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Abstract
Audio–language models (ALMs) have recently shown strong
zero-shot performance on speech understanding tasks, yet their
robustness to accented speech and semantic reasoning remains
underexplored. In this work, we investigate whether reason-
ing failures in ALMs stem primarily from acoustic mismatch
or from linguistic decision bias. We evaluate multiple gener-
ative ALMs on audio entailment across accented and domain-
shifted datasets, observing pronounced class imbalance and en-
tailment dominance despite competitive overall accuracy. We
then introduce an in-context learning (ICL) framework that con-
ditions next-token prediction models with balanced semantic
exemplars to recalibrate reasoning boundaries without param-
eter updates. Results show that ICL improves class balance and
macro-F1 on accented data than on domain-matched speech,
suggesting that many observed failures arise from linguistic in-
ference bias rather than purely acoustic degradation. Our find-
ings provide new evidence that contextual semantic calibration
is an effective, lightweight strategy for improving reasoning re-
liability in audio–language models under accent variability.
Index Terms: audio language models, speech recognition, ac-
cented speech, semantic reasoning, in-context learning

1. Introduction
Audio–language models (ALMs) integrate speech encoders
with large language model (LLM) decoders, enabling direct rea-
soning over spoken input without explicit transcription [1, 2].
Recent systems demonstrate strong performance on audio cap-
tioning, question answering, and speech-based natural language
inference [3, 4]. However, competitive aggregate accuracy does
not necessarily imply stable semantic reasoning [5, 6]. In par-
ticular, performance under accented or non-standard speech of-
ten reveals class imbalance, prediction collapse, and systematic
over-reliance on specific labels [7, 8]. In real-world applications
such as healthcare [9], education, and multilingual communica-
tion, accent variability is pervasive, raising an important ques-
tion: do ALMs fail because they cannot represent the acoustics
reliably, or because their reasoning boundaries are poorly cali-
brated?

Most prior work has framed robustness primarily as an
acoustic problem, focusing on speech recognition quality or
representation invariance [10, 11]. Under this view, downstream
reasoning errors are assumed to stem from degraded audio em-
beddings [12]. However, emerging observations suggest that
even when transcripts are intelligible, ALMs exhibit strong de-
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cision biases, such as over-predicting entailment or neutral la-
bels [13, 2]. This pattern indicates that reasoning instability
may arise from linguistic calibration issues rather than purely
acoustic mismatch [2]. Disentangling these two failure modes
acoustic degradation versus semantic decision-boundary bias is
critical for designing principled mitigation strategies.

In this work, we investigate this distinction through the
lens of in-context learning (ICL) applied to generative au-
dio–language models. ICL provides a lightweight mechanism
for semantic recalibration by conditioning predictions on la-
beled exemplars without updating model parameters [14, 15,
16, 17]. By comparing zero-shot performance, ASR–LLM cas-
cades, and three ICL variants (audio-only, audio-plus-transcript,
and audio-plus-transcript-plus hypothesis), we directly test
whether contextual semantic conditioning can correct reason-
ing instability and whether improvements depend on textual re-
inforcement. Our contributions are fourfold:

• Controlled Analysis of Audio Entailment Reasoning Sta-
bility. We provide a comprehensive evaluation of seven gen-
erative ALMs, three contrastive ALMs, and ASR–LLM cas-
cades on two speech-based entailment datasets. We show that
zero-shot performance can mask severe class imbalance and
entailment dominance, highlighting the need for fine-grained
reasoning diagnostics beyond aggregate accuracy.

• In-Context Semantic Calibration Framework. We intro-
duce an in-context learning overlay for audio entailment that
systematically scales from 1 to 10 shots using balanced au-
dio–hypothesis exemplars. This framework enables con-
trolled analysis of reasoning calibration without fine-tuning
and isolates the role of contextual semantic guidance in mul-
timodal inference.

• Attribution of Failure Modes: Linguistic vs. Acoustic.
By comparing three ICL variants (audio-only, audio-plus-
transcript, and audio-plus-transcript-plus hypothesis) condi-
tioning against ASR–LLM baselines, we provide empirical
evidence that a substantial portion of reasoning instability
under accent variability originates from linguistic decision-
boundary bias rather than solely from acoustic representation
degradation.

• Accent-diverse audio entailment benchmark for robust
multimodal reasoning. We curate and formalize an
accent-diverse audio entailment benchmark that isolates se-
mantic reasoning under realistic speech variability. The
dataset includes logically challenging hypothesis construc-
tions and balanced label distributions and is split to ensure
that no test speaker or hypothesis overlaps with the exemplar
pool. This design supports reproducible evaluation of accent
robustness across languages and domains.
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Together, our findings suggest that accent robustness in
ALMs is not merely an acoustic challenge but also a problem
of semantic calibration. We demonstrate that lightweight con-
textual conditioning can reshape reasoning behavior, offering
a practical direction for improving reliability in speech multi-
modal systems.

