning of the next pose. An EQA sce-
nario then consists of a sequence of RGB-D observations
O = {oi}Ni=0 obtained from exploration, a state sequence
of agent poses during exploration, S = {si}Ni=0, an input
question Q, and some ground-truth answer y. In this work,
we consider two types of questions: multiple-choice, where
the set of candidate answers is guaranteed to contain the cor-
rect label y, and open-ended, where the answer is expressed
as a free-form text sentence.

Furthermore, in our method we define the relevant
room(s) for exploration for a given query as a set R. The
visual target(s) that needs to be observed are denoted
as T = {Tm}Mm=0 where M is the total number of
visual targets, and the current region the agent sees at
timestep t is denoted as Rt. For example, for the query
“Is the bedsheet color in the master bedroom the same
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Figure 2. FAST-EQA processes the question (Q) by extracting relevant regions (R) and visual targets (T). At each step, it localizes its
current region (Rt) and updates a semantic memory. For each target Tm, it maintains a dedicated memory ψm that is refined using a visual
relevance score. The agent employs a semantic frontier–guided global exploration strategy, leveraging narrow passages (e.g., doors and
hallways) to effectively search for relevant semantic regions. When a relevant region is reached, it switches to local exploration to refine
the target-specific memory. Once the stopping criterion is satisfied, the agent queries a VLM to generate the final answer. Dotted lines
indicate module inputs while solid lines indicate procedural direction of the system.

as in the guest bedroom”, the relevant regions would be
R = {’master bedroom’,’guest bedroom’}
and the visual targets would be T =
{bedsheetmaster,bedsheetguest}. The scenario
concludes upon satisfaction of the stopping criterion,
which, in our setup, corresponds to prompting GPT-4o with
stopping prompt and the top-k relevant images. All the
prompts are described in the Supplementary Material.

4. Methodology

The FAST-EQA framework consists of global and local
relevancy-guided exploration, visual memory retrieval, and
chain-of-thought reasoning. The system diagram for how
the framework operates in a given timestep t, is shown in
Figure 2.

At the core of EQA methods is the exploration policy
used. Existing methods for EQA have often relied on ex-
ploration policies that ask a VLM to select the next best
direction from an annotated set of points on the current
2D observation to semantically weight frontiers [25, 37].
In most cases however, scenes have multiple rooms and
the agent is often not be in a region relevant to the ques-
tion. Thus, selecting the next direction in this way can
be both inefficient and unintuitive. Given a certain query,
humans already have some prior belief of which regions
may be relevant and can quickly explore each of these re-
gions. E.g. if asked about a bed in an unknown scene,

the most natural strategy is to look for bedrooms, elim-
inating rooms that are not a bedroom and going through
hallways to reach where a bedroom may be. Inspired by
this, our method first leverages an LLM to parse the input
query and select which room types may be relevant for ex-
ploration. For explicit queries such as “Is the kitchen tap
on?”, the relevant room would be {’kitchen’}. For im-
plicit queries such as “Where did I leave my blanket?”, the
LLM is asked to guess which rooms may be relevant, return-
ing {’bedroom’, ’living room’}. This extracted
information acts as an information filter for the subsequent
exploration, narrowing the search space and focusing the
exploration on observing the correct global region(s) first.
From it’s initial location, we also spin the agent 360 de-
grees to capture a panoramic view of the scene and form an
initial occupancy map. Each subsequent exploration step
follows either Global Relevance Exploration or Local Rele-
vance Exploration, which are treated as distinct step types.

4.1. Global Relevance Exploration
For agent’s global exploration, we leverage a lightweight
3D voxel representation with fixed height only for occu-
pancy mapping and exploration tracking. Voxels are up-
dated in real-time through Truncated Signed Distance Func-
tion (TSDF) fusion [36] as the agent explores, tracking both
occupied voxels and explored voxels within view using the
input depth. Leveraging the occupancy map obtained, we
implement a detector that identifies navigable narrow open-
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ings in the scene, which likely indicate doorways or hall-
ways that are informative transitions between regions that
are semantically different. To determine narrow openings
that are likely doorways and hallways, we take a 2D slice of
the 3D voxelized occupancy grid at the height of the agent
and use the scene structure to determine candidate voxels V
by checking the occupancy of each voxel in the slice and
the voxels within ∆x, and ∆y directions nearby. Here ϕ(v)
is the occupancy of voxel v.

