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Preface

This is the first edition of the IMPACT-SPEECH Workshop, co-located with the 2026 Conference on
Empirical Methods in Natural Language Processing (EMNLP 2026) and held on October 29, 2026, in
Budapest, Hungary.

We are excited to welcome attendees to the IMPACT-SPEECH 2026 Workshop on Identifying, Mea-
suring, Preventing, and Assessing Consequences of Bias in Speech LLMs. The workshop brings together
researchers and practitioners working across speech processing, natural language processing, machine
learning, fairness, and responsible Al to examine the growing challenges associated with bias in speech-
enabled large language models and multimodal speech technologies.

As speech Al systems become increasingly integrated into real-world applications, they interact with
speakers from diverse linguistic, demographic, cultural, and social backgrounds. These interactions raise
important questions about how bias in such systems can be identified and measured, how developers can
prevent or mitigate it, and how biased system behavior can affect individuals and communities. IMPACT-
SPEECH 2026 provides a forum for researchers to discuss these questions and share approaches for
building fairer, more inclusive, and reliable speech technologies.

This year’s program features 22 archival and non-archival papers, including 8 oral and 14 poster pre-
sentations, alongside 2 invited talks. Together, these contributions cover a broad range of topics related
to bias and fairness in speech LLMs. We are grateful to all authors and participants for contributing their
research, ideas, and perspectives to the workshop.

We also extend our sincere thanks to the EMNLP 2026 organizers for providing the opportunity
to hold IMPACT-SPEECH alongside the conference and for their considerable efforts in creating an
environment that supports discussion and collaboration across the NLP and speech communities.

Finally, we thank all members of the IMPACT-SPEECH 2026 Program Committee for their time,
expertise, and thoughtful reviews. Their contributions have helped us curate a diverse and engaging
program. We hope that this workshop will stimulate new collaborations, encourage further research, and
contribute to the development of more equitable and responsible speech Al

The IMPACT-SPEECH 2026 Organizing Committee: Ravi Shekhar, Monorama Swain, Jagabandhu Mi-
shra, Sandipan Dhar, Haralambos Mouratidis, and Matthew Purver
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Keynote Talk
Every Voice Matters: Towards Inclusive Speech LLMs

Marco Matassoni
Fondazione Bruno Kessler (FBK), Trento, Italy

Abstract: The increasing use of Speech Large Language Models raises fundamental questions about fair-
ness, inclusiveness, and trustworthiness. This talk presents research conducted within the ELOQUENCE
project, which aims to develop multilingual, context-aware, and bias-controlled conversational Al for ap-
plications ranging from customer service and smart homes to safety-critical scenarios. We will focus on
inequalities in multilingual and low-resource speech processing, where differences in data availability,
language coverage, accents, and speaker characteristics can lead to significant performance disparities.
The talk will discuss approaches to identify and measure speech bias, as well as strategies to impro-
ve robustness and inclusiveness through cross-lingual adaptation, data-efficient learning, and privacy-
preserving approaches.

Bio: Marco Matassoni is a Senior Researcher at the Fondazione Bruno Kessler (FBK) in Trento, Italy,
where he plays a leading role within the Speech Technology (SpeechTeK) research unit of the Centre
for Augmented Intelligence. Over nearly three decades, he has become an experienced figure in the
field of speech processing, contributing to advancements in automatic speech recognition (ASR) and
human—machine interaction systems. Marco Matassoni graduated in Electronic Engineering from the
University of Padua in 1995, where his thesis focused on microphone arrays, a topic that would later
define part of his professional research. In 1996, he joined ITC-IRST, the research institute that later
became part of FBK, and began working on speech recognition technologies. His research was driven by
the challenge of making speech systems perform robustly in real-world environments marked by noise,
reverberation, and distance between speakers and microphones. During his career, he has contributed to
a wide range of European research projects, including SpeechDat-Car, VICO, HIWIRE, DICIT, DIRHA.
These initiatives focused on developing speech interfaces for complex acoustic conditions such as in-car
communication or home automation. His work on distant-talking and far-field speech recognition has
been particularly influential, especially on data augmentation techniques. In recent years, he has expan-
ded his focus to include multilingual and low-resource ASR, speaker verification and anonymization,
and bias-aware speech technologies; in the ELOQUENCE project, he is working on multilingual and
cross-lingual speech recognition, addressing the challenges of building scalable models for European
languages. These efforts reflect a growing concern with inclusive artificial intelligence, ensuring that
speech technologies respect linguistic diversity and privacy. In addition, he regularly serves as a reviewer
for major conferences and journals in the field, contributing his expertise to the peer-review process and
supporting the dissemination of high-quality research.



Keynote Talk
Bias before the model: Reference noise as source of unfair
speech systems

Jesper Rindom Jensen
Aalborg University

Abstract: Bias in speech systems is often attributed to the models themselves, but it can be introduced
long before training begins. In this talk, I will use speech enhancement as a case study, focusing on one
such example: the cleanreferences used for training are, in practice, often noisy. Drawing on our recent
research, we will see how this can bias models to let noise pass through while still scoring well on objec-
tive metrics. We will also examine current evaluation practices, showing that common metrics struggle
to differentiate between state-of-the-art methods and often fail to reflect the preferences and perception
of real users.

