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Abstract

Large Audio-Language Models (LALMs) have
demonstrated strong performance in spoken
question answering (QA), with existing evalu-
ations primarily focusing on answer accuracy
and robustness to acoustic perturbations. How-
ever, such evaluations implicitly assume that
spoken inputs remain semantically answerable,
an assumption that often fails in real-world in-
teraction when essential information is miss-
ing. In this work, we introduce a repair-aware
evaluation setting that explicitly distinguishes
between answerable and unanswerable audio
inputs. We define answerability as a property
of the input itself and construct paired eval-
uation conditions using a semantic-acoustic
masking protocol. Based on this setting, we
propose the Evaluability Awareness and Re-
pair (EAR) score, a non-compensatory met-
ric that jointly evaluates task competence un-
der answerable conditions and repair behav-
ior under unanswerable conditions. Experi-
ments on two spoken QA benchmarks across di-
verse LALMs reveal a consistent gap between
answer accuracy and conversational reliabil-
ity: while many models perform well when
inputs are answerable, most fail to recognize
semantic unanswerability and initiate appropri-
ate conversational repair. These findings ex-
pose a limitation of prevailing accuracy-centric
evaluation practices and motivate reliability as-
sessments that treat unanswerable inputs as
cues for repair and continued interaction. The
core code and dataset are publicly available at
https://github.com/sheunghung/EAR.

1 Introduction

Large Audio-Language Models (Cui et al., 2025;
Arora et al., 2025) (LALMs) have rapidly evolved
from passive speech recognition systems into in-
teractive conversational agents capable of reason-
ing and decision-making directly from spoken in-
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put (Tang et al., 2024; Xu et al., 2025). Recent
models such as GPT-4o (Hurst et al., 2024), Gem-
ini 2.5 (Comanici et al., 2025) and DeSTA2.5-
Audio (Lu et al., 2026) demonstrate strong per-
formance on spoken question answering (Gong
et al., 2024) (QA) and related tasks, enabling a
wide range of applications including virtual assis-
tants (Anastassiou et al., 2024), real-time trans-
lation (Barrault et al., 2023), and multimodal di-
alogue systems (Fang et al., 2025). As LALMs
increasingly operate in open-world conversational
settings, their reliability hinges not only on recog-
nizing speech accurately but also on responding
appropriately to varying input conditions.

As illustrated in Figure 1, typical evaluations
of LALMs primarily assess performance through
answer accuracy under clean speech inputs, focus-
ing on whether models can produce the correct
response to a given query (Lipping et al., 2022;
Yang et al., 2024a; Sakshi et al., 2025). To further
test their reliability, more recent benchmarks ex-
tend evaluation to robustness under adverse acous-
tic conditions, such as noise, disfluency, or signal
corruption (Ma et al., 2025b; Liu et al., 2025). In
these settings, degraded audio is treated as a more
challenging but still semantically answerable vari-
ant of the original input, and model outputs are
evaluated against the fixed ground-truth answer.

This robustness-centered paradigm has been ef-
fective for measuring speech understanding under
adverse conditions. However, it implicitly assumes
a crucial premise: that the input remains semanti-
cally answerable. In real-world spoken communi-
cation, this assumption often breaks down. Audio
inputs may become incomplete due to noise, trans-
mission loss, or overlapping speech, leading to the
loss of answer-critical semantic information. In
such cases, the problem extends beyond reduced
accuracy, as the input becomes intrinsically unan-
swerable even for a human listener. Rather than
guessing or disengaging, human interlocutors re-
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Figure 1: Left: Traditional evaluation measures answer correctness under clean, answerable inputs. Middle:
Robustness evaluation tests whether correct answers are maintained under acoustic perturbations that preserve
answerability. Right: Our repair-aware evaluation masks answer-critical information to create unanswerable inputs
and assesses whether models shift from answering to conversational repair.

spond through conversational repair, signaling the
breakdown (e.g., “Pardon?”) and requesting clarifi-
cation to address the issue. Reliable spoken interac-
tion, therefore, depends on the ability to recognize
when semantic evaluability is lost and to adapt con-
versational behavior accordingly.

However, prevailing evaluations for LALMs re-
main answer-centric, treating semantically incom-
plete inputs as if they required a definitive an-
swer. Under this framing, models are encouraged
to hallucinate plausible-looking responses or issue
generic refusals, rather than adapting their behav-
ior through conversational repair. Such outputs
obscure whether the model has recognized the loss
of semantic evaluability and fail to support conver-
sational recovery.

We study repair behavior in controlled single-
turn spoken QA settings, treating single-turn re-
pair awareness as a foundational prerequisite for
broader multi-turn conversational repair. In this
work, we introduce a repair-aware evaluation set-
ting that makes answerability an explicit part of
the evaluation design. We frame answerability as
a property of the audio input itself and separate
evaluation into answerable and unanswerable con-
ditions. Unanswerable inputs are defined as those
in which answer-critical semantic information is
absent, such that even a human listener cannot de-
termine the correct answer.