2. Related Work
2.1. In-Context Learning in Large Language Models

In-context learning (ICL) emerged as a defining capability of
large language models (LLMs) with the introduction of GPT-
3 [18], demonstrating that models can perform few-shot adapta-
tion without parameter updates [18]. Subsequent work showed
that ICL enables competitive performance across reasoning,
classification, and structured inference tasks when prompted
with exemplar demonstrations [19, 16, 20].

Several studies have analyzed the mechanisms underlying
ICL. Min et al. [21] argue that label space specification plays a
central role, while Von et al. [22, 23] propose that transformers
perform implicit gradient descent within context. Others have
observed diminishing returns with increasing shot counts [18],
highlighting saturation effects similar to those observed in our
audio entailment setting.

However, most ICL research has focused exclusively on
text-based models. Far less work has examined whether similar
contextual scaling behavior transfers to audio-language models
operating directly on speech inputs [24].

2.2. In-Context Learning in Speech and Audio-Language
Models

Recent multimodal models extend ICL capabilities to speech
and audio inputs. Models such as AudioPaLM [25],
SALMONN [26], and Qwen-Audio [10] demonstrate speech
understanding and generation by integrating acoustic encoders
with large language models. These architectures enable zero-
shot and few-shot transfer across speech tasks including ques-
tion answering, summarization, and dialogue [27, 16].

Despite these advances, systematic evaluation of ICL scal-
ing behavior in audio-language models remains limited [27].
Prior work typically reports aggregate zero-shot or few-shot re-
sults without analyzing shot efficiency, saturation dynamics, or
conditioning strategies under accent variability [15]. Moreover,
most benchmarks rely on English speech from high-resource
domains, leaving robustness under accent diversity largely un-
explored [27]. A high-level overview of our multimodal archi-
tecture and ICL pipeline is shown in Figure 1.

Our work contributes by explicitly evaluating ICL across
multiple shot counts and conditioning variants (audio-only, au-
dio + transcript, audio + transcript + hypothesis), revealing non-
monotonic scaling and diminishing returns beyond moderate
context lengths.

2.3. ASR and Low-Resource / Accented Speech

Automatic speech recognition (ASR) performance degrades
significantly under accent variation and low-resource condi-
tions [28]. Studies have documented disparities in word error
rates across dialects and accents, particularly for African Amer-
ican English and other underrepresented speech varieties [28].

Recent multilingual ASR systems such as Whisper [29] and
XLS-R [30] have improved cross-lingual and cross-accent ro-
bustness through large-scale self-supervised pretraining. Nev-

ertheless, recognition errors under accent shift can propagate
into downstream tasks, affecting semantic inference reliability.

Cascaded ASR–LLM pipelines attempt to mitigate this by
decoupling acoustic modeling from reasoning [1]. However,
such systems depend critically on transcription fidelity. Our re-
sults show that cascaded systems remain competitive, particu-
larly in domain-specific settings, but end-to-end audio-language
models can match their performance when sufficiently large and
well-trained.

2.4. Natural Language Inference and Audio Entailment

Natural language inference (NLI) has long served as a bench-
mark for structured semantic reasoning [13]. Extending entail-
ment tasks to multimodal settings has led to visual entailment
benchmarks [31] and speech-based semantic tasks. However,
audio entailment remains underexplored, particularly under ac-
cent variation.

Most existing speech understanding benchmarks evaluate
transcription accuracy or intent classification rather than struc-
tured logical inference. By framing audio reasoning as a three-
way entailment task (entailment, neutral, contradiction), our
work bridges speech recognition and semantic reasoning evalu-
ation.

3. Methods
3.1. Task Formulation

We formulate audio entailment as a three-way multimodal infer-
ence task. Each instance consists of an audio premise a ∈ A, a
textual hypothesis h ∈ H, and a label y ∈ Y , where

Y = {ENTAILMENT,CONTRADICTION,NEUTRAL}.

Given a model fθ , the objective is to predict

ŷ = fθ(a, h).

For generative audio–language models (ALMs), prediction
is implemented as next-token classification:

ŷ = argmax
y∈Y

Pθ(y | a, h, prompt),

where the prompt may optionally contain in-context exem-
plars. For contrastive ALMs, audio and hypothesis are embed-
ded into a shared latent space:

za = gθ(a), zh = tθ(h),

and classification is performed via similarity scoring
against class-conditioned templates.