Bio: Jesper Rindom Jensen was born in Ringkgbing, Denmark in August 1984. He received the M.Sc.
degree cum laude in 2009 and the Ph.D. degree in 2012, both from Aalborg University, Denmark. He is
currently an Associate Professor at the Department of Electronic Systems at Aalborg University, where
he is enrolled in the Professor Promotion Programme and serves as Head of the Doctoral Programme
in Electrical and Electronic Engineering at the Technical Doctoral School of IT and Design. He is also
Head of Research at the Audio Analysis Lab, which he has been a member of since its foundation in
2012. Before this, he was with the Department of Architecture, Design & Media Technology at Aalborg
University as a Postdoc, Assistant Professor, and Associate Professor. He has been a Visiting Resear-
cher at the University of Quebec, INRS-EMT, in Montreal, Quebec, Canada, at the Friedrich-Alexander
Universitit Erlangen-Niirnberg in Erlangen, Germany, and at the University of Surrey, UK. His resear-
ch interests include speech and audio processing, multichannel and array processing, robot and drone
audition, spatial audio, estimation theory, noise reduction, and machine learning for signal processing.
He has published more than 120 papers in top-tier, peer-reviewed conference proceedings and journals,
holds a patent, and is the co-author of two books, namely, Speech Enhancement — A Signal Subspace
Perspectiveand Signal Enhancement with Variable Span Linear Filters". He has led a number of external-
ly funded research projects, including as Principal Investigator and Coordinator of a European Defence
Fund project on Al-based natural language processing. Dr. Jensen has received a highly competitive
individual postdoc grant from the Independent Research Fund Denmark, has been selected as an AAU
Talent at Aalborg University (awarded to young research talents), was named Teacher of the Year by the
Study Board of Media Technology, and has received several travel grants from private foundations. He
is a member of the IEEE Speech and Language Processing Technical Committee and of the EURASIP
Technical Area Committee on Acoustic, Speech, and Music Signal Processing, and is a Senior Member
of the IEEE. He currently served as an Associate Editor of the Elsevier Signal Processing Open journal
and has previously served as a member of the IEEE Audio and Acoustic Signal Processing Technical
Committee, and as an Affiliate Member of the IEEE Signal Processing Theory and Methods Technical
Committee, and he has served as area or track chair for ICASSP, WASPAA, and EUSIPCO.
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A Probe Shift Is Not a Fairness Fix: The Limits of Representation Steering
in Speech Models

Nicolas Bourrel

Abderrahmane Issam

Gerasimos Spanakis

Department of Advanced Computing Sciences
Maastricht University

{n.bourrel@student.,

Abstract

Automatic speech recognition (ASR) systems
exhibit unequal error rates across speaker
groups, motivating interventions on their in-
ternal representations. We ask whether speaker-
linked attributes that are linearly readable from
pretrained ASR encoders yield useful direc-
tions for reducing group word-error-rate (WER)
gaps. Across Whisper-medium, HuBERT-large,
and Wav2Vec2-large on Common Voice and
the Speech Accent Archive, we probe every
encoder layer for metadata-derived sex/gender,
age, and native/accent labels; construct cen-
troid and probe-derived directions; inject them
at selected layers; and compare downstream
probe trajectories with matched WER changes.
Sex labels are highly decodable (best macro-
F1 0.924-0.941), native/accent labels are also
above chance (0.544-0.696), and age is weaker
(0.354-0.397). Of 22 post-selected reruns, nine
have 95% paired-bootstrap intervals entirely be-
low zero, yet every absolute source-group WER
reduction is below 0.7 percentage points. Con-
versely, a local target-class probe rate can rise
from 8.09% to 99.87% while WER worsens.
Linear readability is therefore neither evidence
of causal use nor a reliable mitigation method.
Our results motivate evaluating speech-bias in-
terventions jointly at representation, propaga-
tion, and task levels.

1 Introduction

Automatic speech recognition (ASR) can perform
unevenly across accents, genders, languages, ages,
and other speaker-linked groups (Koenecke et al.,
2020; Feng et al., 2021; Jahan et al., 2025). Such
disparities can reduce access to voice interfaces and
compound exclusion in education, employment,
public services, and assistive technology. Prior
audits document group-level error gaps and show
that speech encoders retain information associated
with demographic metadata (Attanasio et al., 2024;
Lin et al., 2024; Herron et al., 2026b,a). Together,

abderrahmane. issam@,

1

jerry.spanakis@}maastrichtuniversity.nl

these findings suggest an appealing intervention: if
a disadvantaged group’s attribute is visible inside
an ASR encoder, move its hidden representation
toward a lower-error comparison group.

That proposal combines three different claims.
A probe can show that an attribute is readable;
an intervention can make later probes read a state
as more target-like; and the recogniser can pro-
duce fewer word errors. None logically entails the
next. Probing work has long cautioned that de-
codability does not establish how a model uses a
feature (Belinkov, 2022; Kumar et al., 2022). For
fairness interventions the distinction matters espe-
cially: a nearly complete demographic-probe shift
may leave recognition unchanged, damage linguis-
tic content, or require knowing a sensitive label at
inference time.

We test this chain in three frozen ASR sys-
tems with different objectives and decoders: Whis-
per (Radford et al., 2023), HuBERT large (Hsu
et al., 2021), and Wav2Vec2 (Baevski et al., 2020).
On Mozilla Common Voice (MCV) (Ardila et al.,
2020) and the Speech Accent Archive (SAA)
(Weinberger, 2015), we first measure layer-wise
linear access to metadata-derived sex/gender, age,
and native/accent labels using linear probes. Then
we apply activation steering from higher to lower
Word Error Rate (WER) classes using contrastive
steering (Marks and Tegmark, 2024; Rimsky et al.,
2024) with the centroid difference or using the lin-
ear probe direction (Hedstrom et al., 2025; Chen
et al., 2026). Finally, we evaluate the intervention
at two downstream levels: whether its target-like
shift propagates through later layers, and whether
the steered model’s generation achieves a lower
WER.

This paper makes three contributions. First, it
provides a common layer-wise audit across three
24-block ASR encoders and two speech corpora,
keeping the metadata, representation, and task mea-
surements explicit. Second, it connects descriptive

Proceedings of the IMPACT-SPEECH Workshop, pages 1-9
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probing to a controlled representation intervention
without retraining the ASR model. Third, it reports
the complete set of 22 selected follow-up reruns,
including null and adverse cases, and isolates a fail-
ure mode in which a probe shift is large but ASR
does not improve.

The central result is cautionary. Speaker-linked
labels are often strongly readable, and fixed direc-
tions can produce dramatic target-like shifts, but
WER effects are small and unstable across layers.
Nine selected reruns have paired-bootstrap inter-
vals below zero, yet none reduces source-group
WER by one point. One Wav2Vec?2 setting makes
99.87% of source clips target-like to the next-layer
probe while WER worsens. We therefore present
the method as a stress test for representation-based
mitigation, not as a fairness fix.

2 Related Work

2.1 Speech representations and probes

Wav2Vec?2 learns masked speech representations
through contrastive prediction (Baevski et al.,
2020); HuBERT predicts clustered hidden units
under masking (Hsu et al., 2021); and Whisper
uses large-scale weak supervision in an encoder—
decoder recogniser (Radford et al., 2023). Their ob-
jectives and decoding paths differ, but all can retain
information beyond lexical content. Wav2Vec?2 fea-
tures transfer to speaker verification and language
identification (Fan et al., 2021), and layer-wise
analyses show that acoustic and linguistic content
is distributed non-monotonically through speech
encoders (Belinkov and Glass, 2017; Pasad et al.,
2021).