V =
{
v
∣∣∣ (ϕ(v) = 0 ∧ ϕ(v±∆x) = 1 ∨ ϕ(v±∆y) = 1)

}
(1)

We then cluster these candidate voxels using the DB-
SCAN algorithm [11] and use the cluster centroids as our
global exploration frontiers, F = {f1, f2, ..., fJ} for vary-
ing number of frontiers, J . We maintain these frontiers in a
priority queue, prioritizing frontiers that are a) formed from
larger clusters and b) closer to unexplored regions. With
this global exploration method, our agent is able to effi-
ciently transition between semantically different regions in
an environment to maximize coverage of the scene and the
likelihood of traveling to question-relevant regions.

At every step of exploration, we query a VLM with the
current observation ot to output what room(s) are seen from
the agent’s current perspective. For the VLM, we lever-
age Prismatic-VLM [18], which is a 7B parameter model
that can be queried locally, to account for the high com-
putational cost of querying this VLM at every step. If a
relevant room is detected from the agent’s current position
but the agent is outside the room, we leverage language-
aligned feature guidance to first guide the agent inside the
relevant room. As shown in Figure 3, the 2D image is fea-
turized using AM-RADIO with a SigLIP adaptor [24] and
queried with the relevant room name to obtain language-
aligned features to obtain a contour segment for the target
room to move into. The centroid of this contour is then pro-
jected into 3D space using depth information, producing a
direction vector that points the agent toward the room, en-
abling efficient and semantically grounded entry.

4.2. Local Relevance Exploration
Once the agent is inside a relevant room or region, the pri-
mary goal of the agent is to gather local views in search of
the visual target. We spin the agent around 360 degrees to
gather a panoramic viewpoint of the room. The stop con-
dition is queried at each timestep t with the visual mem-
ory and current observation if the agent is still facing to-
wards the region, determined by checking that the detected
region at the current timestep t is from the set of relevant re-
gions, Rt ∈ R. Each time the stop condition is queried, the
agent can choose whether to stop exploration—if it can al-
ready answer the question—or to continue exploring. If the

(a)

Bathroom

(b)

Bedroom 1 Bedroom 2

Figure 3. FAST-EQA leverages language-aligned features from
AM-RADIO together with a SigLIP adaptor, to direct the agent
toward the target regions. For queries such as (a) Bathroom and
(b) Bedroom, the predicted heatmaps are thresholded to produce
white contour segments, while the red dot indicates the contour
centroid to step towards. This visualization illustrates how seman-
tic grounding enables precise localization of task-relevant areas in
the environment to guide exploration from global to local.

agent chooses to stop, relevant visual memory is retrieved
for question-answering as detailed below. We use GPT-4o
[16] as the VLM.

4.3. Relevant Memory Retrieval
Throughout exploration, we maintain a lightweight visual
memory, ψ, that selectively retains the k most relevant vi-
sual observations seen so far based on the visual relevance
score, relvis of the observation (4). This memory is stored
per visual target, Tm.

ψTm = TopKot∈O(relvis(ot, Q, Tm)) (2)

The selective retention of only the most relevant visual ob-
servations results in a bounded memory that scales directly
to the number of targets M , extracted from the question.
Upon either querying of the stop condition or final question-
answering, the stored visual observations are retrieved to
assist the VLM in making a decision. To rank the rele-
vance of each observation, we compute the visual relevance
score relvis(ot, Q, Tm), by a weighted combination of a
relevance score obtained from the CLIP [23] embedding
model relCLIP (ot, Tm), and the relevance score given by
querying a generative VLM [18] relV LM (ot, Q), where the
weight is denoted λ.

relvis(ot, Q, Tm) = λ · relCLIP (ot, Tm)

+ (1− λ) · relV LM (ot, Q)
(3)
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Figure 4. FAST-EQA employs a bounded memory system that
allocates a dedicated visual memory for each target, retaining the k
most relevant images (here, k = 3). The overall memory footprint
scales only with the number of targets and remains constant over
time, even in long-horizon tasks.

