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Q: What color are the 
pillows in the kitchen?

Q: What color are 
the pillows?

The elderly inquires about the pillows color in the kitchen

Is the bathroom floor wet?

No, the  bathroom floor is 
completely dry.

The robot fabricated answers without having observed 
the bathroom scenario.

The robot explored randomly because it had no idea 
which pillows the user was referring to.

The elderly inquires about the bathroom floor

Figure 1. Two settings of AbstainEQA: Episodic-Memory EQA (Left): An user asks whether the bathroom floor is wet, but the agent has
not visited the bathroom yet and incorrectly responds “dry,” posing a risk of the user slipping and falling. Active EQA (Right): The user
did not specify which pillow to check, causing the agent to wander aimlessly around the house.

Abstract

Embodied Question Answering (EQA) requires an agent
to interpret language, perceive its environment, and navi-
gate within 3D scenes to produce responses. Existing EQA
benchmarks assume that every question must be answered,
but embodied agents should know when they do not have
sufficient information to answer. In this work, we focus on
a minimal requirement for EQA agents, abstention: know-
ing when to withhold an answer. From an initial study of
500 human queries, we find that 32.4% contain missing or
underspecified context. Drawing on this initial study and
cognitive theories of human communication errors, we de-
rive five representative categories requiring abstention: ac-
tionability limitation, referential underspecification, pref-
erence dependence, information unavailability, and false
presupposition. We augment OpenEQA by having annota-
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tors transform well-posed questions into ambiguous vari-
ants outlined by these categories. The resulting dataset,
AbstainEQA, comprises 1,636 annotated abstention cases
paired with 1,636 original OpenEQA instances for bal-
anced evaluation. Evaluating on AbstainEQA, we find that
even the best frontier model only attains 42.79% absten-
tion recall, while humans achieve 91.17%. We also find
that scaling, prompting, and reasoning only yield marginal
gains, and that fine-tuned models overfit to textual cues.
Together, these results position abstention as a fundamen-
tal prerequisite for reliable interaction in embodied settings
and as a necessary basis for effective clarification.

1. Introduction

Powered by advances in vision language models, embod-
ied robots can now understand instructions, perceive their
environment, and perform complex tasks, enabling them to
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Benchmark Platform Ambig. Open-Vocab Source

EQA-v1 [8] House3D ✗ ✗ Rule
IQUAD [14] AI2-THOR ✗ ✗ Rule

MP3D-EQA [41] Matterport3D ✗ ✗ Rule
MT-EQA [46] House3D ✗ ✗ Rule
K-EQA [36] AI2-THOR ✗ ✗ Rule
S-EQA [12] VirtualHome ✗ ✗ VLMs

HM-EQA [33] HM3D ✗ ✗ VLMs
NoisyEQA [43] HM3D ✓ ✓ VLMs

EXPRESS-Bench [20] HM3D ✗ ✓ VLMs
OpenEQA [25] HM3D/ScanNet ✗ ✓ Humans

AbstainEQA (ours) HM3D/ScanNet ✓ ✓ Humans

Table 1. AbstainEQA vs. existing benchmarks. “Ambig.” denotes
ambiguous queries; “Source” refers to question creation.

evolve from research prototypes into everyday companions
that assist humans in household chores [22, 42] and mo-
bility support [24, 47]. Beyond these task-execution abil-
ities, embodied robots should also participate in collabo-
rative human-robot interaction (HRI) [13, 38, 39], where
natural language serves as a bridge for them to interpret
human intentions and generate feedback. Among various
HRI tasks, Embodied Question Answering (EQA) formu-
lates this process by requiring an agent to navigate a 3D en-
vironment, gather visual evidence, and produce responses
grounded in an understanding of both human instructions
and environmental perception [25, 33, 44].