Linear probes offer a deliberately simple test
of whether a label is accessible from a hidden
state (Alain and Bengio, 2017; Belinkov, 2022).
Speech probes recover phonetic, speaker, environ-
ment, emotion, and other information (Raymon-
daud et al., 2024). However, a successful probe
can use a correlate that the base model ignores, and
classifier performance depends on representation,
probe capacity, controls, and data construction. We
therefore interpret macro-F1 as linear accessibility,
not a causal statement about ASR behaviour.

2.2 Fairness and representation intervention

Speech fairness studies measure error disparities
and the encoding or propagation of social informa-
tion. For example, multilingual ASR systems ex-
hibit gender-related performance gaps whose rela-

tionship to internal separability varies by language
and model (Attanasio et al., 2024); self-supervised
speech encoders can also encode social biases af-
fected by architecture and compression (Lin et al.,
2024). These results motivate internal analysis but
do not imply that demographic separability is the
cause of an observed WER gap.

Nearby intervention work has stronger machin-
ery than the fixed vectors studied here. Speaker-
adaptation systems learn or retrieve speaker infor-
mation to improve ASR (Sar et al., 2020). Privacy-
oriented models adversarially conceal attributes
while preserving speaker verification (Noé et al.,
2021). Other work identifies speaker subspaces
and removes them to reduce speaker identifiabil-
ity while retaining phonetic information (Liu et al.,
2023). Our intervention is intentionally simpler:
no model parameters are updated, and a single
metadata-derived vector is added at one layer. This
makes it a transparent baseline for asking whether
readability, movement, and task benefit actually
align.

3 Experimental Design

3.1 Data and operational labels

MCYV is a crowd-sourced multilingual speech cor-
pus with speaker-contributed recordings and meta-
data (Ardila et al., 2020). We use English clips and
construct task-specific subsets for sex/gender, age,
and native/accent labels. Each task begins with
100,000 training identifiers and 1,500 test iden-
tifiers before task-label filtering. The five-class
age summary retains 96,223 labelled training clips
and 1,237 labelled test clips; sex/gender and na-
tive/accent each retain all 1,500 test clips. The gen-
erated MCYV subsets have no shared client_id
values between train and test.

SAA contains speakers reading a shared En-
glish passage and provides native-language and
demographic metadata (Weinberger, 2015). We
use a deterministic 80/20 metadata split, yielding
1,710 training and 428 test items after the available-
audio and label filters. The split code operates on
filename stems rather than enforcing an explicit
grouped-speaker split; the archive metadata nev-
ertheless has one speakerid per row. SAA is
valuable for accent comparisons because lexical
content is fixed, but several native-language and
older-age groups are small.

Table 1 summarises the evaluation sets. The
labels are operational groupings from corpus meta-



data, not complete measurements of identity, biol-
ogy, accent, or linguistic background. The source-
to-target notation used below only encodes an ob-
served error-rate contrast.

3.2 Models and activation extraction

Whisper-medium ! is an autoregressive encoder—
decoder system over log-Mel features. We pad or
truncate its input to 3,000 frames and record en-
coder hidden states. HIBERT-L ? and Wav2Vec2-L
3 are CTC recognisers over 16 kHz waveforms; au-
dio is capped or zero-padded to 30 seconds. Each
model exposes 25 hidden-state indices in the local
Hugging Face interface: index 0 is the state before
the first transformer block and indices 1-24 are
block outputs. All final hidden widths are 1,024,
and no ASR parameters are trained.

For the main analysis, we average each hidden
sequence over time to obtain one vector per clip
and layer. This makes layer-wise probing and direc-
tion estimation tractable across large subsets, but it
discards temporal structure. The saved extraction
pipeline also averages padded positions without a
mask, a limitation revisited below.

3.3 Layer-wise probing

For every model, task, and hidden-state index, we
standardise features with a StandardScaler
fitted on training data only and train one linear
head. The sex/gender probe is binary; age and
native/accent probes initially retain all selected
classes. The MCV probes use Adam with learning
rate 1073, weight decay 10~®, weighted sampling,
a 10% validation split, and early stopping within
2,000 epochs. SAA binary probes use learning rate
3 x 1074, weight decay 1074, dropout 0.1, and
longer patience. All reported runs use seed 42.

We report macro-F1 because it gives each
class equal weight even when test supports differ.
Uniform-random macro-F1 is computed using the
observed supports and serves as a simple reference.
Probe performance is used to describe accessibil-
ity and, in some exploratory analyses, to compare
layer rankings; it does not select every final steering
layer.

"https://huggingface.co/openai/
whisper-medium

https://huggingface.co/openai/
whisper-medium

*https://huggingface.co/facebook/
wav2vec2-large-960h

3.4 Baseline ASR and group gaps

Each clip is first decoded with the unmodified
recogniser. References and hypotheses are low-
ercased, stripped of punctuation and symbols, and
whitespace-normalised before WER. Whisper uses
30-second chunks, six-second stride, and explicit
English transcription generation. HuBERT and
Wav2Vec?2 use their default CTC decoding paths
without an external language model.

For each intervention family, two classes
are selected: a source class with higher base-
line WER and a lower-WER target class with
sufficient support.  Examples include MCV
teens—forties and India/South-Asia—England,
and SAA Spanish—English. The comparison is
not counterfactual: recording conditions, utterance
difficulty, speaking rate, and other factors may con-
tribute to the gap.

3.5 Steering directions

Let hf € R'924 be the mean-pooled training activa-
tion of clip 7 at hidden-state index ¢, and let S and
T denote source and target classes. The centroid
direction is:

1 1

¢ ¢ ¢

= C _ 3 1
Vet 7| th 9] th (D

i€l €8

For the probe direction, let wr — wg be the weight
difference of a binary probe trained on standard-
ised features and let o contain the training feature
standard deviations. We map the direction back to
activation coordinates as

Uﬁrobe = (wr —wg) @0, 2)

where © is element-wise division. This conversion
accounts for the physical scale hidden by standard-
isation.