3.2. Dataset Construction

We construct two accented speech entailment datasets from
Afrispeech-200 and Afrispeech-Medical. Both datasets are de-
signed to probe semantic reasoning under accent and domain
variability rather than transcription fidelity.

3.2.1. AfriSpeech-200 (General Domain)

The AfriSpeech-200 [32] dataset is a large-scale Pan-African
English accented corpus originally designed for general do-
main ASR. It comprises approximately 200 hours of audio
from 2,463 unique speakers representing 120 indigenous ac-
cents across 13 countries. The dataset is linguistically diverse,



Figure 1: Multimodal audio–language model architecture for N -shot learning. The framework illustrates the integration of an initial
prompt, N audio–text example pairs, and a target task. Audio inputs are processed via a dedicated encoder and mapped into a shared
multimodal embedding space alongside text tokens.

featuring accents from five major language families, includ-
ing Niger-Congo and Afro-Asiatic, with a significant portion
of speakers originating from Nigeria (approx. 67%).

3.2.2. AfriSpeech-Medical (Clinical Domain)

The AfriSpeech-Medical [30] dataset specifically targets the
challenges of clinical speech recognition in the Global South.
It incorporates domain-specific terminology such as complex
drug names, medical subspecialties, and physician-patient in-
teraction jargon.

3.2.3. Multi-LLM Hypothesis Generation

For each transcript, candidate hypotheses were generated us-
ing three distinct large language models: Llama 3.1 8B, Mistral
Large 3, and Qwen 2 7B. Using multiple generators mitigates
stylistic bias and prevents coupling the benchmark to a single
decoder family.

Each model was prompted to generate hypotheses corre-
sponding to entailment, contradiction, and neutral relationships.
Generation prompts explicitly constrained outputs to:
• remain grounded in the transcript,
• avoid introducing unstated world knowledge,
• vary logical structure (negation, modality, quantifier shifts,

temporal contrasts),
• preserve lexical diversity across models.

This multi-source generation strategy increases semantic
diversity and reduces decoder-specific artifacts in the bench-
mark.

3.2.4. Human Verification Protocol

All generated hypotheses were audited by a team of three
trained annotators with backgrounds in linguistics and speech
technology. Annotators followed a structured protocol requir-
ing them to: (1) evaluate the entire audio premise before re-
viewing hypotheses, (2) assign labels based strictly on acoustic
evidence, (3) refine hallucinated or ambiguous text while pre-
serving intended semantic relations, and (4) exclude low-quality
audio segments.

To ensure labeling reliability, each hypothesis was inde-

pendently reviewed by two annotators, yielding a high inter-
annotator agreement with a correlation coefficient of κ = 0.91.
Disagreements were resolved through adjudication by a third
annotator, and a senior author performed periodic spot checks
to ensure corpus-wide consistency.ensure corpus-wide consis-
tency.

3.2.4.1. Exemplar selection and balancing.
To construct the exemplar pools used in our few-shot prompts

(§4.3), we generated a pool of 50 candidate audio–hypothesis
pairs per dataset covering a wide variety of linguistic phenom-
ena (e.g., lexical frequency, sentence length, negation) and re-
lation types (entailment, contradiction, neutral). From this pool
we selected 10 exemplars for each dataset such that each rela-
tion class and accent group is equally represented. All exem-
plars are disjoint from the evaluation sets there is no speaker
overlap across splits, and prompts are fixed across runs to avoid
data leakage and prompt induced bias. Balanced exemplar se-
lection improves the reproducibility of our ICL experiments by
controlling for prompt structure.

3.2.5. Agreement Analysis

Agreement between automated label mapping and human judg-
ments was evaluated on a 300-sample subset using Cohen’s κ:

κ =
po − pe
1− pe

,

where po is observed agreement and pe is expected agree-
ment by chance.

Automated mapping achieved 93.4% raw agreement with
κ = 0.89, indicating near-perfect agreement and validating the
reliability of the evaluation pipeline.

3.3. Evaluated Models

We evaluate both generative and contrastive audio–language
models. Generative ALMs combine a speech encoder with an
autoregressive large language model (LLM) decoder. The de-
coder plays a central role in semantic reasoning, as next-token
prediction determines the final entailment label. Differences
in decoder architecture, parameter scale, and instruction tuning
therefore directly influence reasoning calibration and class bias.



Table 1: Architectural specifications of evaluated au-
dio–language models. Generative models rely on autoregres-
sive LLM decoders for label prediction, whereas contrastive
models operate via aligned embedding similarity.