Despite significant advances in EQA [25, 33, 44], exist-
ing formulations often oversimplify human-robot interac-
tion by assuming that agents must always respond to every
query. However, real-world communication often involves
incomplete information due to ambiguous human instruc-
tions or missing visual and contextual evidences [16, 27,
35, 43]. Forcing an agent to respond without salient ev-
idence can result in the notorious “hallucinations” [4, 17],
which are strictly unacceptable in EQA because they are not
merely linguistic artifacts but will cause physical damage
to both environments and humans. As shown in Fig. 1 left,
when an elderly user asks, “Is the bathroom floor wet?” the
agent may still answer “The bathroom is dry” despite hav-
ing never observed the area, posing clear safety risks. In
addition, ambiguous queries can also disrupt navigation. In
Fig. 1 right, they can lead to ineffective, where the robot
wanders inefficiently or explores irrelevant areas. Taken
together, these cases highlight a fundamental requirement
for embodied robots: they must be able to abstain from an-
swering when evidence is insufficient and maintain effec-
tive, uncertainty-aware navigation under ambiguity.

In this work, we first attempt to answer the follow-
ing question: Do people ask questions in daily life that
robots should abstain from answering? To explore this, we
conduct a large-scale questionnaire survey with 50 partic-
ipants on how people naturally pose questions to embod-

ied agents. By manually checking 500 collected results,
we find that 32.4% of them lack contextual evidence, in-
dicating that uncertainty is intrinsic to real-world human-
robot interactions. To address this, we firstly introduce
AbstainEQA, a large-scale benchmark designed to evalu-
ate embodied agents’ abstention capabilities when facing
ambiguous human queries. The benchmark contains 1,636
human-annotated examples that capture diverse forms of
ambiguity in human–robot communication and supports
two evaluation settings: EM-EQA and A-EQA. Follow-
ing Norman’s cognitive model [27], which attributes human
errors to failures in sensing and interpreting information,
we categorize ambiguous queries into five types of missing
evidence: actionability limitation, referential underspecifi-
cation, preference dependence, information unavailability,
and false presupposition. This taxonomy provides a system-
atic guideline for the establishment of our benchmark with
ambiguous human queries. For each instance, we annotate
a clear query with its corresponding evidence frames and a
ambiguous query with explanations why the agent should
appropriately abstain.

By incorporating both clear and ambiguous queries, Ab-
stainEQA evaluates whether embodied agents can gen-
uinely perceive the environment in response to human
queries, rather than merely memorizing textual patterns in
ground-truth answers. Built upon AbstainEQA, we bench-
mark state-of-the-art agents in handling abstention across
three key dimensions: VLM capability, model scaling, and
adaptation strategies (e.g., prompting or supervised fine-
tuning). Experiments results show that even advanced
VLMs and adaptation methods perform poorly on Ab-
stainEQA, with the best model achieving only 42.79% over-
all abstention recall, substantially lower than human perfor-
mance at 91.17%. We further show that abstention can im-
pact embodied navigation, causing ineffective exploration
under ambiguous queries. Finally, we provided error analy-
ses and key insights to guide future research on addressing
abstention in EQA.

In summary, our key contributions are four-fold:

1. We establish a systematic abstention taxonomy by an-
alyzing ambiguous human queries collected from large-
scale real-world surveys.

2. Based on this taxonomy, we introduce AbstainEQA, the
first human-annotated benchmark designed to evaluate
both reasoning quality and abstention ability in EQA.

3. We conduct a comprehensive evaluation across ad-
vanced agents, model scales, and adaptation techniques,
systematically revealing the limited performance and ro-
bustness of existing approaches.

4. We provide inspirational insights through detailed er-
ror analyses, highlighting key challenges that must be
addressed to fundamentally solve abstention in EQA.

15267



2. Related Work

2.1. Embodied Question Answering
The Embodied Question Answering (EQA) task requires
an embodied agent to navigate within a 3D environment
and answer natural language questions [8, 9, 46]. Re-
cent advances have been fueled by Vision Language Mod-
els (VLMs), which enhance embodied reasoning through
stronger semantic grounding, memory integration, and
adaptive exploration [11, 23, 25, 33, 44]. Notably,
OpenEQA [25] formalizes two complementary regimes: (1)
Episodic-Memory EQA (EM-EQA), where agents answer
from stored egocentric histories, and (2) Active EQA (A-
EQA), where agents continue gathering new observations
before responding. While these formulations advance em-
bodied reasoning, they still assume all queries warrant an
explicit response, overlooking the essential ability to abstain
when uncertainty arises.