At inference time, a forward pre-hook adds the
normalised direction to every time step at one en-
coder layer:

¢
H « H ¥ a—. 3)
[og|P

Only clips with the known source metadata label
receive the intervention; target clips are decoded
in the same run but are not pushed. This sample
conditioning makes the experiment a mechanism
diagnostic rather than a deployable correction.
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Corpus  Task Classes or largest groups Test n  Test distribution
Sex/gender male, female 1,500 7797721

MCV Age teens, twenties, thirties, forties, fifties 1,237 263/262/262/263/187
Native/accent England, US, India/S. Asia, Canada, Australia 1,500 404 /403/403/162/128
Sex male, female 428 233/195

SAA Age decade bins from 0-9 to 80-89 428 largest: 20-29 (177), 30-39 (95)

Native language

English, Spanish, Arabic, Mandarin, others 428

largest: 117/36/22/ 15

Table 1: Evaluation subsets. MCV age has 1,500 identifiers but 1,237 valid five-bin labels. SAA native language

has many small classes; only the largest are listed.

3.6 Selection, uncertainty, and trajectories

Exploratory sweeps vary model, corpus, class pair,
vector type, layer, strength, and direction. Promis-
ing settings and explicit probe-best or adverse con-
trols are then decoded again with matched baseline
and steered outputs. For source clips we report

AS = WERsteered,S - WERbase,Su (4)

so negative values indicate fewer errors. Each of
the 22 targeted reruns uses 2,000 paired-bootstrap
resamples and a 95% percentile interval. The de-
scriptive gpoot 1S the fraction of resampled deltas
that are non-negative. It is neither a null-centred
p-value nor a correction for the earlier search.

Trajectory diagnostics rerun the encoder with
and without the hook and apply saved binary probes
to each downstream layer. For true source clips,
we track mean target probability and the target
rate, i.e., the fraction classified as the target class.
These quantities test whether a local intervention
propagates in probe space; they do not show that a
speaker attribute has literally changed.

4 Results

4.1 Metadata is readable at different depths

Table 2 reports the best MCV macro-F1 across
25 hidden-state indices. Sex/gender is highly re-
coverable in all three encoders, with best F1 from
0.924 to 0.941. Native/accent is also substantially
above chance, especially in Whisper. Five-class
age is weaker but remains above the support-aware
uniform-random baseline.

The best depth depends on both task and archi-
tecture. Whisper peaks at indices 9, 13, and 17 for
sex/gender, age, and native/accent; HuBERT peaks
at 12, 8, and 13; Wav2Vec2 peaks at 10, 6, and 11.
There is therefore no single layer that contains all
speaker-linked information most cleanly. The age
result should be read as recoverable age-correlated
variation under coarse metadata bins, not as a ro-
bust age estimator.

Task Whisper HuBERT W2V2 Chance
Sex/gender 9/.941  12/.939 10/.924 .500
Age 13/.397 8/.375 6/.354 199
Native/accent 17/.696  13/.649 11/.544 .190

Table 2: Best MCV macro-F1. Cells give hidden-state
index/F1. Chance is support-aware uniform-random
macro-F1.

Corpus Pair/task Whisper HuBERT W2V2

MCV teens/forties 6.437 9.871 14.942
MCV  India/England 3.151 9.296 16.390
MCV  male/female 764 2.379 3.545
SAA  30-39/20-29 133 588 1.008
SAA  Spanish/English 2.741 8.662 11.000
SAA  male/female 612 1.442 2.447

Table 3: Absolute baseline WER gaps (percentage
points) for selected binary pairs.

4.2 Baseline gaps vary by model and corpus

Table 3 shows the absolute WER difference for the
binary pairs later considered for steering. MCV
sex/gender gaps are modest relative to the age and
native/accent pairs, whereas SAA native-language
gaps are large for all models. For example, Hu-
BERT produces 11.957% WER for Spanish-source
clips and 3.295% for English clips, an 8.662-point
gap. The corresponding Wav2Vec2 gap is 11.000
points.

The same pair is not equally difficult for ev-
ery model. Whisper’s SAA age gap is only 0.133
points and reverses the intended 30-39 to 20-29 di-
rection at the displayed precision, while HuBERT
and Wav2Vec2 show larger positive gaps. This
model dependence cautions against treating meta-
data alone as the cause of an error difference.

4.3 Selected WER effects are small and mixed

Figure 1 reports all 22 targeted follow-up reruns,
rather than only the supported cases. Eighteen have
negative source-class point estimates, but only nine
have paired-bootstrap intervals entirely below zero.



Nine other negative estimates are inconclusive, and
four estimates are non-negative. Because the candi-
dates were chosen after exploratory sweeps, these
proportions are not unbiased estimates of how often
steering works.

Every absolute reduction is below one point. The
largest is R6, HUBERT SAA Spanish—English
centroid steering: source WER changes from
11.957% to 11.272%, a saved delta of —0.684 per-
centage points with g0t = .0010 and only 36
source clips. R3, HUBERT MCV teens—forties
centroid steering, changes WER by —0.440 points
on 263 clips. Supported Whisper sex/gender effects
are smaller, about —0.22 to —0.24 points. The
forest also exposes settings such as R16 and R17
whose point estimates are adverse.

The magnitude matters relative to the original
gap. R6 closes roughly 0.684 of an 8.662-point
Spanish—English HUuBERT gap. R3 closes 0.440
of a 9.871-point teen—forties gap. These are de-
tectable changes in selected settings, not parity and
not evidence that the metadata direction uniquely
caused the benefit.

4.4 Probe movement can disagree with WER

Table 4 and Figure 2 connect the internal and task-
level measurements. R2, a Whisper sex/gender
direction transferred from SAA to MCYV, raises
the next-layer target rate from 5.52% to 99.87%.
The shift remains strong at the final encoder index
(5.13% baseline versus 96.53% steered), but WER
improves by only 0.237 points.

R3 shows a similarly large HuBERT age shift.
At index 13, mean target probability changes from
0.221 to 0.973 and target rate from 17.87% to
98.48%. The probability remains elevated at the
final index (0.324 to 0.696), yet the WER reduction
is 0.440 points. R6 moves fewer Spanish-source
clips to the English probe class (2.78% to 47.22%)
but has the largest WER reduction among the se-
lected reruns. Thus a larger internal shift does not
imply a larger recognition gain.