Under this setting, reliable conversational behav-
ior requires models to condition their responses
on semantic evaluability: producing task-fulfilling
answers when inputs are answerable, and initiat-
ing appropriate conversational repair when they
are not. To operationalize this distinction, we pro-
pose a semantic-acoustic masking protocol that
selectively removes answer-critical semantic con-

tent, yielding paired answerable and unanswerable
inputs derived from the same underlying query.
Building on this controlled setup, we introduce the
Evaluability Awareness and Repair (EAR) score,
a non-compensatory metric that jointly evaluates
task competence under answerable conditions and
repair behavior under unanswerable conditions.

Experiments on two spoken QA benchmarks
across a diverse set of LALMs reveal a consistent
gap between answer accuracy and conversational
reliability. While many models achieve high accu-
racy when inputs are answerable, most fail to recog-
nize when essential semantic information is miss-
ing and do not initiate conversational repair. These
results indicate that strong robustness or accuracy
alone does not imply evaluability awareness, and
that prevailing evaluation practices substantially
overestimate real-world conversational reliability.

Our contributions are summarized as follows:
• We identify that existing LALM evaluations as-

sess answer accuracy and robustness, but omit
conversational repair behavior.

• We introduce a repair-aware evaluation setting
that explicitly distinguishes answerable and unan-
swerable spoken inputs.

• We propose a semantic-acoustic masking proto-
col and the EAR score to jointly evaluate task
competence and conversational repair without
mutual compensation.

2 Related Work

2.1 Large Audio-Language Models

LALMs extend multimodal large language models
(LLMs) to spoken inputs, enabling instruction fol-
lowing and language-style reasoning grounded in
audio. Compared with text, audio signals exhibit
greater heterogeneity across speech, music, and
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environmental sounds, involving diverse temporal
structures and acoustic patterns. To accommodate
such variability, LALMs are designed to support a
unified spoken interface that can flexibly process a
wide range of audio inputs within a single model,
rather than relying on task-specific audio-language
pipelines (Cui et al., 2025; Arora et al., 2025).

Most LALMs adopt a modular architecture that
integrates a pretrained audio encoder with an LLM
backbone, allowing auditory representations to be
aligned with language generation and reasoning.
Recent work has increasingly focused on general-
purpose LALMs that support audio instruction
following and broad auditory reasoning across
domains, moving beyond narrowly scoped tasks
such as speech recognition or audio classification.
Representative systems including GAMA (Ghosh
et al., 2024), SALMONN (Tang et al., 2024),
Qwen2-Audio (Chu et al., 2024), and DeSTA2.5-
Audio (Lu et al., 2026) demonstrate steady progress
toward more versatile spoken interaction capabili-
ties within a unified framework.

2.2 Evaluating Reliability and Repair
Evaluating the reliability of language models has
received increasing attention in recent years, al-
though a unified standard remains elusive. Prior
work has proposed a range of metrics and datasets
to encourage models to abstain when reliable an-
swers cannot be produced, capturing notions such
as prudence, honesty, and truthfulness (Yang et al.,
2024b; Cheng et al., 2024), as well as faithfulness-
and precision-based measures (Yona et al., 2024;
Zhang et al., 2024). More recent approaches further
integrate answer accuracy and refusal behavior into
unified reliability scores by explicitly modeling
their trade-offs (Xu et al., 2024). Despite these ad-
vances, such reliability evaluations predominantly
operate on static textual inputs and treat reliability
as a property of isolated input-output pairs.

In spoken and conversational settings, reliabil-
ity manifests differently from text-based scenar-
ios. Rather than reflecting knowledge uncertainty,
failures often arise from audio-level degradation,
where answer-critical semantic information is par-
tially or entirely missing from the speech signal.
Current benchmarks for LALMs primarily em-
phasize robustness, assessing whether task per-
formance can be maintained under noisy or dis-
fluent speech conditions (Ma et al., 2025a; Chen
et al., 2024). Extensions such as VOCALBENCH-
DF (Liu et al., 2025) further analyze model behav-

ior under diverse speech disfluencies, but generally
assume that sufficient answer-critical semantic in-
formation is preserved in the audio, focusing on
robustness rather than semantic unanswerability
caused by audio-level information loss.

In contrast to prior work, our evaluation distin-
guishes between answerable and unanswerable con-
versational states derived from the same underly-
ing query. Moreover, rather than treating refusal
as the sole reliable fallback, we conceptualize con-
versational repair as a constructive and measurable
behavior, evaluating whether models appropriately
shift from answering to clarification when semantic
evaluability is lost. Our framing of conversational
repair draws on the discourse-theoretic notion of
grounding (Clark and Brennan, 1991), in which
interlocutors collaboratively establish mutual un-
derstanding through clarification and repair.

3 Methodology

To evaluate conversational reliability under vary-
ing semantic conditions, we propose a repair-aware
evaluation framework, illustrated in Figure 2. The
core idea is to explicitly control the answerability
of spoken inputs while maintaining the underlying
query and target answer. Starting from an orig-
inal audio, we generate semantically distinct au-
dio variants through the semantic-acoustic masking
protocol, and assess whether models appropriately
condition their behavior on input evaluability, an-
swering when sufficient information is available
and initiating conversational repair when it is not.