2.2. Managing Uncertainty in LLMs and VLMs
Large Language Models (LLMs) often hallucinate under
uncertainty or incomplete information [17, 19], a failure
that can be critical in embodied scenarios where mistakes
lead to unsafe actions [10, 32]. To mitigate this, recent re-
search has pursued two directions: learning to abstain when
evidence is insufficient and learning to clarify ambiguity
through interaction.

Abstention aims to equip models with the ability to
recognize uncertainty and refrain from answering when
supporting evidence is incomplete, ambiguous, or unreli-
able [21]. This issue has been explored across text, image,
and video domains. Min et al. [26] showed that over half of
the questions in Natural Questions admit multiple plausible
interpretations, while Stelmakh et al. [34] further analyzed
such ambiguous factoid queries, and Kirichenko et al. [21]
unified these phenomena within a decision-theoretic frame-
work emphasizing abstention under false premises or sub-
jective phrasing. Beyond language, perceptual limitations
introduce additional uncertainty: Gurari et al. [15] reported
that about 38% of VizWiz questions cannot be reliably an-
swered due to blur, occlusion, or darkness, motivating se-
lective prediction and uncertainty-aware reasoning [7, 40].
Further extending to temporal reasoning, Yoon et al. [45]
proposed behavioral alignment metrics: excessive refusal,
permissiveness, and discretion to balance informativeness
and safety in video QA. Unlike the above studies, Embodied
QA (EQA) presents a fundamentally different challenge.
Agents operate from multi-frame egocentric observations
either recalling past views in EM-EQA or actively explor-
ing new ones in A-EQA and must decide when the gathered
evidence is sufficient to answer.

Clarification in embodied and vision-language agents
seeks to enable them to interactively resolve ambiguous

or underspecified instructions through dialogue with users.
Early efforts such as those by Banerjee et al. [3] and Wan
et al. [37] framed clarification as task-oriented communi-
cation, allowing agents to query users when object ref-
erences or goals were unclear. Subsequent studies ex-
plored learning-based strategies: Dogan et al. [10] pro-
posed a model-agnostic semantic framework that interac-
tively queries users about missing attributes such as ob-
ject states or spatial relations, while Ramrakhya et al. [32]
trained multimodal LLM agents to ask clarifying questions
via reinforcement learning with LLM-based feedback. Both
studies reveal a tendency toward over-questioning, under-
scoring the need for mechanisms that determine when clar-
ification is truly necessary.

We view abstention as a prerequisite for clarification: an
embodied agent must first recognize, from frame-level vi-
sual evidence, when it lacks sufficient perceptual ground-
ing. While prior work primarily examines how agents
formulate and deliver clarifying questions, this perspec-
tive highlights a more fundamental challenge: determining
when a question should be asked in the first place. By fore-
grounding abstention as the decision point preceding clarifi-
cation, our work lays the foundation for embodied systems
that ultimately know not only how to ask, but when to ask.

3. Problem Formulation

Embodied Question Answering (EQA) requires an embod-
ied agent to understand human instructions and respond by
reasoning over its egocentric perception of the environment.
We extend this paradigm to AbstainEQA, where agents are
required to abstain when the available evidence is insuffi-
cient or unreliable.

Formally, given a natural language question q and a se-
quence of egocentric observations τ , a policy is required
to generate responses A = (y0, Y)={yi}Si=0 in an auto-
regressive approach:

p(A) =

S∏
i=1

p(ai | q, τ,Y<i), (1)

where S is the length of responses and

Y =

{
Question Answers, if y0 = answer
Abstain Reasons, if y0 = abstain

(2)

In the emulated setting (EM-EQA), a fixed sequence of
observations is given: τ = {oi}Ti=1, where T is the length
of observations. In the active setting (A-EQA), a navigation
policy π interacts with the environment within a maximum
step Tmax, executing actions at ∈ At (navigation primi-
tives ∪ [STOP]) and generating τ = {oi}Ti=1, T ≤ Tmax.
Episodes end when [STOP] is issued or Tmax is achieved.
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RU:273

IU:343

AL:335

FP:340

PD:344

Questions by Category

Q: What's inside the box in the 
middle of the living room?