R17 is the clearest failure. Wav2Vec2
male—female probe steering at index 4 raises
the next-index target rate from 8.09% to 99.87%.
The effect then decays: at the final index, target
rates are 39.67% and 40.56%. Meanwhile source
WER changes from 36.760% to 36.879%, a saved
+0.118-point adverse estimate. The intervention
succeeds locally under the probe while failing as
ASR control.

4.5 Probe quality is not a general layer
selector

If accessibility identified causal control points, lay-
ers with stronger binary probes should tend to yield
larger steering benefits. The result is configuration-
dependent. For Whisper MCV sex/gender centroid
steering, the Spearman correlation between probe
accuracy and best saved steering benefit across
strengths is essentially zero (p = .0041, two-sided
permutation p = .9858); the probe peaks at index
9 and steering at 23. The probe-vector version is
weakly negative (p = —.2908, p = .1592).
HuBERT MCYV age is a counterexample where
rankings align: centroid steering gives p = .6430,
p = .0014, with binary-probe-best index 13 and
steering-best index 12. SAA HuBERT age probe
steering is also positive (p = .5072, p = .0110).
These cases show that probes can narrow ex-
ploration in some settings, but no architecture-
independent layer-selection rule emerges.

4.6 Utterance-level outcomes are mixed

Aggregate WER hides which words change. Three
paired examples illustrate the range without serv-
ing as evidence on their own. In R21, the base-
line transcribes the place name “Padstow” as “pad
style,” while the steered hypothesis matches the
reference. In R1, both outputs correctly transcribe
the same utterance. In adverse R17, the baseline is
correct but steering changes “Berlin work became
practically” to “Berlinwork became practicalaly.”
Table 5 shortens the excerpts for space.

The mixed examples are consistent with the re-
run statistics. A constant speaker-linked direction
can repair one local error, leave many clips un-
changed, and introduce errors elsewhere. Paired
resampling aggregates these heterogeneous out-
comes, while trajectory probes reveal whether the
internal perturbation persists. Neither replaces a
user-centred assessment of error severity.

5 Discussion

5.1 Three validity tests for mitigation

The experiments separate three questions that
representation-based fairness interventions should
answer. First, is the attribute linearly readable? Sec-
ond, does an intervention move later states in the
intended representational direction? Third, does
task behaviour improve for the affected group with-
out unacceptable harm elsewhere? Our evidence
gives a strong conditional “yes” to the first, mixed



HuBERT-L | SAA | Native Lang.: Spanish — English (Ctr., L17, s=20)
HuBERT-L | MCV | Native Lang.: India/S.Asia — England (Ctr., L0, s=20)
HuBERT-L | SAA | Native Lang.: Spanish — English (Probe, L16, s=20)
HuBERT-L | MCV | Age: Teens — 40s (Ctr., L12, s=10)

HuBERT-L | SAA | Age: 30-39 — 20-29 (Probe, L17, s=20)
HuBERT-L | SAA | Age: 30-39 — 20-29 (Ctr., L14, s=20)

HuBERT-L | MCV | Age: Teens — 40s (Probe, L18, s=10)
Whisper-Med | MCV | Sex: Male — Female (Ctr., L23, s=10)
Whisper-Med | MCV | Sex: Male — Female (Probe, L21, s=1)
Whisper-Med | MCV | Sex: Male — Female (Ctr., L6, s=1)
Whisper-Med | MCV | Sex: Male — Female (Probe, L11, s=1)
HuBERT-L | MCV | Sex: Male — Female (Ctr., L8, s=10)

HuBERT-L | MCV | Sex: Male — Female (Probe, L20, s=20)
Whisper-Med | MCV | Sex: Male — Female (Probe, L9, s=1)
Wav2Vec2-L | SAA | Sex: Male — Female (Ctr., L5, s=1)
Wav2Vec2-L | SAA | Sex: Male — Female (Probe, LS, s=1)
Whisper-Med | MCV | Sex: Male — Female (Ctr., L9, s=1)
Whisper-Med | MCV | Sex: Male — Female (Probe, L9, s=1)
Whisper-Med | MCV | Sex: Male — Female (Ctr., L9, s=1)
Wav2Vec2-L | MCV | Sex: Male — Female (Ctr., L4, s=1)
Wav2Vec2-L | MCV | Sex: Male — Female (Probe, L4, s=1)
HuBERT-L | SAA | Native Lang.: Spanish — English (Ctr., L11, s=20)
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Figure 1: Post-selection source-class WER changes for all 22 targeted reruns (steered minus baseline, percentage
points). Negative values favour steering; horizontal bars are paired-bootstrap 95% intervals. Squares mark intervals
wholly below zero and circles intervals crossing zero. Row labels give model, evaluation set, source—target
direction, vector type, injection layer, strength, and source sample size. Because configurations were chosen after
exploratory sweeps, the intervals are descriptive follow-up evidence rather than family-wise confirmatory tests.

answers to the second, and weak, post-selected
evidence for the third.

This separation changes how a steering result
should be interpreted. A target-like probe flip is
a mechanism check, not a fairness metric. It can
reflect movement along correlated acoustic dimen-
sions, removal of content useful for decoding, or
a transient displacement later blocks undo. The
differing Whisper, HuBERT, and Wav2Vec2 trajec-
tories also suggest that encoder geometry cannot
be evaluated independently of the downstream de-
coder. Whisper’s autoregressive decoder may ab-
sorb or ignore an encoder perturbation differently
from CTC decoding, while later self-supervised
blocks can attenuate a locally large shift.

5.2 Implications for fairness claims

The source classes were chosen because their
observed WER was higher, but the comparison
classes are not causal counterfactuals. The direc-
tion male—female or Spanish—English is analyt-
ical shorthand, not a claim that one group ought
to sound like another. Indeed, treating lower-error
groups as representational targets can reproduce
assimilationist assumptions if divorced from this
diagnostic context.