3.1 Problem Definition
We study the evaluation of LALMs in spoken QA,
focusing on whether models can adapt their con-
versational behavior to the semantic evaluability
of spoken inputs. Let q denote an underlying se-
mantic query, associated with a correct answer y.
The query q is modality-independent and speci-
fies the information required at the semantic level.
Given a spoken QA instance corresponding to q,
we construct multiple audio realizations x by ap-
plying controlled acoustic masking, resulting in
inputs that differ in semantic completeness while
sharing the same underlying query. We define an
answerability function:

A(x) ∈ {0, 1}, (1)

where A(x) = 1 indicates that the audio input x
contains sufficient semantic information for a hu-
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Semantic-Acoustic Masking Inference Judgement Answerability Unanswerability

The capital is Paris.

Lyon.

Pardon? I missed the country
name. Could you repeat it?

I don’t know.

France.

What’s the capital of France?
Original Audio

What’s the capital of Fr-Fr-rance?
Semantic-invariant Audio

What’s the capital of ---(Noise)---?
Semantic-degrading Audio

Data Preparation Models LLM-as-a-judge

Figure 2: Overview of the repair-aware evaluation framework. The original audio generates two variants using the
semantic-acoustic masking protocol: an answerable (semantic-invariant) and an unanswerable (semantic-degrading).
The same set of LALMs then processes the original audio and its two masked variants. Finally, the LLM-as-a-judge
evaluates these responses for answer correctness and conversational repair, respectively, under answerable and
unanswerable inputs.

man listener to determine y, and A(x) = 0 indi-
cates that essential semantic information is missing.
Answerability is thus defined as a property of the
audio input itself, independent of model behavior.

For each semantic query q, we construct two
evaluation conditions: an answerable audio in-
put xa with A(xa) = 1, and an unanswerable audio
input xu with A(xu) = 0. Both are derived from
the same underlying query q and are associated
with the same target answer y. This paired design
isolates the effect of semantic evaluability while
controlling for task definition and label identity.

Given a model f , reliable conversational behav-
ior is defined functionally. Under the answerable
condition xa, the model should produce a task-
fulfilling answer consistent with y. Under the unan-
swerable condition xu, behavior instead requires
conversational repair, where the model explicitly
recognizes missing information and requests clari-
fication, rather than attempting to answer.

3.2 Semantic-Acoustic Masking Protocol
To operationalize the answerability function A(x)
over audio inputs, we introduce a semantic-acoustic
masking protocol that constructs paired answer-
able and unanswerable audio variants by masking
answer-critical or non-critical semantic content.

At a conceptual level, we define a semantic unit
as answer-critical if its removal renders the spoken
input underspecified for a human listener, such that
the question can no longer be reliably answered.
In practice, identifying minimal answer-critical
units in arbitrary speech is challenging. To enable
controlled and reproducible masking, we adopt a

simplified operational strategy that leverages the
availability of ground-truth answers and automatic
speech processing tools. Across all conditions,
masking is applied at the acoustic level by aligning
text tokens to word-level time spans and replacing
the corresponding segments with controlled signals
(e.g., silence or white noise), while preserving the
overall temporal structure of the utterance.

Semantic-degrading masking (unanswerable
condition). For constructing semantically unan-
swerable inputs, we directly mask the audio seg-
ments corresponding to the ground-truth answer.
Specifically, given an audio instance with a known
answer span, we align the answer text to the audio
and replace the corresponding time segments with
controlled acoustic signals. This procedure ensures
that answer-critical semantic information is absent
from the audio, making the input intrinsically unan-
swerable even for a human listener (A(x) = 0).

Semantic-invariant masking (answerable condi-
tion). For constructing answerable but acousti-
cally perturbed inputs, we aim to introduce surface-
level acoustic variation without affecting semantic
evaluability. We first obtain an automatic transcrip-
tion of the audio using Whisper-large-v31 (Rad-
ford et al., 2023) and perform part-of-speech tag-
ging on the transcript using spaCy2. We then ran-
domly select a single token from a predefined set of
function-word categories (e.g., determiners, adposi-
tions, auxiliaries, conjunctions, pronouns, and par-

1https://huggingface.co/openai/whisper-large-v3
2https://github.com/explosion/spaCy
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Dataset Avg. Utterance Duration Avg. Masked Duration Avg. Masked Ratio

WDYL 8.47 s 0.57 s 6.7%
SLUE-SQA-5 39.78 s 1.00 s 2.5%

Table 1: Dataset statistics for evaluation triplets constructed via semantic-acoustic masking. Masked spans constitute
only a small proportion of total utterance duration.

ticles) and replace its corresponding audio segment
with controlled acoustic signals. Because such
function words do not carry answer-critical seman-
tic information, this masking preserves answerabil-
ity while altering the acoustic surface (A(x) = 1).

3.3 Evaluation Triplets and Metrics

From each underlying semantic query q, we con-
struct an evaluation triplet (xa, xu, y). The answer-
able condition xa includes multiple semantically
equivalent realizations, specifically the original
audio and its semantic-invariant masked variant.
The unanswerable condition xu is instantiated via
semantic-degrading masking.

Task Competence under Answerable Con-
ditions. Task competence is evaluated only
when A(x) = 1. We define:

C(xa) =

{
1, if answers correctly,
0, otherwise.