Reason: Robots can’t open the box

Q: What's on the white cabinet?
Reason: Which white cabinet the 

user refers to?

Q: Who put the vase on the table?
Reason: Robots didn’t see who 

put the vase

Q: Is the painting on the wall beautiful?
Reason: People have different 

aesthetics

Q: What material is the teddy bear 
on the bed?

Reason: The teddy bear is next to the bed

Q: What's the area of the bedroom?
Reason: Robots can’t calculate the 

exact area of a room by observation.

Actionability Limitation(AL) Referential Underspecification(RU) Information Unavailability(IU)

Information Unavailability(IU)Preference Dependence(PD) False Presupposition(FP)

HM3D
557

Scannet
1079

  Questions by Data Source

 Dataset Examples  Dataset Statistics

Tem
poral

Spatial

Figure 2. Example human-annotated ambiguous queries and dataset statistics from AbstainEQA, illustrating the types of uncertainty
encountered in real human–agent interactions and providing a stronger foundation for studying and improving embodied interaction. More
examples are provided in App. A.4.

4. Benchmarking Abstention in Embodied QA

We introduce AbstainEQA, a large-scale benchmark for
evaluating both response and abstention behavior in embod-
ied question answering (EQA). Unlike prior benchmarks fo-
cused on textual or static visual settings, AbstainEQA con-
sists both clear and ambiguous human queries. Specifically,
clear queries can be answered using available perceptual in-
formation, whereas ambiguous queries should be abstained
due to the lack of sufficient evidence. For clear queries,
instead of providing an answer, we require the agent to pro-
vide a detailed justification for abstention. Consequently,
we evaluate whether the embodied agents truly understand
and perceive the environment when responding to human
queries, rather than simply recalling textual patterns from
ground-truth answers.

4.1. Quantifying the Need for Abstention

To construct the AbstainEQA benchmark, we first inves-
tigate how often humans naturally ask questions that re-
quire abstention in embodied environments by conducting
a real-world questionnaire survey. Specifically, we recruit
50 non-expert participants and present them with egocentric
videos from HM3D [31] and ScanNet [6] (152 videos in to-
tal). Each participant is instructed to annotate two QA pairs
for five randomly sampled videos, resulting in 500 human-
annotated QA pairs. By manually reviewing 500 QA pairs,
we observe that approximately 32.4% of human queries are
ambiguous and require abstention, suggesting that queries
lacking contextual evidence are inherent in human–robot in-

teraction. (More details see App.A.2)

4.2. Taxonomy of Abstention Types
Beyond estimating the proportion of ambiguous queries, we
also observe that their patterns are various, primarily de-
pending on the type of missing evidence. To systematically
model ambiguous queries, we draw on Norman’s cognitive
framework of human error [27] and classify the causes of
abstention based on agents’ cognitive limitations with re-
spect to the objective world and human subjective instruc-
tions. As shown in Fig. 2, Actionability Limitation and In-
formation Unavailability result from sensing limitations in
the objective environment. Referential Underspecification
and Preference Dependence arise from interpretive failures
in human instructions, whereas False Presupposition stems
from both types of cognitive failures. In the following, we
define each type of ambiguous question and provide specific
examples for clarity.(More examples see App.A.4)

Actionability Limitation (AL). Questions that require
physical interaction with the environment, such as opening
containers, operating devices, or manipulating objects. In
EQA settings [25], agents perceive the world solely through
visual observations and cannot perform or verify manipula-
tive actions. For example, the question “What is inside the
box in the center of the living room?” requires physical ac-
cess that exceeds the agent’s capabilities.

Referential Underspecification (RU). Questions with
ambiguous or underspecified referential context, in which
multiple entities or regions in the environment correspond
to the same description in human instructions. For instance,
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the question “What is on the white cabinet?” becomes am-
biguous when multiple white cabinets are visible and cannot
be answered without additional clarifying evidence.