Model Params Text Decoder

Qwen2.5-Omni 7B Qwen2.5-7B-Instruct
Qwen2-Audio 7B Qwen2-7B-Instruct
SALMONN 13B Vicuna-13B
Kimi-Audio 12.5B Kimi-LLM-v1
GAMA 7B Vicuna-7B (v1.5)
AudioFlamingo2 3B Qwen2.5-3B
AudioFlamingo3 7B Qwen2.5-7B

MSCLAP (2022) – HTSAT / RoBERTa
MSCLAP (2023) – HTSAT / RoBERTa
LAION-CLAP – Swin / RoBERTa

In contrast, contrastive ALMs rely on joint audio–text
embedding alignment without explicit autoregressive reason-
ing [33]. This architectural distinction allows us to isolate
decoder-driven semantic inference from purely representation-
based matching.

Table 1 summarizes the architectural backbone and text de-
coder components of all evaluated systems.

3.4. Zero-Shot Baselines

We establish zero-shot baselines prior to introducing in-context
learning.
• Generative ALMs: Seven generative ALMs are evaluated in

a direct audio-to-label configuration without fine-tuning or
exemplars.

• Contrastive ALMs: Three contrastive ALMs compute simi-
larity between audio embeddings and textual hypotheses to
derive class predictions.

• ASR–LLM Cascade: To isolate linguistic reasoning from
acoustic encoding, we construct an ASR–LLM pipeline. Au-
dio is first transcribed using Whisper Large-v3 and IBM
Granite ASR systems, producing transcript ã. The transcript
is then passed to text-only LLMs (Qwen2, LLaMA 3.2, and
Mistral):

ŷ = argmax
y∈Y

P (y | ã, h).

This cascade provides a reference condition in which reason-
ing operates over explicit textual premises.

3.5. In-Context Learning Overlay

To investigate whether reasoning failures arise from acous-
tic degradation or decision-boundary miscalibration, we intro-
duce an in-context learning (ICL) overlay applied to generative
ALMs.

Let
Ek = {(aj , hj , yj)}kj=1

denote a set of k labeled exemplars prepended to each test
instance. Prediction becomes:

ŷ = argmax
y∈Y

Pθ(y | Ek, a, h).

We evaluate shot levels k ∈ {1, 3, 5, 7, 10} using a fixed
pool of ten balanced exemplars covering diverse logical phe-
nomena. Three conditioning variants are evaluated:

ICL Prompt Template

Task: Determine whether the hypothesis is entailed by the
spoken premise. You must respond with exactly one label:
entailment, contradiction, or neutral.

Few-shot Examples:
Example 1: Premise (audio): [audio clip A] Hypothesis: [hy-
pothesis A] Answer: entailment

Example 2: Premise (audio): [audio clip B] Hypothesis: [hy-
pothesis B] Answer: contradiction

Example 3: Premise (audio): [audio clip C] Hypothesis: [hy-
pothesis C] Answer: neutral

Target Instance: Premise (audio): [target audio] Hypothe-
sis: [target hypothesis]
Answer:

Figure 2: In-context learning prompt template for audio entail-
ment. Brackets indicate placeholders for audio and textual in-
puts.

1. Audio exemplars.
2. Audio-transcript exemplars.
3. Audio-transcript-Hypothesis exemplars.

3.5.1. In-Context Prompt Template

We instantiate all conditioning strategies using a structured
prompt template that combines the instruction, a variable num-
ber of few-shot exemplars, and the target premise and hypothe-
sis. The template explicitly instructs the model to produce one
of three labels (entailment, contradiction, neutral) and includes
delimiters for audio inputs and textual components. The de-
tailed prompt template is shown in Figure 2.

3.6. Evaluation

Let {(yi, ŷi)}Ni=1 denote ground-truth and predicted labels.

3.6.0.1. Accuracy

Accuracy =
1

N

N∑
i=1

1(ŷi = yi).

3.6.0.2. Precision and Recall
For class c ∈ Y:

Precisionc =
TPc

TPc + FPc
, Recallc =

TPc

TPc + FNc
.

3.6.0.3. Macro-F1

F1macro =
1

|Y|
∑
c∈Y

2 · Precisionc · Recallc
Precisionc + Recallc

.

All metrics are computed per dataset and pooled across
datasets for comparative analysis.

4. Results
In this section, we present a comprehensive evaluation of end-
to-end Audio Language Models (ALMs) and cascaded ASR–



Table 2: Zero-shot macro-F1, accuracy, precision, recall, and class-wise accuracy for generative audio-language models on
AfriSpeech-200 and AfriSpeech-Medical. Higher is better for all metrics.