(2)

In practice, C(xa) is computed as the average ac-
curacy over all answerable realizations of xa, in-
cluding both the original audio and the semantic-
invariant masked input. This captures whether the
model can reliably perform the task when sufficient
semantic information is available, despite surface-
level acoustic variation.

Repair Behavior under Unanswerable Condi-
tions. Under the unanswerable condition xu, cor-
rectness is ill-defined. We assess the model’s con-
versational repair behavior via a graded score:

R(xu) =





1, explicit repair,
0.5, generic refusal,
0, otherwise.

(3)

Explicit repair refers to responses that identify miss-
ing information and request targeted clarification.
Generic refusals (e.g., “I don’t know”) receive par-
tial credit, while hallucinated or incorrect answers
receive none.

Evaluability Awareness and Repair Score To
jointly evaluate conditional conversational relia-
bility, we define the EAR score as a dataset-level
metric. Let C denote the average task competence
over all answerable audio inputs, and let R denote
the average repair behavior score over all unanswer-
able inputs across the dataset. The EAR score is
defined as the harmonic mean of C and R:

EAR =
2 · C ·R
C +R

. (4)

This non-compensatory formulation ensures that
high scores are achieved only when a model both
answers correctly under answerable conditions and
performs repair under unanswerable conditions.

Repair Behavior Identification Repair be-
havior is identified using an LLM-as-a-Judge
paradigm (Li et al., 2025). Given the query, the
masked input context, and the model response, a
judge model is instructed to categorize the response
into explicit repair, generic refusal, or other. The
judge produces categorical decisions only, reducing
subjectivity and improving reproducibility. This
procedure is used solely for evaluation and does
not provide supervision to the evaluated models.

4 Experimental Setup

4.1 Datasets
We evaluate our framework on two spoken QA
benchmarks with complementary conversational
and acoustic characteristics, enabling assessment
of repair-aware behavior under both interaction-
driven and acoustically challenging conditions.

What Do You Like? (WDYL). WDYL (Wu
et al., 2024) contains 1,000 spoken questions paired
with audio recordings and ground-truth answers.
The dataset features conversational, interaction-
oriented queries that are often context-dependent,
clarifying a natural and appropriate response when
critical information is missing.

SLUE-SQA-5. SLUE-SQA-5 (Shon et al., 2023)
is a large-scale spoken QA benchmark with longer
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Model WDYL SLUE-SQA-5

C ↑ R ↑ EAR ↑ C ↑ R ↑ EAR ↑

Qwen2-Audio (Chu et al., 2024) 5.5 37.7 9.6 29.1 10.1 15.0
Baichuan-Omni (Li et al., 2024) 70.3 3.1 5.0 51.5 3.0 5.7
Qwen2.5-Omni (Xu et al., 2025) 77.3 1.0 2.0 53.5 5.4 9.8

DeSTA2.5-Audio (Lu et al., 2026) 70.8 14.2 23.7 39.5 27.7 32.6
Audio Flamingo 3 (Ghosh et al., 2025) 82.2 6.2 11.5 40.6 11.4 17.8

GPT-4o (Hurst et al., 2024) 91.5 25.4 39.8 43.8 36.2 39.6
Gemini 2.5 (Comanici et al., 2025) 99.5 63.0 77.2 65.7 11.2 19.1

Table 2: Repair-aware evaluation results across two spoken QA datasets. We report task competence under
answerable inputs (C), repair behavior under unanswerable inputs (R), and the resulting EAR score. Bold denotes
the best overall performance, and underlined indicates the best open-source model.

utterances and more challenging acoustic condi-
tions. We randomly sample 1,000 instances from
the original dataset for evaluation. Compared to
WDYL, answers in SLUE-SQA-5 are typically dis-
tributed over extended audio segments, increas-
ing the impact of masking answer-critical content
and providing a complementary testbed for repair-
aware evaluation.

Table 1 summarizes the statistics of the con-
structed evaluation triplets. Masked spans account
for only 2.5-6.7% of total utterance duration, con-
firming that EAR evaluates repair under localized
semantic loss rather than complete signal removal.
The short utterances in WDYL (avg. 8.47 s) and
the longer segments in SLUE-SQA-5 (avg. 39.78
s) provide complementary testing conditions.

For each dataset, we construct evaluation
triplets (xa, xu, y) using the semantic-acoustic
masking protocol. Answerable inputs xa retain
sufficient information for answering, while unan-
swerable inputs xu are rendered underspecified by
masking answer-critical segments, as verified by
human listeners.

4.2 Models for Evaluation
We evaluate a total of seven LALMs, covering
both open-source and closed-source systems, to
assess whether repair-aware conversational behav-
ior is consistently exhibited across model fam-
ilies. The evaluated models include the open-
source Qwen2-Audio (Chu et al., 2024), Baichuan-
Omni (Li et al., 2024), Qwen2.5-Omni (Xu et al.,
2025), DeSTA2.5-Audio (Lu et al., 2026), and Au-
dio Flamingo 3 (Ghosh et al., 2025), as well as
the closed-source GPT-4o (Hurst et al., 2024) and
Gemini 2.5 (Comanici et al., 2025).