Information Unavailability (IU). Questions where es-
sential spatial or temporal information cannot be inferred
from available observations. In spatial cases, the agent may
perceive the relevant scene but lacks measurable cues. For
example, “What’s the area of the bedroom?” cannot be an-
swered from appearance alone without metric grounding.
In temporal cases, the relevant event may occur outside the
observed timeframe. For instance, “Who put the vase on the
table?”, illustrates a situation where the agent can observe
the outcome but not how the action occurs.

False Presupposition (FP). Questions that contain as-
sumptions contradicting the observed evidence. For exam-
ple, “What material is the teddy bear on the bed?” is invalid
when no teddy bear is present on the bed. Since the premise
in human instruction is false, any attempt to response would
result in fabricated answers.

Preference Dependence (PD). Questions that rely on
subjective judgment or aesthetic evaluation rather than fac-
tual perception. For example, “Is the painting on the wall
beautiful?” depends on personal taste and lies outside the
scope of objective embodied reasoning.

4.3. Dataset Curation
Building upon the identified taxonomy, we further es-
tablish a large-scale benchmark, which is comparable to
OpenEQA [25], through exhaustive human annotations on
videos from ScanNet [6] and HM3D [31].

Data Annotation. Human annotators are guided to view
randomly sampled videos and generate QA pairs (Q,A∗) as
collaborators with an embodied agent. Given a video, an-
notators generate two QA pairs for each abstention type de-
scribed in Sec. 4.2, to ensure balanced coverage. Notably,
for Active EQA (A-EQA), we use the set of 184 questions
from 3D-MEM [44] and maintain the original target objects
when annotating abstention questions. This preserves the
start and end points of the navigation path for both clear and
ambiguous queries, allowing us to focus on the effects of
abstention questions on navigation. In total, 1,636 absten-
tion cases are annotated and combined with 1,636 answer-
able cases from OpenEQA [25] to create our AbstainEQA.
To introduce data diversity, the questions of AbstainEQA
are then paraphrased into five semantically equivalent vari-
ants using a large language model (LLM) [18], producing a
total of 16,360 QA pairs.

Frames Location. To offer explicit visual evidence or
reasons for abstention in clear and ambiguous questions, we
additionally provide frame-level causal annotations(App.
A.3). Specifically, human annotators are instructed to mark
specific frames that either contain sufficient evidence for
the correct answer or clearly reveal the reason for absten-

tion cases. For clear queries, the marked frames as a refer-
ence that links each answer to its supporting visual context
within the trajectory. For ambiguous queries, the selected
frames highlight the cause of abstention, such as missing
information, ambiguous references, or the need for physical
interaction. Additionally, a brief textual explanation of the
evidence gap is provided.

The data sample in both the annotated data and the lo-
cated frames are reviewed by two additional annotators
to verify correctness and consistency. Consequently, Ab-
stainEQA serves as a comprehensive benchmark for evalu-
ating both the response and abstention of embodied agents,
along with the associated fine-grained reasoning evidence.

5. Evaluation Criteria
We design a comprehensive evaluation protocol to assess
an agent’s performance in three key aspects: response ac-
curacy, abstention recognition, and embodied navigation
across EQA tasks. Followed by a human validation to en-
sure the reliability of our evaluation framework.

Response Accuracy. We employ GPT-4o [18] to au-
tomatically evaluate the correctness of responses. Specif-
ically, we implement the LLM-Match protocol to quantify
semantic alignment between agent predictions and ground-
truth answers. The evaluator LLM, guided by a scoring
prompt (App. C.1), produces a binary or graded judgment
reflecting semantic equivalence.

Abstention Recognition. Similarly, we adopt GPT-4o
to determine whether each output from the embodied agent
reflects a valid abstention, given a structured evaluation
prompt (App. C.2). Recall, Precision, Accuracy, and F1-
score are calculated from the evaluation results of GPT-4o
to quantitatively measure an agent’s ability to identify and
abstain from ambiguous queries.

Embodied Navigation Evaluation. Following 3D-
Mem [44], we further evaluate the navigation capabilities of
an embodied agent in the A-EQA task using Success Rate
(SR), Total Frames (TF), Total Snapshots (TS), and Path
Length (PL). Particularly, SR indicates whether the agent
successfully reaches the target or viewpoint; TF measures
the total number of frames processed during exploration; TS
counts the number of snapshots captured when answering;
and PL records the overall navigation distance. An effec-
tive agent expects to achieve higher SR while minimizing
TF, TS, and PL.