The CLIP relevance score relCLIP , calculated per vi-
sual target, is obtained by computing the cosine embedding
similarity between the 2D RGB observation ot and the text
of the target object, Tm extracted from the input question,
where f is the CLIP encoder.

relCLIP (ot, Tm) = sim(ot, Tm) =
ftext(Tm) · fimg(ot)

∥ftext(Tm)∥ ∥fimg(ot)∥
(4)

The relevancy score from a generative VLM, relV LM , is
question-dependent and computed by prompting the model
f̂ with the input question Q and the agent’s current obser-
vation ot. Following [25], we use a prompt P that asks the
model to judge whether the observation contains sufficient
evidence to answer the question, and we take the probability
assigned to the response “yes” as the relevancy score. For
f̂ , we employ Prismatic-VLM as our generative backbone.

relV LM (ot, Q) = p(“yes”|f̂(P (Q), ot)) (5)

Overall, the CLIP relevance score can be viewed as a fo-
cused quantification of whether the observation is related to
the visual target, while the VLM relevance score is a holis-
tic scoring of the observation given the entire context of the
question. This combination scoring allows the agent to re-
trieve observations that align with both the focused target
goal and the question-answering goal. We tune the weight
λ through a hyperparameter search (Supplementary Sec. 3).

4.4. Chain-of-Thought Question Answering
In recent years, Chain-of-Thought (CoT) reasoning [28] has
proven effective in natural language and vision–language
tasks [39], but remains underexplored in embodied AI [14].
Multi-target question scenarios are one example that require
reasoning over diverse observations, which naturally aligns
with the compositional reasoning abilities of CoT. This mo-
tivates the use of CoT prompting for the final QA module.

GPT-4o: Yes, the frying pans 
are put away

Did I put away the frying pans after cooking in the kitchen?Q

R Tkitchen frying pans

Final Prompt

GT: Yes, the frying pans are 
hanging on the wall

Visual Memory

Figure 5. An example from EXPRESS-Bench illustrating how
FAST-EQA identifies the relevant region R and target T from the
question Q. It then explores the scene, and once the stopping
condition is met, correctly generates the final answer from the re-
trieved visual memory.

Given the input question Q and the set of M × k obser-
vations retained in memory, we prompt a multi-frame VLM
at the end of exploration to generate an answer either as
a letter for multiple-choice QA, or an open-ended text re-
sponse (Figure 5) and asking the VLM to explicitly think
step by step. This not only improves reasoning quality but
also leads to more interpretable answers referring explicitly
to the given visual observations, which existing baselines
often lack. For the answering model, we use GPT-4o.

5. Evaluation and Results
We conduct experiments across diverse EQA benchmarks,
keeping the definition of an exploration step consistent. Fol-
lowing the parameter set in [25], the agent is allowed to
travel up to a maximum of 3 meters per translational step.

5.1. Comparison Across Benchmarks
To evaluate our approach, we run FAST-EQA on four
benchmarks: HM-EQA [25], MT-HM3D [35], EXPRESS-
Bench [17], and the released A-EQA 184-split of OpenEQA
[22], which covers diverse question formats and question
types. HM-EQA and MT-HM3D contain multiple-choice
questions, with MT-HM3D focusing on questions compar-
ing multiple targets. EXPRESS-Bench and OpenEQA con-
sist of open-ended questions, with EXPRESS-Bench being
the largest scale benchmark, containing over 2000 ques-
tions. To the best of our knowledge, we conduct the most
comprehensive evaluation on diverse benchmarks compared
to existing methods. Furthermore, we run three trials on
each dataset, with temperature τ = 0, to obtain error bounds
for our results, which takes into consideration any stochas-
ticity in our method. We note that existing methods do not
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Table 1. Performance comparison across EQA benchmarks against SOTA baseline methods. * indicates that the result is from a reproduced
experiment reported by others. † indicates results are on full A-EQA split.