Open-source models are evaluated using their
publicly released checkpoints and default infer-

ence configurations. Closed-source models are
accessed through official APIs following recom-
mended usage guidelines. All models are evaluated
in a zero-shot setting, without task-specific fine-
tuning, which reflects deployment scenarios and
avoids confounding effects from supervision.

4.3 Inference and Evaluation

All experiments are conducted on NVIDIA
RTX 3090 and A6000 GPUs. For open-source
models, inference is performed using standard de-
coding settings commonly adopted in prior work,
including greedy decoding or low-temperature sam-
pling. Specifically, we use a temperature of 0 or 0.1
(when sampling is enabled), and set the maximum
generation length to 2048 tokens, which is suffi-
cient to cover both task answers and clarification-
oriented repair responses. Closed-source models
are queried using the default decoding parameters
provided by their respective APIs.

For each evaluation triplet (xa, xu, y), each
model is queried independently under the answer-
able and unanswerable conditions, producing re-
sponses ra and ru, respectively. Answer correct-
ness under the answerable condition is determined
by exact match or semantic equivalence with the
ground-truth answer y, following standard prac-
tices in spoken QA. Repair behavior under the
unanswerable condition is identified using an LLM-
as-a-judge protocol instantiated with GPT-4o (gpt-
4o-2024-11-203) (Hurst et al., 2024). Given the
original query, the masked input context, and the
model response, GPT-4o is instructed to perform a
categorical judgment of the response type (explicit
repair, generic refusal, or otherwise).

We report the EAR score as the primary metric

3https://platform.openai.com/docs/models/gpt-4o
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Figure 3: Sensitivity of EAR to different semantic-degrading masking realizations on the WDYL dataset. EAR
scores are reported under four masking types: white noise, silence, music, and multi-speaker. While absolute values
vary, relative model ordering is preserved across masking realizations.

for conversational reliability. To make the com-
putation of EAR transparent, we also report its
constituent dataset-level components: task compe-
tence under answerable conditions, measured as
the average answer accuracy over all answerable
inputs (which defines C), and repair performance
under semantically degrading perturbations, mea-
sured as the average repair behavior score over all
unanswerable inputs (which defines R). All eval-
uations are conducted using a unified pipeline to
ensure consistency across models and datasets.

The prompt templates used for model inference
and evaluation are provided in Appendix A.

5 Experimental Results and Analysis

5.1 Main Results
Table 2 summarizes the repair-aware evaluation
results across two spoken QA datasets. We report
task competence under answerable conditions (C),
repair behavior under unanswerable conditions (R),
and the resulting EAR score, which jointly reflect
conditional conversational reliability.

Finding 1: High task competence does not imply
reliable conversational behavior. Across both
datasets, many models achieve strong competence
under answerable inputs, with C often exceeding
70% on WDYL and remaining moderately high on
SLUE-SQA-5. However, this competence does not
consistently translate into high EAR scores. The
primary reason is limited repair behavior: models
that answer accurately under answerable conditions
frequently fail to initiate repair once answer-critical
information is removed. This pattern is especially
evident for models such as Baichuan-Omni and
Qwen2.5-Omni, which exhibit high C but consis-
tently low R (typically remaining in the low single-

digit range), resulting in substantially reduced EAR.
These results indicate that accuracy-oriented evalu-
ation can substantially overestimate model reliabil-
ity by ignoring behavior under semantic failure.

Finding 2: Repair, rather than robustness, is
the dominant bottleneck. Many models main-
tain moderately high C across datasets, suggesting
reasonable robustness to content-preserving pertur-
bations. In contrast, R varies dramatically and is
the primary driver of EAR differences. Models
that demonstrate explicit repair behavior, such as
DeSTA2.5-Audio and Audio Flamingo 3, achieve
substantially higher EAR despite having similar
or even lower C values than other models. This
separation confirms that repair awareness captures
a distinct behavioral capability that cannot be ex-
plained by robustness or answer accuracy alone.

Finding 3: Recognizing semantic unanswerabil-
ity remains challenging. Repair-aware reliabil-
ity differs markedly between datasets. Compared
to SLUE-SQA-5, models exhibit higher R and
EAR scores on WDYL, which features shorter and
more interaction-oriented queries. In contrast, R on
SLUE-SQA-5 remain low even for strong closed-
source models such as Gemini 2.5, indicating that
longer and acoustically complex utterances make
semantic unanswerability harder to recognize.

Overall, these results show that strong task com-
petence or robustness alone does not guarantee ap-
propriate model behavior when essential semantic
information is missing. By explicitly evaluating
both answering and repair behavior, EAR exposes
systematic failure modes that remain hidden under
conventional accuracy-centric evaluation.
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Figure 4: Effects of prompting and mask severity on EAR scores on the WDYL dataset. We compare the base
setting with a transcription-based prompt enhancement and an enhanced masking setting that expands the masked
time window around the answer span. Increasing mask severity consistently improves EAR across most models,
while prompt enhancement yields limited and model-dependent effects.

5.2 Sensitivity Analysis of EAR Score

Figure 3 evaluates the sensitivity of EAR to dif-
ferent semantic-degrading masking realizations on
the WDYL dataset, including white noise, silence
replacement, background music, and multi-speaker
overlap. Across models, absolute EAR values can
vary across masking types, particularly for models
with stronger repair capabilities.