Human Validation. To verify the reliability of LLM-
based evaluation, we perform human validation on a ran-
dom subset of 300 out of 16,360 samples, using the same
criteria as the LLM evaluation prompts. The Pearson cor-
relation coefficient [29] between LLM-based and human
scores is 0.88, indicating strong consistency (see App. C.3).
This result confirms the reliability of our LLM-as-a-Judge
framework for large-scale evaluation of both response and
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Model Referential
Underspecification (%)

Information
Unavailable (%)

Actionability
Limitation (%)

False
Presupposition (%)

Preference
Dependence (%) Overall (%)

Claude-Sonnet-4.5[1] 0.00 2.62 1.19 0.88 0.29 1.04
GPT-5 [28] 3.66 51.90 25.07 13.24 13.37 22.19
Qwen3-VL-4B [30] 5.13 72.01 31.64 14.41 9.01 27.32
Qwen2.5-VL-7B [2] 10.62 83.38 20.30 10.00 14.83 28.61
GPT-4o [18] 5.86 73.47 55.22 10.88 10.88 32.09
Gemini-2.5-Pro [5] 4.40 86.30 60.90 39.71 15.12 42.79
Humans 88.55 99.10 98.74 94.19 75.23 91.17

Table 2. Abstention recall (%) across abstention types. All VLMs perform far below humans, underscoring abstention as a key weakness.

3D-Mem[44]
Success
Rate (%)

Total
Frames

Total
Snapshots

Path
Length

Response 77.17 35.86 10.76 7.805
Abstention 61.41 51.41 12.74 8.319

Table 3. Navigation performance with and without abstention on
A-EQA. Ambiguous queries reduce navigational efficiency.

abstention performance.

6. Experiments
We address the following research questions. (A) How
do embodied agents behave when confronted with under-
specified or unanswerable queries? (Sec. 6.1) (B) Does
increasing model scale lead to better-calibrated abstention
behavior? (Sec. 6.2) (C) How do prompting strategies and
explicit reasoning influence the trade-off between absten-
tion precision, abstention recall, and response accuracy?
(Secs. 6.3–6.4) (D) Does supervised fine-tuning (SFT) yield
genuine improvements in abstention awareness? (Sec. 6.5)

6.1. Model Behavior under Abstention Settings
As shown in Tab. 2, current Vision–Language Models
(VLMs) show limited ability to abstain appropriately when
faced with uncertainty. Even the strongest model, Gemini-
2.5-Pro [5], achieves only 42.79% abstention recall, while
most others fall below 33%, substantially lagging behind
human performance. Models perform better on Information
Unavailability, where absent visual evidence provides ex-
plicit cues to abstain. However, they struggle with Referen-
tial Underspecification and Preference Dependence, which
demand pragmatic disambiguation or subjective judgment.
Overall, achieving reliable abstention remains a significant
open challenge for embodied VLMs. (App. D.2)

Tab. 3 further examines how abstention conditions affect
embodied navigation. The success rate (SR) drops sharply
from 77.17% to 61.41%, whereas both total frames (TF) and
total snapshots (TS) increase substantially (35.86 → 51.41
and 10.76 → 12.74, respectively). These patterns indi-

Figure 3. Path-length distribution of GPT-4o under response vs.
abstention. Ambiguous queries lead to ineffective exploration.

cate that agents require more observations to complete
tasks, reflecting reduced navigational efficiency. Al-
though the average path length (PL) increases only slightly
(7.805 → 8.319), this modest change is associated with pro-
nounced behavioral instability. Under uncertainty, A-EQA
agents tend to engage in redundant exploration or display
hesitant decision-making.(More details see App. D.1)

Fig. 3 provides a more fine-grained characterization of
path-length variation. Among 100 successful episodes,
40% of trajectories become shorter, 44% become longer,
and 16% remain unchanged. Statistical analyses confirm
that these changes are systematic rather than random. A
Mann–Whitney test shows a significant distributional shift
(p < 0.001), Cliff’s δ = −1.000 indicates a strong effect
size, and a Jensen–Shannon divergence of 0.5089 quantifies
the substantial discrepancy between response and absten-
tion path distributions. Visual examples in Fig. 4 illustrate
two behavioral extremes premature termination and over-
exploration, demonstrating that current agents lack cali-
brated exploration policies under uncertainty. This oscilla-
tion between under- and over-searching underscores a core
limitation of embodied abstention: instability in determin-
ing when sufficient evidence has been gathered.