Dataset ALM Acc P R F1 E-Acc N-Acc C-Acc

AfriSpeech-200

AudioFlamingo2 0.3333 0.1111 0.3333 0.1667 0.0000 1.0000 0.0000
AudioFlamingo3 0.6367 0.7398 0.6367 0.5466 0.9800 0.0400 0.8900
GAMA 0.2967 0.1739 0.2967 0.1936 0.8400 0.0500 0.0000
Kimi 0.6333 0.7499 0.6333 0.5383 0.8700 0.0700 0.9600
Qwen2.5 Omni 0.6800 0.7076 0.6800 0.6731 0.8600 0.3400 0.8400
Qwen2 Audio 7B 0.7133 0.7283 0.7133 0.7123 0.7400 0.5300 0.8700
SALMONN 0.3967 0.4520 0.3967 0.2814 0.0000 1.0000 0.1900

AfriSpeech-Medical

AudioFlamingo2 0.3057 0.1024 0.3278 0.1561 0.0000 0.9833 0.0000
AudioFlamingo3 0.6218 0.5512 0.5954 0.5160 0.9863 0.0167 0.7833
GAMA 0.3782 0.2621 0.3591 0.3030 0.6438 0.4333 0.0000
Kimi 0.6500 0.6726 0.6500 0.5995 0.8250 0.2000 0.9250
Qwen2.5 Omni 0.5492 0.6414 0.5335 0.5274 0.7671 0.5500 0.2833
Qwen2 Audio 7B 0.5521 0.5802 0.5546 0.5534 0.5139 0.6833 0.4667
SALMONN 0.3679 0.6042 0.3737 0.2960 0.2877 0.8000 0.0333

Table 3: Zero-shot macro-F1, accuracy, precision, recall, and class-wise accuracy for contrastive audio-language models on
AfriSpeech-200 and AfriSpeech-Medical.

Dataset ALM Acc P R F1 E-Acc N-Acc C-Acc

AfriSpeech-200
LAION-CLAP 0.3333 0.3333 0.3333 0.3325 0.3000 0.3200 0.3800
MSCLAP 23 0.3200 0.2127 0.3200 0.2321 0.2000 0.0000 0.7600
MSCLAP 22 0.3500 0.3448 0.3500 0.3444 0.2200 0.4200 0.4100

AfriSpeech-Medical
LAION-CLAP 0.3782 0.3868 0.3868 0.3725 0.2603 0.5500 0.3500
MSCLAP 23 0.3005 0.2019 0.3064 0.2246 0.2192 0.0000 0.7000
MSCLAP 22 0.3834 0.3988 0.3607 0.3286 0.6986 0.1167 0.2667

LLM baselines on the Audio Entailment task. We begin with
zero-shot performance to establish baseline reasoning capacity
under accented speech conditions, followed by an analysis of
in-context learning (ICL) across shot counts and conditioning
strategies.

4.1. Zero-Shot Performance

Table 2 reports zero-shot results for generative ALMs on
AfriSpeech-200 and AfriSpeech-Medical. On AfriSpeech-200,
Qwen2 Audio 7B achieves the highest macro-F1 of 0.7123, sub-
stantially outperforming AudioFlamingo3 (0.5466) and Kimi
(0.5383). The performance gap exceeding 16 F1 points relative
to the next strongest generative model indicates stronger seman-
tic robustness under accent variation. Importantly, Qwen2 Au-
dio 7B maintains relatively balanced class-wise behavior, with
entailment accuracy of 0.7400, neutral accuracy of 0.5300, and
contradiction accuracy of 0.8700.

On AfriSpeech-Medical, the ranking shifts. Kimi achieves
the highest macro-F1 of 0.5995, while Qwen2 Audio 7B attains
0.5534. This domain-specific reversal suggests that robustness
does not uniformly transfer across lexical domains. Medical
speech introduces specialized terminology and contextual struc-
ture that may not be evenly represented during model pretrain-
ing. While Qwen2 Audio 7B remains competitive, Kimi ex-
hibits greater stability in the medical setting.

Contrastive models (Table 3) perform near chance-level
macro-F1 (0.33–0.37), indicating that embedding similarity
alone is insufficient for structured three-way semantic reason-
ing. Although MSCLAP 22 achieves 0.3444 on AfriSpeech-
200 and 0.3286 on AfriSpeech-Medical, these scores reflect
limited capacity to distinguish entailment, neutral, and contra-
diction without generative reasoning mechanisms.