The true metadata label also determines which
clips receive steering. That makes the experiment
useful for controlled analysis but unsuitable as a
deployment recipe. A deployed recogniser would



Run Model Set/task Vector  Source—target n  Base A gboot Target rate
R2  Whisper M/S sex Probe  male—female 779 12.806 —.237 .0080 5.52—99.87
R3 HuBERT M/Mage Centroid teens—forties 263 27.618 —.440 .0055 17.87—98.48
R6 HuBERT S/S native Centroid Spanish—English 36 11.957 —.684 .0010 2.78—47.22
R17 W2V2 M/M sex Probe  male—female 779 36.760 +.118 .8646  8.09—99.87

Table 4: Contrasting trajectory reruns. “Set” gives evaluation/vector data (M=MCYV, S=SAA). Base and A are
source-class WER in percent and percentage points. Target rate is measured at the first diagnostic layer after

injection.
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Figure 2: Downstream probe trajectories expose the gap between representation movement and ASR improvement.
Left: R3 HuBERT centroid steering from teens to forties at index 12 (strength 10; n = 263 source clips) produces a
large, persistent target-probability increase, while source WER improves by 0.440 percentage points. Right: R17
Wav2Vec?2 probe steering from male to female at index 4 (strength 1; n = 779) produces an almost deterministic
immediate shift that largely decays, while source WER worsens by 0.118 points. Lines are baseline and steered

passes; dashed lines mark intervention indices.

not normally know a speaker’s age, sex/gender, or
native-language label before transcription; collect-
ing or inferring it creates privacy and fairness risks
of its own. The small improvements here do not
justify such a requirement.

5.3 What stronger evidence would require

Simple directions remain valuable because they are
transparent and auditable baselines. Future work
should nevertheless separate discovery from eval-
uation: estimate directions on training data, select
layers and strengths on a validation set, and reserve
a final test set for fairness outcomes. A systematic
placebo suite should include norm-matched ran-
dom directions, shuffied-label centroids, opposite
directions, and within-class split directions. Apply-
ing each direction to target and unrelated groups
would expose collateral harm.

Evaluation should also go beyond WER. Metrics
such as match error rate (MER) and word infor-
mation lost (WIL) (Morris et al., 2004), alongside
phoneme error, semantic changes, named-entity
errors, calibration, and user-relevant severity, can
distinguish an inconsequential substitution from an

accessibility-critical failure. Temporally local inter-
ventions may better match accent or age cues than
adding one vector to every frame. For Whisper,
decoder cross-attention is another plausible inter-
vention point. The core criterion should remain
behavioural: an interpretable or steerable feature
is useful only if it supports robust improvements
under held-out evaluation and appropriate controls.

6 Conclusion

Speaker-linked metadata is linearly accessible
across three major ASR encoders, but accessibility
does not make the same directions reliable con-
trol mechanisms. Selected steering configurations
sometimes yield small WER reductions and large
internal probe shifts, yet the two effects frequently
diverge. The strongest local probe shift in our
diagnostic set can accompany worse recognition.
Bias-mitigation studies should therefore evaluate
readability, propagation, and downstream utility
separately and treat success at any one level as
insufficient.



Run Case Reference cue

Baseline cue

Steered cue

R21 Improved opposite Padstow
R1  Unchanged the boy swore that every time
R17 Harmful

opposite pad style
correct
Berlin work became practically correct

opposite Padstow
correct
Berlinwork became practicalaly

Table 5: Illustrative paired transcription excerpts. Examples reveal error types but do not establish an aggregate

effect.

Limitations

The metadata labels are imperfect and reductive.
MCYV fields are self-reported and incomplete; SAA
classes are small; binary male/female labels ex-
clude non-binary identities; and native-language,
accent, age, and sex/gender are not interchange-
able with acoustic properties. Our labels should be
interpreted only as dataset-derived groupings.

The intervention is a diagnostic rather than de-
ployable mitigation. It uses the true source label to
decide which clips to steer, whereas a real recog-
niser would not generally know that label before
transcription. Using inferred or declared sensitive
attributes at deployment would create additional
fairness and privacy risks.

The selected reruns follow exploratory sweeps
over models, datasets, pairs, directions, layers, and
strengths. Paired bootstrapping quantifies uncer-
tainty for a chosen configuration but does not re-
move selection bias or control a search-wide error
rate. A separate validation set and untouched final
test set are needed for confirmatory claims. The
final suite also lacks systematic placebo directions
and a complete analysis of effects on non-source
groups.

The SAA split audit is weaker than MCV’s ex-
plicit client_id check, and several SAA com-
parisons have small source groups, including 36
Spanish clips. The group comparisons are not
counterfactual; recording quality, sentence content,
speaking rate, and other difficulty factors may con-
tribute to WER differences.

Mean pooling removes temporal structure, and
the saved pipeline averages padded hidden se-
quences without masking. Adding one constant
vector at every time step may therefore exagger-
ate a global speaker direction and poorly match
phoneme-local accent or age cues. The evaluation
covers two English datasets and three pretrained
systems, not multilingual speech LLMs or produc-
tion conditions. Finally, WER treats all word errors
alike and does not measure semantic severity or
user impact.

Ethical Considerations

This study analyses labels linked to socially sen-
sitive attributes. High probe scores must not be
interpreted as accurate inference of identity, nor as
justification for demographic profiling. The source-
to-target notation follows an observed WER con-
trast and does not imply that a higher-error group
should acoustically conform to a lower-error group.
Any future deployment-oriented mitigation should
avoid requiring sensitive labels where possible, ob-
tain appropriate consent, assess intersecting groups,
and test whether gains for one group impose harms
on others. The small, post-selected effects reported
here are explicitly presented as a warning against
premature fairness claims.

References

Guillaume Alain and Yoshua Bengio. 2017. Under-
standing intermediate layers using linear classifier
probes.

Rosana Ardila, Megan Branson, Kelly Davis, Michael
Kohler, Josh Meyer, Michael Henretty, Reuben
Morais, Lindsay Saunders, Francis Tyers, and Gre-
gor Weber. 2020. Common voice: A massively-
multilingual speech corpus. In Proceedings of the
Twelfth Language Resources and Evaluation Confer-
ence, pages 4218-4222, Marseille, France. European
Language Resources Association.

Giuseppe Attanasio, Beatrice Savoldi, Dennis Fucci,
and Dirk Hovy. 2024. Twists, humps, and peb-
bles: Multilingual speech recognition models exhibit
gender performance gaps. In Proceedings of the
2024 Conference on Empirical Methods in Natural
Language Processing, pages 21318-21340, Miami,
Florida, USA. Association for Computational Lin-
guistics.

Alexei Baevski, Yuhao Zhou, Abdelrahman Mohamed,
and Michael Auli. 2020. wav2vec 2.0: A framework
for self-supervised learning of speech representations.
In Advances in Neural Information Processing Sys-
tems, volume 33, pages 12449-12460. Curran Asso-
ciates, Inc.