HM-EQA MT-HM3D EXPRESS-Bench A-EQA (184)

SR Steps (↓) SR Steps (↓)
LLM
Score

Epath (↑)
LLM-
Match

Epath (↑)

GPT-4V
(OpenEQA)[22]

- - - - - - 41.8 7.5

Explore-EQA [25] 58.4 0.52 36.2* 0.64 - - 46.9* 23.4
Graph-EQA [26] 63.5 0.20 45.63* 0.45 - - 30.1*† -
Memory-EQA [37] 63.4 0.40 55.1 0.41 - - 36.8† -
Fine-EQA [17] 56.0 0.54 - - 63.95 25.58 43.3† 29.2
3D-Mem [33] 50.40 0.63 - - - - 52.6 42.0

FAST-EQA (Ours) 69.2
±0.7

0.65
±0.01

50.5
±0.3

0.52
±0.01

68.7
±0.5

29.25
±0.55

49.0
±1.7

27.70
±1.70

report error bounds, despite the usage of VLMs and LLMs
often resulting in such variance.

For the multiple-choice datasets we report success rate
(SR) and normalized steps (Steps) following [25, 37]. For
the open-vocabulary questions, we report the LLM-Score
following [17] for EXPRESS-Bench, LLM-Match (C) fol-
lowing [22] for OpenEQA, and the corresponding path ef-
ficiency metric calculated with success weighted-by-path-
length (SPL) using geodesic distance, Epath. For more de-
tails on metrics, refer to supplementary material.

Results. The performance of FAST-EQA against a number
of SOTA baselines is shown in Table 1. We observe that our
method surpasses existing methods on question-answering
accuracy for both HM-EQA and EXPRESS-Bench, high-
lighting its ability to handle both multiple-choice and open-
ended questions. In particular, we achieve a 9% improve-
ment over the next-best method on HM-EQA and a 7% im-
provement over the SOTA method on EXPRESS-Bench,
marking high performance on a larger-scale dataset. On
the A-EQA subset of Open-EQA, we achieve results com-
parable to SOTA. While multi-target questions still pose a
challenge, FAST-EQA is also able to achieve competitive
performance against existing methods with relatively low
variance while having a lightweight, bounded memory.

We further note that our method prioritizes question-
answering accuracy against the step length tradeoff, allow-
ing for more thorough exploration and gathering of diverse
views before generating an answer. Simultaneously, the
inference time speed-up we achieve maintains overall ef-
ficiency.

5.2. Inference Time Experiments
For EQA systems, the ability to operate in real-time is es-
sential for eventual deployment on physical robots. Exist-
ing EQA methods however, do not report these evaluations.
To address this gap, we benchmark and compare the infer-

Average Step Time (s)

Fine-EQA 2.94± 0.14
Explore-EQA 4.90± 0.26
3D-Mem 14.53± 0.25
Memory-EQA 15.89± 0.65

FAST-EQA (Ours) 2.54± 0.05

Table 2. Average step time, in seconds, of FAST-EQA compared
to other methods on a subset of questions from HM-EQA

ence time of our method with existing open-source meth-
ods. Inference time experiments are run for three trials on
a fixed subset of 100 questions from the HM-EQA dataset.
All experiments are run on a single NVIDIA H100 Tensor
Core GPU with 80GB RAM. We report the average time (in
seconds) for each exploration step, which includes the time
taken for querying large models.

Table 2 shows the inference time results. Our method
achieves significantly faster inference times than existing
EQA methods, resulting in a 13.6% speedup over the next
fastest method. Furthermore, FAST-EQA achieves consis-
tently fast run times, exhibiting markedly lower variance
across trials than competing methods.

5.3. Ablation Studies
We further conduct a series of ablation studies to isolate
the contributions of individual design choices in our frame-
work. We run these experiments on a fixed sampled subset
of 100 questions from HM-EQA, and summarize the results
in Table 3. Each ablation removes one design choice at a
time and compares against the full FAST-EQA model.