6.2. Impact of Model Scaling on Abstention
As shown in Tab. 2, increasing model size does not uni-
formly improve abstention recall across vision–language
architectures. Although larger proprietary systems (e.g.,
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Figure 4. Changes of Path-lengths from GPT-4o under ambiguous
queries. Two cases of ineffective exploration are shown: shortened
and lengthened trajectories.

Figure 5. Abstention recall across Qwen3-VL and Qwen2.5-VL.
Scaling improves abstention within a model family

GPT-4o [18], Gemini-2.5-Pro [5]) generally achieve higher
abstention rates than smaller open models, these improve-
ments are inconsistent across categories and remain well
below human reliability. Within individual model fami-
lies (e.g., Qwen2.5-VL [2], Qwen3-VL [30]), scaling im-
proves abstention performance (Fig. 5). However, this ef-

Method
Recall

(%)
Precision

(%)
Accuracy

(%)
F1-Score

(%)
Correctness

(%)

7B [2] 28.61 76.85 60.00 42.42 63.33
7B-coarse 75.86 56.84 59.13 64.99 45.92
7B-Fine 61.92 60.05 60.36 60.97 50.22

HM-EQA [33] 27.17 56.82 53.26 36.76 51.80
HM-EQA-coarse 81.52 55.70 58.42 66.25 40.40
HM-EQA-fine 99.46 49.86 49.73 66.42 23.60

Table 4. Effect of coarse and fine prompts on abstention in EM-
EQA and A-EQA. Prompting raises recall but reduces precision.

fect does not generalize across architectures, suggesting
that abstention behavior is influenced more by cross-modal
alignment and training objectives than by parameter count
alone. Overall, this pattern indicates that within a single
model family, increased model capacity can better support
multimodal reasoning and uncertainty calibration, resulting
in more consistent abstention behavior.

However, this effect does not generalize across architec-
tures, indicating that parameter scaling alone does not guar-
antee improved abstention performance. The discrepancies
across model families highlight that effective abstention de-
pends more on model design, cross-modal alignment, and
training objectives than on parameter count alone. Overall,
these findings demonstrate that reliable abstention requires
dedicated mechanisms for uncertainty reasoning rather than
increased scale alone.

6.3. Effect of Explicit Prompting on Abstention

Tab. 14 summarizes the impact of explicit prompting strate-
gies on abstention performance in both EM-EQA and A-
EQA. In EM-EQA, adding coarse- or fine-grained prompts
substantially boosts abstention recall (28.6% → 75.9% and
61.9%), indicating that explicit cues enhance models’ sen-
sitivity to uncertainty. However, these gains come at the
cost of reduced precision (76.9% → 56.8%) and nearly
unchanged accuracy ( 60%), suggesting that models over-
abstain even when sufficient evidence is available.

A similar pattern appears in A-EQA: recall increases
sharply from 27.2% to 81.5% (coarse) and 99.5% (fine),
whereas precision and accuracy fall to nearly half of their
original values. Although the F1 score improves overall,
this gain primarily reflects a trade-off between excessive
caution and genuine uncertainty recognition, rather than a
substantive improvement in grounded reasoning. Overall,
prompt engineering modulates a model’s abstention tenden-
cies but does not fundamentally enhance its ability to assess
task resolvability or reason over perceptual input.
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Method
Recall

(%)
Precision

(%)
Accuracy

(%)
F1-Score

(%)
Correctness

(%)