Yonatan Belinkov. 2022. Probing classifiers: Promises,
shortcomings, and advances. Computational Linguis-
tics, 48(1):207-219.


https://openreview.net/forum?id=ryF7rTqgl
https://openreview.net/forum?id=ryF7rTqgl
https://openreview.net/forum?id=ryF7rTqgl
https://aclanthology.org/2020.lrec-1.520/
https://aclanthology.org/2020.lrec-1.520/
https://doi.org/10.18653/v1/2024.emnlp-main.1188
https://doi.org/10.18653/v1/2024.emnlp-main.1188
https://doi.org/10.18653/v1/2024.emnlp-main.1188
https://proceedings.neurips.cc/paper_files/paper/2020/file/92d1e1eb1cd6f9fba3227870bb6d7f07-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/92d1e1eb1cd6f9fba3227870bb6d7f07-Paper.pdf
https://doi.org/10.1162/coli_a_00422
https://doi.org/10.1162/coli_a_00422

Yonatan Belinkov and James Glass. 2017. Analyz-
ing hidden representations in end-to-end automatic
speech recognition systems. In Advances in Neural
Information Processing Systems, volume 30. Curran
Associates, Inc.

Junxi Chen, Junhao Dong, and Xiaohua Xie. 2026.
Adaptive probe-based steering for robust LLM jail-
breaking. In Forty-third International Conference on
Machine Learning.

Zhiyun Fan, Meng Li, Shiyu Zhou, and Bo Xu. 2021.
Exploring wav2vec 2.0 on speaker verification and
language identification. pages 1509-1513.

Siyuan Feng, Olya Kudina, Bence Mark Halpern,
and Odette Scharenborg. 2021. Quantifying
bias in automatic speech recognition. Preprint,
arXiv:2103.15122.

Anna Hedstrom, Salim I. Amoukou, Tom Bewley,
Saumitra Mishra, and Manuela Veloso. 2025. To
steer or not to steer? mechanistic error reduction
with abstention for language models. In Forty-second
International Conference on Machine Learning.

Felix Herron, Solange Rossato, Alexandre Allauzen,
Benoit Favre, and Francois Portet. 2026a. Speaker
group encoding in self-supervised speech recognition
models. In Text, Speech, and Dialogue, pages 121—
132, Cham. Springer Nature Switzerland.

Felix Herron, Solange Rossato, Alexandre Allauzen,
and Francgois Portet. 2026b. Identifying and typify-
ing demographic unfairness in phoneme-level embed-
dings of self-supervised speech recognition models.
In Findings of the Association for Computational Lin-
guistics: ACL 2026, pages 33603-33620, San Diego,
California, United States. Association for Computa-
tional Linguistics.

Wei-Ning Hsu, Benjamin Bolte, Yao-Hung Hubert Tsai,
Kushal Lakhotia, Ruslan Salakhutdinov, and Abdel-
rahman Mohamed. 2021. Hubert: Self-supervised
speech representation learning by masked prediction
of hidden units. IEEE/ACM Trans. Audio, Speech
and Lang. Proc., 29:3451-3460.

Maliha Jahan, Priyam Mazumdar, Thomas Thebaud,
Mark Hasegawa-Johnson, Jests Villalba, Najim De-
hak, and Laureano Moro-Velazquez. 2025. Unveiling
performance bias in asr systems: A study on gender,
age, accent, and more. In ICASSP 2025 - 2025 IEEE
International Conference on Acoustics, Speech and
Signal Processing (ICASSP), pages 1-5.

Allison Koenecke, Andrew Nam, Emily Lake, Joe
Nudell, Minnie Quartey, Zion Mengesha, Connor
Toups, John R. Rickford, Dan Jurafsky, and Sharad
Goel. 2020. Racial disparities in automated speech
recognition. Proceedings of the National Academy
of Sciences, 117(14):7684—7689.

Abhinav Kumar, Chenhao Tan, and Amit Sharma. 2022.
Probing classifiers are unreliable for concept removal
and detection. In Advances in Neural Information

Processing Systems, volume 35, pages 17994-18008.
Curran Associates, Inc.

Yi-Cheng Lin, Tzu-Quan Lin, Hsi-Che Lin, Andy T.
Liu, and Hung yi Lee. 2024. On the social bias of
speech self-supervised models. In Interspeech 2024,
pages 4638-4642.

Oli Liu, Hao Tang, and Sharon Goldwater. 2023. Self-
supervised predictive coding models encode speaker
and phonetic information in orthogonal subspaces.
pages 2968-2972.

Samuel Marks and Max Tegmark. 2024. The geometry
of truth: Emergent linear structure in large language
model representations of true/false datasets. In First
Conference on Language Modeling.

Andrew Cameron Morris, Viktoria Maier, and Phil
Green. 2004. From WER and RIL to MER and WIL:
improved evaluation measures for connected speech
recognition. In Interspeech 2004, pages 2765-2768.

Paul-Gauthier Noé, Aran Emini, Matrouf Driss, Titouan
Parcollet, Andreas Nautsch, and Jean-Francois
Bonastre. 2021. Adversarial disentanglement of
speaker representation for attribute-driven privacy
preservation.

Ankita Pasad, Ju-Chieh Chou, and Karen Livescu. 2021.
Layer-wise analysis of a self-supervised speech rep-
resentation model. In 2021 IEEE Automatic Speech
Recognition and Understanding Workshop (ASRU),
pages 914-921.

Alec Radford, Jong Wook Kim, Tao Xu, Greg Brock-
man, Christine Mcleavey, and Ilya Sutskever. 2023.
Robust speech recognition via large-scale weak su-
pervision. In Proceedings of the 40th International
Conference on Machine Learning, volume 202 of
Proceedings of Machine Learning Research, pages
28492-28518. PMLR.

Quentin Raymondaud, Mickael Rouvier, and Richard
Dufour. 2024. Probing the information encoded in
neural-based acoustic models of automatic speech
recognition systems. Preprint, arXiv:2402.19443.

Nina Rimsky, Nick Gabrieli, Julian Schulz, Meg Tong,
Evan Hubinger, and Alexander Turner. 2024. Steer-
ing llama 2 via contrastive activation addition. In
Proceedings of the 62nd Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 15504—15522, Bangkok, Thai-
land. Association for Computational Linguistics.