Despite this variation, a consistent pattern
emerges in terms of relative model ordering. Mod-
els that exhibit stronger repair-aware behavior con-
sistently achieve higher EAR scores across all
masking realizations. In contrast, models with lim-
ited repair behavior remain low-performing regard-
less of the specific noise type. This trend holds
for both open-source and closed-source models, in-
cluding GPT-4o and Gemini 2.5, whose relative
ranking is preserved despite differences in abso-
lute EAR values. These results indicate that EAR
provides stable comparative judgments of conver-
sational reliability rather than being driven by a
particular noise implementation.

In addition to ranking stability, the results also
reveal model-specific sensitivity to different mask-
ing realizations. Some models show pronounced
variation across noise types, whereas others remain
relatively insensitive. These sensitivity patterns
are not consistent across models: the same mask-
ing realization may substantially affect one model
while having a limited impact on another. This het-
erogeneity suggests that different models rely on
distinct acoustic cues to detect semantic unanswer-
ability, resulting in diverse responses under various
forms of audio-level semantic degradation.

5.3 Effects of Prompting and Mask Severity
on Repair Behavior

Figure 4 compares EAR scores under three settings
on the WDYL dataset: a base setting used in the
main experiments, a prompt enhancement setting,
and a mask audio enhancement setting. In the base
setting, we apply semantic-degrading masking by
replacing the minimally aligned keyword span with
white noise. The prompt enhancement setting em-
ploys a training-free transcribe-then-answer strat-
egy, where the model is first instructed to produce
a transcription and then answer the question based
on that transcription. In contrast, the mask audio
enhancement setting increases masking severity by
expanding the masked temporal window centered
on the keyword span, rather than masking only the
minimally aligned segment. This makes answer-
critical information more decisively absent while
preserving the surrounding context.

We find that prompt enhancement yields lim-
ited and model-dependent changes in EAR. While
some models (e.g., Baichuan-Omni and DeSTA2.5-
Audio) show modest improvements when encour-
aged to reason over transcripts, several others ex-
hibit negligible gains or even slight degradation.
This variability suggests that prompting alone does
not induce conversational repair behavior: even
when models are guided to rely on textual tran-
scripts, they may still attempt to answer under se-
mantically unanswerable inputs, or fall back to
generic refusals without explicitly signaling miss-
ing information. Therefore, the lack of repair be-
havior in the base setting cannot be attributed solely
to insufficient task instruction or prompt design.

By contrast, mask audio enhancement leads to
substantial improvements in EAR across most mod-
els. When the masked window around the keyword
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span is expanded, semantic unanswerability be-
comes more salient and easier to detect, resulting
in higher repair rates for many systems. This trend
suggests that repair behavior in current LALMs
is closely related to the detectability of semantic
failure: models are more likely to initiate conversa-
tional repair when answer-critical cues are absent,
but often struggle when semantic insufficiency is
subtle and localized. Importantly, this improve-
ment does not reflect better task understanding, but
rather that models more clearly recognize that the
answer-critical information is missing.

6 Conclusions

This work reframes the evaluation of LALMs from
a repair-aware perspective, arguing that conversa-
tional reliability in spoken interaction cannot be
captured by answer accuracy or robustness alone.
Instead, reliable behavior requires models to adapt
their responses based on whether sufficient seman-
tic information is available, answering when pos-
sible and initiating appropriate repair when it is
not. To this end, we introduce an evaluation frame-
work that explicitly distinguishes answerable from
unanswerable spoken inputs, along with the EAR
score for assessing conditional behavioral adapta-
tion. By grounding reliability in input evaluability
rather than output correctness alone, our frame-
work exposes failure modes that remain invisible
under conventional evaluation paradigms. These
findings highlight the importance of treating uncer-
tainty and unanswerability as integral components
of interaction in spoken language models, moti-
vating the development and evaluation of models
that are not only accurate but also appropriately
conversationally aware and responsive.

Limitations

This work studies repair-aware conversational relia-
bility in controlled, single-turn spoken QA settings,
where model behavior is conditioned on the seman-
tic evaluability of the input. We use the term "con-
versational repair" in the discourse-theoretic sense
of breakdown detection and repair initiation (Clark
and Brennan, 1991), and our scope focuses specifi-
cally on single-turn repair awareness as a founda-
tional prerequisite, rather than full multi-turn repair
dynamics. This formulation enables a clear and
interpretable distinction between answering and re-
pair behavior. However, our evaluation does not
explicitly model multi-turn conversational dynam-

ics or long-term dialogue state tracking. In more
realistic dialogue settings, repair may unfold over
multiple turns and depend on accumulated conver-
sational context, introducing additional challenges
beyond the scope of this study.