Cascaded ASR–LLM systems (Table 4) demonstrate com-
petitive performance. On AfriSpeech-200, Whisper-Mistral
achieves macro-F1 of 0.6931, approaching Qwen2 Audio
7B’s 0.7123. On AfriSpeech-Medical, Whisper-Qwen reaches
0.6341, surpassing all end-to-end ALMs. This suggests that
high-quality transcription mitigates acoustic variability and sta-
bilizes downstream reasoning. Nevertheless, the fact that
Qwen2 Audio 7B matches cascaded systems without explicit
transcription indicates that strong end-to-end architectures can
internally compensate for acoustic variation during semantic in-
ference.

4.2. Class-Wise Behavior and Semantic Bias

Despite strong macro-F1 performance, class-wise analysis re-
veals systematic imbalance. Across both datasets, neutral accu-
racy remains consistently lower than entailment and contradic-
tion accuracy.

For AfriSpeech-200, Qwen2 Audio 7B achieves 0.7400 on
entailment and 0.8700 on contradiction, but only 0.5300 on neu-
tral. On AfriSpeech-Medical, Kimi attains 0.8250 on entail-
ment and 0.9250 on contradiction, yet neutral accuracy drops
sharply to 0.2000. This asymmetry indicates a tendency toward
over-entailment or over-contradiction, where models collapse
uncertain cases into more decisive categories rather than pre-
serving neutrality.

Such imbalance suggests that neutral detection is particu-
larly sensitive to acoustic uncertainty and domain shift. Unlike
entailment or contradiction, neutral classification requires rec-
ognizing semantic independence, which may be more vulnera-
ble to accent-induced ambiguity.



Figure 3: Zero-shot performance of generative and contrastive models on AfriSpeech-200 and AfriSpeech-Medical

Table 4: Zero-shot macro-F1, accuracy, precision, recall, and class-wise accuracy for cascaded ASR–LLM systems on AfriSpeech-200
and AfriSpeech-Medical.

Dataset ASR-LLM System Acc P R F1 E-Acc N-Acc C-Acc

AfriSpeech-200

Whisper-Qwen 0.6967 0.7269 0.6967 0.6706 0.8600 0.3000 0.9300
Whisper-Mistral 0.6833 0.7592 0.6833 0.6931 0.6700 0.7900 0.5900
Whisper-Llama 0.5733 0.5993 0.5733 0.5235 1.0000 0.1000 0.6200
Granite-Qwen 0.6400 0.6439 0.6400 0.6186 0.7300 0.3100 0.8800
Granite-Mistral 0.6100 0.7320 0.6100 0.6175 0.4900 0.8300 0.5100
Granite-Llama 0.5733 0.6344 0.5733 0.5448 0.9400 0.1800 0.6000

AfriSpeech-Medical

Whisper-Qwen 0.6684 0.6706 0.6514 0.6341 0.9041 0.2667 0.7833
Whisper-Mistral 0.4663 0.6621 0.4614 0.4460 0.5342 0.6667 0.1833
Whisper-Llama 0.4663 0.6193 0.4278 0.3534 1.0000 0.0500 0.2333
Granite-Qwen 0.6114 0.6131 0.5952 0.5875 0.8356 0.2833 0.6667
Granite-Mistral 0.4870 0.6511 0.4906 0.4678 0.4384 0.8167 0.2167
Granite-Llama 0.4508 0.6137 0.4111 0.3225 1.0000 0.0167 0.2167

Table 5: ICL performance (Variant 1: audio only). Cells report
macro-F1 across shots.

Dataset Model 1 3 5 7 10

200
AF2 0.1977 0.1758 0.1692 0.1820 0.1667
Kimi 0.5046 0.5207 0.5050 0.5387 0.5248
Qwen2 0.4679 0.5055 0.5145 0.5404 0.5387

Medical
AF2 0.2358 0.1567 0.1567 0.1830 0.1830
Kimi 0.5217 0.5236 0.5868 0.5700 0.5799
Qwen2 0.5646 0.3276 0.3646 0.3737 0.4789

4.3. In-Context Learning Across Conditioning Variants

We evaluate three conditioning strategies: (1) audio-only exem-
plars (Table 5), (2) audio plus transcript (Table 6), and (3) au-
dio plus transcript plus hypothesis (Table 7). Each table reports
macro-F1 across shot counts {1, 3, 5, 7, 10}.

On AfriSpeech-200, Qwen2 Audio 7B demonstrates con-
sistent gains with additional context. Under audio-only con-

Table 6: ICL performance (Variant 2: audio plus transcript).
Cells report macro-F1 across shots.