2B-Instruct 23.59 66.55 55.87 34.84 61.25
2B-Thinking 25.55 74.78 58.47 38.09 66.96
4B-Instruct 27.93 80.74 60.64 41.51 71.36
4B-Thinking 27.08 81.73 60.51 40.68 72.74
8B-Instruct 33.92 81.98 63.23 47.99 72.61
8B-Thinking 27.02 83.71 60.88 40.85 73.93
32B-Instruct 31.30 87.52 63.42 46.11 75.95
32B-Thinking 21.70 91.73 59.87 35.10 75.95
Gemini-2.5-Pro 44.13 91.74 70.08 59.60 76.50
Gemini-2.5-Pro-
Thinking

43.09 91.44 67.03 58.58 75.62

Table 5. Thinking effect comparison (Qwen3-VL ( [30] ) / Gem-
ini [5]). Reasoning reduces abstention recall and correctness.

Method
Recall

(%)
Precision

(%)
Accuracy

(%)
F1-Score

(%)
Correctness

(%)

7B 26.94 77.65 59.59 40.00 40.66
7B-SFT 83.27 89.08 86.53 86.08 63.92
7B-SFT-random 83.27 87.93 85.92 85.53 65.45
7B-Text-SFT 86.12 86.83 86.53 86.48 55.65
TF-IDF+LR 85.07 86.48 85.88 85.77 –
Bert 86.08 84.12 84.90 85.09 –

Table 6. Comparison of SFT variants (Qwen2.5-VL-7B [2]) on
abstention detection. Text-based fine-tuning performs comparably
to multimodal SFT, suggesting overfitting to linguistic cues.

6.4. Effect of Reasoning on Abstention
To further assess whether explicit reasoning improves ab-
stention behavior, we examine the effect of “thinking”
prompts on EM-EQA performance (Tab. 5). Across all
model scales, adding reasoning chains does not improve
abstention reliability. Smaller variants (e.g., 2B) exhibit
only marginal gains in recall and F1, whereas larger mod-
els (8B–32B) show consistent declines across both metrics,
indicating that extended reasoning yields verbose explana-
tions rather than calibrated abstention.

Overall, explicit reasoning does not substantially en-
hance abstention quality. Instead, extended reasoning of-
ten increases response latency and complicates interaction,
potentially hindering user experience in embodied question
answering, where timely decisions are essential.

6.5. Limitations of SFT in Recognizing Abstention
Tab. 6 compares several supervised fine-tuning (SFT) vari-
ants for abstention detection. Although these models report
high recall, precision, and F1, the gains are illusory: per-
formance barely changes when visual inputs are random-
ized (7B-SFT-random) or removed entirely (7B-Text-SFT).

Figure 6. Word-frequency distributions for response vs. abstention
questions, showing lexical separation that SFT models rely on

······

······

What shape is 
the mirror?

Sorry, which mirror 
do you refer to?

Sorry, which mirror 
do you refer to?

There are  
one mirror

 in the 
house
······

What shape is 
the mirror?

There are  
two mirrors

 in the 
house

Figure 7. Examples showing that SFT models give identical an-
swers across scenes for the same query, revealing a failure to
ground abstention in visual evidence.

Text-only baselines TF-IDF+LR and a small BERT classi-
fier match the SFT models, confirming that the signal comes
almost entirely from linguistic patterns rather than multi-
modal reasoning.(Examples see App. D.3)

Fig. 6 further shows that specific lexical cues (e.g., who,
design) disproportionately drive abstention decisions. Yet
such cues are unreliable in embodied settings, as Fig. 7
shows the same question may or may not warrant a response
depending entirely on what the agent observes. Overall,
SFT models rely on surface text features rather than ground-
ing abstention in visual evidence, revealing a fundamental
limitation of current SFT-based approaches.

7. Conclusion
We present the first systematic study of abstention in em-
bodied question answering and find that current agents fail
to recognize ambiguous or underspecified queries. Scaling,
prompting, reasoning, and fine-tuning yield only superfi-
cial gains, as models rely on textual cues rather than visual
evidence. Ambiguity also leads to inefficient and unreli-
able exploration. These results expose a core limitation of
embodied systems and highlight the need for uncertainty-
aware agents for safe real-world human–robot interaction.
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