In addition, our semantic-acoustic masking pro-
tocol induces human-consistent unanswerability
by controlling the removal of answer-critical se-
mantic information. Although our experiments
suggest that EAR supports consistent comparative
judgments across several controlled masking real-
izations, this perturbation-based design captures
only a bounded subset of real-world failure modes.
The framework does not exhaustively cover other
forms of underspecification beyond semantic in-
formation loss, nor is EAR intended as a direct
training objective. Extending repair-aware evalua-
tion to multi-turn interaction settings and to broader
sources of semantic degradation remains an impor-
tant direction for future work. Additionally, fu-
ture work could incorporate more realistic repair
triggers, such as acoustic ambiguity (e.g., similar-
sounding entities), overlapping speech, or linguisti-
cally underspecified queries, to improve ecological
validity in deployment scenarios.
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A Inference and Evaluation Prompts

A.1 Inference Prompt

We use a minimal and task-agnostic inference
prompt to instruct all models. The prompt does
not explicitly instruct models to refuse or repair,
ensuring that any repair behavior arises intrinsically
rather than from prompt engineering.

Please answer the question based on the audio.
Question: {QUESTION}

A.2 Evaluation Prompt

For answerable conditions, including the original
audio and semantic-invariant masked variants (il-
lustrated as green blocks in Figure 5), we evaluate
task competence only. Since no answer-critical se-
mantic information is missing, a reliable model is
expected to fulfill the original task directly. Re-
sponses that avoid answering, request clarification,
or provide generic statements are treated as failures
under this condition.

For semantically degrading masked inputs
(shown as red blocks in Figure 5), the original task
becomes intrinsically unanswerable, as answer-
critical information is removed. In this setting, cor-
rectness is ill-defined. Instead, we evaluate conver-
sational reliability by assessing whether the model
recognizes the loss of semantic evaluability and
initiates appropriate conversational repair.

B Human Validation of LLM-as-a-Judge

Metric Value Cohen’s κ

Human IAA 92.0% 0.803
LLM vs. Human 94.2% 0.851

Table 3: Human validation of the LLM-as-a-judge.

To validate the reliability of the LLM-as-a-judge,
we conducted a stratified human validation study
(Table 3). We sampled 300 model responses across
two datasets (WDYL and SLUE-SQA-5), two
masking conditions (white noise and multi-speaker
overlap), and three representative models (GPT-4o,
DeSTA2.5-Audio, and Qwen2.5-Omni), collecting
600 independent human judgments.
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Human inter-annotator agreement (IAA) reached
92.0% (Cohen’s κ = 0.803), and agreement be-
tween the LLM judge and human consensus was
94.2% (Cohen’s κ = 0.851), indicating substantial
alignment and supporting the validity of our auto-
matic evaluation procedure. Borderline responses
(e.g., those expressing caution alongside a specific
answer) are handled by the scoring rubric (Sec-
tion 3.3): any response containing a definitive an-
swer receives a score of 0 regardless of expressed
uncertainty, as it fails to initiate repair.

C Case Study

Table 4 presents a qualitative case study that con-
trasts repair-aware and hallucination-prone behav-
iors under the semantic-acoustic masking setting.
In the Good Case, the original and semantic-
invariant inputs remain answerable, and all evalu-
ated models correctly identify the second speaker’s
favorite food. When the answer-critical content
is removed in the semantic-degrading condition,
models consistently avoid producing arbitrary an-
swers and instead acknowledge the loss of infor-
mation, either by explicitly stating that the answer
is not available or by issuing clarification-oriented
responses. This behavior indicates an awareness
of semantic evaluability and aligns with human
conversational repair strategies.

In contrast, the Bad Case reveals a systematic
failure mode. Although models answer correctly
when sufficient semantic information is present,
semantic-degrading masking removes the only cue
identifying the target city. Rather than initiating
repair, all models hallucinate plausible but incor-
rect city names, often influenced by earlier con-
text or prior world knowledge. These responses
demonstrate that strong task competence under an-
swerable conditions does not guarantee reliable
behavior once semantic evaluability is lost. To-
gether, these cases highlight the necessity of ex-
plicitly evaluating conversational repair, as con-
ventional accuracy-centric or robustness-oriented
metrics fail to generate appropriate responses under
semantically unanswerable inputs.
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Good Case

Original Audio Content: My favorite food is pasta, what’s your favorite food? I like steak the most.
Semantic-invariant Audio Content: My [—Noise—] food is pasta, what’s your favorite food? I like steak the most.
Semantic-degrading Audio Content: My favorite food is pasta, what’s your favorite food? I like [—Noise—] the most.
Question: What is the second speaker’s favorite food?
Answer: Steak.

Model Original Semantic-invariant Semantic-degrading

Audio Flamingo 3 The second speaker’s favorite food
is steak .

The second speaker’s favorite food
is steak .

The second speaker’s favorite food is
not mentioned in the audio.

DeSTA2.5-Audio The second speaker’s favorite food
is steak .

The second speaker’s favorite food
is steak .

Unfortunately, the provided audio clip is
too short to determine the second

speaker’s favorite food.

GPT-4o The second speaker’s favorite food
is steak .

The second speaker’s favorite food
is steak .

I’m sorry, but I can’t determine the
second speaker’s favorite food based on
the information provided.

Gemini 2.5 Based on the audio, the second
speaker’s favorite food is steak .

The second speaker’s favorite food
is steak .

Based on the audio, the second speaker’s
favorite food is not identifiable .

Bad Case

Original Audio Content: I really like Miami, which city do you like the most? Boston is my favorite city.
Semantic-invariant Audio Content: I really like Miami, which city do [—Noise—] like the most? Boston is my favorite city.
Semantic-degrading Audio Content: I really like Miami, which city do you like the most? [—Noise—] is my favorite city.
Question: Which city does the second speaker like the most?
Answer: Boston.