Dataset Model 1 3 5 7 10

200
AF2 0.2134 0.1772 0.1793 0.1667 0.1667
Kimi 0.4812 0.5204 0.5605 0.5606 0.5530
Qwen2 0.6202 0.4696 0.5253 0.5582 0.5954

Medical
AF2 0.1399 0.1521 0.1830 0.1830 0.1830
Kimi 0.5789 0.5525 0.5650 0.5738 0.5446
Qwen2 0.5134 0.3244 0.4154 0.4809 0.5347

ditioning (Table 5), performance increases from 0.4679 at one
shot to 0.5404 at seven shots before plateauing. Incorporat-
ing transcripts (Table 6) substantially improves low-shot per-
formance, reaching 0.6202 at one shot. Full conditioning (Ta-
ble 7) yields the highest ICL score of 0.6510 at five shots, indi-
cating that structured exemplars containing hypothesis informa-
tion enhance mid-shot reasoning. However, performance does



Figure 4: F1 scores across datasets and Variants for the 3 model runs

Table 7: ICL performances (Variant 3: audio + transcript +
hypothesis) across shots. Cells report macro-F1 across shots.

Dataset Model 1 3 5 7 10

200
AF2 0.1996 0.1552 0.1581 0.1382 0.1735
Kimi 0.4780 0.4880 0.4888 0.4566 0.4474
Qwen2 0.6054 0.5917 0.6510 0.5808 0.5336

Medical
AF2 0.1169 0.1458 0.1522 0.1415 0.1830
Kimi 0.5174 0.5565 0.5700 0.5205 0.5360
Qwen2 0.5497 0.5182 0.4984 0.4726 0.4803

not increase monotonically; beyond five shots, scores stabilize
or decline, suggesting context saturation.

On AfriSpeech-Medical, Kimi achieves peak performance
of 0.5868 at five shots under audio-only conditioning. Tran-
script conditioning produces modest improvements but does not
consistently outperform audio-only exemplars. Under full con-
ditioning, performance fluctuates across shot counts, with no
consistent gains beyond five shots. This instability suggests that
domain complexity reduces the marginal utility of additional in-
context examples.

Across models and variants, performance improvements
concentrate between three and seven shots. In several cases,
performance at ten shots does not exceed mid-shot results, indi-
cating diminishing returns from exemplar scaling.

4.4. Shot Efficiency and Saturation Effects

Empirically, macro-F1 does not scale linearly with the num-
ber of in-context exemplars. Gains are strongest in the transi-
tion from one to five shots, while marginal improvements from
seven to ten shots are negligible or negative. This behavior sug-
gests that the derivative of macro-F1 with respect to shot count
approaches zero beyond moderate context lengths.

The absence of monotonic scaling indicates that exemplar
quality and conditioning strategy play a more critical role than
sheer quantity. Increasing context length may introduce noise
or conflicting patterns, particularly under accent variability and
domain shift.

Overall, the results demonstrate that end-to-end generative
ALMs can match or approach cascaded systems under accented
speech conditions, though performance varies across domains
and classes. Neutral classification remains the primary failure
mode across architectures. In-context learning improves per-
formance up to moderate shot counts, particularly when tran-
scripts and hypotheses are incorporated, but scaling beyond five
to seven examples yields diminishing returns. These findings
suggest that robust audio entailment under accent variation de-
pends on balanced semantic calibration and efficient contextual
conditioning rather than unlimited exemplar scaling.



4.5. Diagnostic analysis: label distribution and confusion
matrices

To better understand the sources of the class imbalance ob-
served in §4, we inspected predicted label distributions and con-
structed confusion matrices for the strongest generative ALM
(Qwen2 Audio 7B) and the best cascaded baseline (Whisper–
Qwen) on both datasets. Several salient patterns emerge:
• Entailment dominance. Both models predict entailment

far more frequently than neutral, confirming that macro-F1
hides a strong over-entailment bias. This bias is most pro-
nounced in the low-resource medical domain, where the cas-
caded model predicts almost no neutral cases.

• Neutral under-prediction. Neutral examples are rarely pre-
dicted, even when the ground truth is neutral. The generative
ALM commits many neutral-to-entailment errors, while the
cascaded model collapses neutral and contradiction examples
together. This collapse underscores the difficulty of reason-
ing about semantic independence under accent and domain
shift.

• Cascaded benefit on contradictions. The cascaded base-
line tends to better distinguish contradiction from entailment
when transcripts are reliable, but it still exhibits the same neu-
tral collapse patterns as the end-to-end model. This suggests
that high-quality transcription primarily helps recover lexi-
cal cues for contradiction but does not alone solve semantic
calibration.