Without Doorways/Openings as Frontiers. To evaluate
the role of structural scene analysis in exploration, we re-
place our doorway- and opening-guided strategy with stan-
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SR Steps (↓)

FAST-EQA w/o Doorway Frontiers 67.0 0.64
FAST-EQA w/o CLIP Scoring 69.0 0.63
FAST-EQA w/o VLM Scoring 72.0 0.63
FAST-EQA w/o CoT Reasoning 72.0 0.60

FAST-EQA (Ours) 76.0 0.65

Table 3. Ablation of various components of our EQA system on a
fixed subset of HM-EQA

dard frontier-based exploration (FBE) [31], where frontiers
are defined purely as boundaries between explored and un-
explored space.

Without VLM Relevancy. To quantify the effect of in-
corporating VLM confidence into scoring observation rele-
vancy, we experiment with scoring the relevance of image
observations solely based on the CLIP similarity to the vi-
sual target by setting λ = 1 in Equation 3.

Without CLIP Relevancy. Similarly, we ablate the inclu-
sion of CLIP similarity scores when scoring observation rel-
evancy. We score the relevance of image observations only
based on querying the VLM for whether the image is rele-
vant by setting λ = 0 in Equation 3.

Without Chain-of-Thought Prompting. We ablate the ef-
fect of using chain-of-thought prompting for the question-
answering module by modifying the prompt to remove ex-
plicit instructions to “think step by step”.

Results. As shown in Table 3, exclusion of doorway-guided
frontier exploration, VLM relevancy scoring, CLIP scor-
ing, or chain-of-thought prompting all result in a perfor-
mance drop for overall question-answering success, high-
lighting the importance of each component. Furthermore
the semantic frontier-guided exploration leveraging door-
ways and openings has the largest effect for improving the
performance, as changing to standard FBE results in a 9%
drop in success rate. This demonstrates that semantic ex-
ploration guided by informative structural information is
particularly critical for enabling efficient and accurate em-
bodied QA. More broadly, these ablations validate our main
contribution: combining semantics-aware exploration to-
gether with multimodal relevancy scoring and reasoning
mechanisms yields substantial gains for accurate question-
answering without compromising computation time.

6. Conclusion
We introduce FAST-EQA, an active exploration QA frame-
work that couples semantically-guided global and local ex-
ploration with a bounded memory that scales only with tar-
gets, making it well-suited for single as well as multi-target
tasks. Our exploration strategy is focused on intuitively

maximizing exploration coverage by leveraging scene mor-
phology to transition between semantic regions, allowing
for thorough search and verification of targets. The frame-
work supports both multiple-choice and open-ended ques-
tion settings, as well as single- and multi-target questions.
Across major EQA benchmarks, FAST-EQA achieves state-
of-the-art results on HMEQA and EXPRESS-Bench, while
remaining competitive on OpenEQA and MT-HM3D. Cou-
pled with this performance, our method delivers fast infer-
ence with low memory usage, enabling real-time deploy-
ment for embodied agents.

6.1. Limitations and Future Work
While FAST-EQA demonstrates strong performance across
multiple EQA benchmarks, several limitations remain.
First, the system’s effectiveness is bounded by the spatial
reasoning capabilities of the current VLMs used. As high-
lighted by [32], even state-of-the-art MLLMs struggle with
fine-grained spatial understanding, which in turn constrains
the quality of reasoning in complex environments. Second,
we observe that the VLM (e.g., GPT-4o) used for reasoning
exhibits variance across runs, sometimes producing incon-
sistent answers. In certain cases, this variability can cause
the agent to terminate prematurely, limiting robustness and
reliability in long-horizon tasks.

Looking ahead, an exciting direction is the development
of latent visual memory representations that can efficiently
capture and compress both short-term and long-term scene
information. Such memory mechanisms could enable more
consistent reasoning, reduce reliance on repetitive VLM
queries, and improve the agent’s ability to handle extended
exploration tasks. We believe integrating structured spatial
memory with language-driven reasoning offers a promising
pathway toward more generalizable and reliable embodied
agents.
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