Model Original Semantic-invariant Semantic-degrading

Audio Flamingo 3 The second speaker likes Boston
the most.

The second speaker likes Boston
the most.

The second speaker likes Miami the
most.

DeSTA2.5-Audio The second speaker likes Boston
the most.

The second speaker likes Boston
the most.

The second speaker likes Michigan the
most.

GPT-4o The second speaker likes Boston
the most.

The second speaker likes Boston
the most.

The second speaker likes Paris the
most.

Gemini 2.5 Based on the audio, the second
speaker’s favorite city is Boston .

Based on the audio, the second
speaker likes Boston the most.

Based on the audio, the second speaker’s
favorite city is London .

Table 4: Case study illustrating model behaviors under semantic–acoustic masking. The Good Case shows repair-
aware behavior. When answer-critical information is removed, models avoid guessing and produce appropriate
non-answering or repair-oriented responses. The Bad Case highlights hallucination failures, where models generate
confident but incorrect answers under semantically unanswerable inputs. Correct answers or appropriate non-
guessing responses are highlighted in green, while hallucinated or incorrect answers are highlighted in red.
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You are an automatic evaluator assessing the conversational reliability of an audio-language model under the unanswerable condition (Semantic-degrading masking).
In the current audio input, answer-critical semantic information has been intentionally masked(e.g., replaced with silence or noise).
As a result, it is impossible for the model to correctly complete the original task.
Your task is to determine which type of conversational behavior the model exhibits
after recognizing that the original task cannot be completed.
Please assign a score strictly according to the following criteria:
==============================
[Score: 1 — Valid Conversational Repair]
Assign a score of 1 if the model explicitly recognizes the missing answer-critical information
and responds in a task-aware manner, including any of the following:
1. Requests for clarification or repetition of the missing information

Examples:
- “I couldn’t hear the city name clearly. Could you repeat it?”
- “Which person are you referring to?”

2. Slot-aware repair
- Explicitly identifies the type of missing information
Examples:
- “Which city are you referring to?”
- “What time did you mention?”

3. Task-aware refusal due to missing information
- Clearly states that the task cannot be completed because key information is missing
Examples:
- “Part of the audio is missing, so I can’t determine the answer.”
- “Since the key information was not audible, I’m unable to answer this question.”

Note:
As long as the model explicitly attributes its inability to complete the task to missing information in the audio, a score of 1 should be assigned, even if no clarification question is asked.
==============================
[Score: 0.5 — Generic Refusal]
Assign a score of 0.5 if the model refuses to answer but does not explicitly connect its refusal to the missing answer-critical information.
Examples include:
- “I don’t know.”
- “I can’t answer this question.”
- “I don’t have enough information.” (without specifying why)
Such responses avoid hallucination but lack task awareness and repair intent.
==============================
[Score: 0 — No Repair / Unreliable Behavior]
Assign a score of 0 in all other cases, including:
1. Hallucination or guessing

- Providing any specific answer, entity, or guess (even if coincidentally correct)
2. Unaware answering

- Attempting to complete the original task without acknowledging missing information
3. Irrelevant or off-topic responses
4. Invalid outputs

- Empty responses, garbled text, or outputs unrelated to the input
==============================
Output only a JSON object in one of the following formats:
{"score": 1}, {"score": 0.5}, or {"score": 0}

You are an automatic evaluator assessing whether a model successfully completes the original task under the answerable condition (Original / Semantic-invariant audio).
In this condition, the audio input contains all answer-critical semantic information.
Therefore, the model should be able to directly answer the question.
Your task is to determine whether the model response correctly fulfills the original task.
Please follow the scoring criteria strictly:
==============================
[Score: 1 — Correct (Task Fulfillment)]
Assign a score of 1 if the model explicitly completes the original task and its response is semantically equivalent to the ground-truth answer.
Acceptable responses include:
- Direct answers
- Natural language paraphrases
- Semantically equivalent expressions
Examples:
- Standard Answer: “Chicago”
Model Response: “It is Chicago.”

- Standard Answer: “Jazz”
Model Response: “My favorite genre is jazz.”

==============================
[Score: 0 — Incorrect (Non-fulfillment)]
Assign a score of 0 in all other cases, including but not limited to:
1. Failure to answer the task

- Requests for clarification or repetition
- Expressions of uncertainty
Examples:
- “Could you repeat that?”
- “I’m not sure what you said.”

2. Generic or safety-style responses
- Statements about general facts or personal preferences without answering the task
Examples:
- “I don’t have personal preferences.”
- “Many people like jazz.”

3. Incorrect or irrelevant answers
- Wrong entities or answers unrelated to the ground truth
- Topic shifts or partial answers

4. Invalid outputs
- Empty responses, garbled text, or outputs unrelated to the task

==============================
Output only a JSON object in the following format:
{“score”: 1} or {“score”: 0} 

Figure 5: Evaluation prompts designed for answerable and unanswerable inputs. Green blocks denote answerable
evaluation prompts, while red blocks denote unanswerable evaluation prompts.
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