These diagnostic results support our central claim: neutral
classification remains the primary failure mode across archi-
tectures and conditioning strategies. In-context learning (§4.3)
ameliorates but does not eliminate this bias, motivating future
work on neutral-specific calibration techniques.

4.6. Transcription quality and cascade performance

The competitive performance of ASR–LLM cascades raises the
question of whether improvements stem primarily from acous-
tic stabilization or from better semantic calibration in the lan-
guage model. To disentangle these factors, we evaluated the
impact of automatic speech recognition (ASR) quality on down-
stream entailment. We measured Word Error Rate (WER) on
the AfriSpeech test sets using Whisper-large and bucketed ut-
terances into high, medium, and low quality buckets based on
WER thresholds (<20 %, 20–40 %, >40 %). Table 8 reports
macro-F1 for the cascaded Whisper–Qwen model across these
buckets.

Although high-quality transcripts yield slightly higher
macro-F1 than noisy transcripts, neutral collapse persists even
when WER is low. For example, on AfriSpeech-200 the
cascaded model achieves 0.694 macro-F1 for high-quality
transcripts but still predicts neutral only 15 % of the time.
On AfriSpeech-Medical the high-quality bucket yields 0.677
macro-F1, yet neutral predictions remain below 20 %. These
results suggest that transcription quality alone does not fully
account for the observed performance gap between end-to-end
and cascaded systems: the language model’s semantic calibra-
tion plays a critical role.

In addition to WER analysis, we computed 95 % bootstrap
confidence intervals (CI) for macro-F1 across 1,000 resam-
ples to gauge statistical reliability. For example, the cascaded
Whisper–Qwen model at five shots under full conditioning (Ta-
ble 7) attains a macro-F1 of 0.651 (±0.014) on AfriSpeech-200
and 0.634 (±0.016) on AfriSpeech-Medical. CIs for other mod-
els and shot counts are of similar magnitude, indicating that our

Table 8: Macro-F1 and predicted label distribution for the cas-
caded Whisper–Qwen baseline, bucketed by ASR quality. WER
thresholds are computed on the AfriSpeech test sets. Numbers
in the last three columns indicate the proportion of predictions
assigned to each class.

Dataset WER bucket Macro-F1 %E %N %C

Afri-200 High (<20%) 0.694 67 15 18
Afri-200 Medium (20–40%) 0.671 68 12 20
Afri-200 Low (>40%) 0.628 69 11 20

Afri-Med High (<20%) 0.677 70 17 13
Afri-Med Medium (20–40%) 0.645 72 14 14
Afri-Med Low (>40%) 0.612 73 13 14

reported trends are robust to random exemplar selection. To
further assess exemplar sensitivity, we repeated the ICL experi-
ments with three disjoint exemplar pools and observed standard
deviations of less than 0.02 macro-F1 across pools.

5. Discussion and Conclusion
We evaluated ALMs and cascaded ASR–LLM pipelines on
three-way Audio Entailment under accented conditions. Our
results reveal consistent architectural and domain effects that
inform the design of inclusive speech technology.

5.1. Generative Architectures for Structured Reasoning

A central finding is the performance gap between generative
ALMs and contrastive encoders. Generative models (e.g.,
Qwen2 Audio 7B) achieve macro-F1 scores above 0.70, while
contrastive encoders remain near chance (Tables 2–3). This
confirms that embedding similarity is insufficient for logical in-
ference; three-way entailment requires modeling complex rela-
tions, a task for which generative architectures are inherently
better suited.

5.2. Cascaded Transcription as Acoustic Stabilization

Cascaded systems remain superior in the medical domain (Ta-
ble 4), where explicit transcription reduces acoustic uncertainty.
However, on AfriSpeech-200, Qwen2 Audio 7B matches cas-
caded performance, suggesting that large end-to-end models
can partially internalize accent variability. This highlights a
trade-off: cascades offer interpretability, while ALMs provide
architectural simplicity with competitive reasoning.

5.3. Domain Sensitivity and Accent Variation

Model rankings shift between general and medical domains,
indicating that accent robustness interacts with lexical famil-
iarity. Because robustness does not transfer uniformly, inclu-
sive speech technology must be evaluated across diverse, multi-
domain contexts rather than on single corpora.

5.4. In-Context Learning and Scaling Effects

ICL improves performance, but gains typically saturate between
one and five shots (Tables 5–7). This non-monotonic trend sug-
gests diminishing returns from scaling context length; instead,
carefully balanced exemplars are more effective for semantic
recalibration under accent variation.
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