Leda Sari, Niko Moritz, Takaaki Hori, and Jonathan Le
Roux. 2020. Unsupervised speaker adaptation us-
ing attention-based speaker memory for end-to-end
asr. In ICASSP 2020 - 2020 IEEE International Con-
ference on Acoustics, Speech and Signal Processing
(ICASSP), pages 7384-7388.

Steven Weinberger. 2015.
George Mason University.
http://accent.gmu.edu.

Speech accent archive.
Retrieved from


https://proceedings.neurips.cc/paper_files/paper/2017/file/b069b3415151fa7217e870017374de7c-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/b069b3415151fa7217e870017374de7c-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/b069b3415151fa7217e870017374de7c-Paper.pdf
https://openreview.net/forum?id=JKMZyCghr4
https://openreview.net/forum?id=JKMZyCghr4
https://doi.org/10.21437/Interspeech.2021-1280
https://doi.org/10.21437/Interspeech.2021-1280
https://arxiv.org/abs/2103.15122
https://arxiv.org/abs/2103.15122
https://openreview.net/forum?id=fUCPq5RvmH
https://openreview.net/forum?id=fUCPq5RvmH
https://openreview.net/forum?id=fUCPq5RvmH
https://doi.org/10.18653/v1/2026.findings-acl.1678
https://doi.org/10.18653/v1/2026.findings-acl.1678
https://doi.org/10.18653/v1/2026.findings-acl.1678
https://doi.org/10.1109/TASLP.2021.3122291
https://doi.org/10.1109/TASLP.2021.3122291
https://doi.org/10.1109/TASLP.2021.3122291
https://doi.org/10.1109/ICASSP49660.2025.10887767
https://doi.org/10.1109/ICASSP49660.2025.10887767
https://doi.org/10.1109/ICASSP49660.2025.10887767
https://doi.org/10.1073/pnas.1915768117
https://doi.org/10.1073/pnas.1915768117
https://doi.org/10.52202/068431-1308
https://doi.org/10.52202/068431-1308
https://doi.org/10.21437/Interspeech.2024-454
https://doi.org/10.21437/Interspeech.2024-454
https://doi.org/10.21437/Interspeech.2023-871
https://doi.org/10.21437/Interspeech.2023-871
https://doi.org/10.21437/Interspeech.2023-871
https://openreview.net/forum?id=aajyHYjjsk
https://openreview.net/forum?id=aajyHYjjsk
https://openreview.net/forum?id=aajyHYjjsk
https://doi.org/10.21437/Interspeech.2004-668
https://doi.org/10.21437/Interspeech.2004-668
https://doi.org/10.21437/Interspeech.2004-668
https://doi.org/10.21437/Interspeech.2021-1712
https://doi.org/10.21437/Interspeech.2021-1712
https://doi.org/10.21437/Interspeech.2021-1712
https://doi.org/10.1109/ASRU51503.2021.9688093
https://doi.org/10.1109/ASRU51503.2021.9688093
https://proceedings.mlr.press/v202/radford23a.html
https://proceedings.mlr.press/v202/radford23a.html
https://arxiv.org/abs/2402.19443
https://arxiv.org/abs/2402.19443
https://arxiv.org/abs/2402.19443
https://doi.org/10.18653/v1/2024.acl-long.828
https://doi.org/10.18653/v1/2024.acl-long.828
https://doi.org/10.1109/ICASSP40776.2020.9054249
https://doi.org/10.1109/ICASSP40776.2020.9054249
https://doi.org/10.1109/ICASSP40776.2020.9054249
http://accent.gmu.edu

AIP-Speech: Auditing Speech LLM Robustness to Background Interference

Aiden Dsouza', Shreyansh Mishra!, Yashraj Suneja!, Rohan Swain',
Samyak Borkar!, Arjun Jaishankar!, Tanmay Urade'
'IvLabs, Visvesvaraya National Institute of Technology (VNIT), India

Correspondence: aiden.dsouza@ivlabs.in

Abstract

Speech Large Language Models (Speech
LLMs) are increasingly deployed in real-world
acoustic environments, yet it remains unclear
which measurable properties of background
sounds best explain performance degradation.
We present AIP-Speech, an inference-only
benchmark that evaluates Speech LLM ro-
bustness under controlled mixtures of real-
world background recordings. Rather than
comparing robustness across background cat-
egories alone, we characterize each recording
using interpretable acoustic descriptors and
examine their associations with degradation.
Across five open Speech LLMs, we find that
simple acoustic descriptors—including Zero
Crossing Rate, Spectral Centroid, and Spectral
Rolloff—consistently exhibit strong associa-
tions with degradation. We further quantify
robustness disparities across accents and evalu-
ate whether inference-time prompting improves
resilience under adverse acoustic conditions.
AIP-Speech provides a reproducible bench-
mark and descriptor-annotated background cor-
pus for analyzing Speech LLM robustness.

1 Introduction

Speech large language models integrate speech en-
coders with pretrained language models to perform
tasks such as transcription, keyword spotting, and
spoken question answering directly from raw audio
(Chu et al., 2024; Xu et al., 2025; Abouelenin et al.,
2025). Modern Speech LLMs adopt an end-to-end
architecture that unifies speech perception and lan-
guage reasoning within a single model (Peng et al.,
2025). Speech, however, is rarely encountered in
isolation.

How Speech LLMs behave under background
interference remains poorly understood. Existing
benchmarks evaluate Speech LLLMs under environ-
mental variation (Chen et al., 2026), speaker-side
phenomena such as speech disfluency (Liu et al.,

10

2025), natural in-the-wild recordings (Zhang et al.,
2025), or systematic perturbations (Shah et al.,
2025). Broader benchmarks additionally assess
trustworthiness across dimensions such as robust-
ness, safety, fairness, and hallucination (Li et al.,
2025). However, analyses of background interfer-
ence typically report aggregate performance under
a limited set of acoustic conditions, providing little
insight into which measurable acoustic properties
are associated with degradation. Moreover, it re-
mains unclear whether background interference
affects demographic groups uniformly or amplifies
existing disparities among them.

To address these gaps, we introduce Acoustic In-
terference Profiling (AIP)-Speech, an inference-
only benchmark for systematically auditing Speech
LLM robustness under controlled background in-
terference ! . By holding the spoken content fixed
while systematically varying the background audio,
we isolate the effect of different classes of acoustic
interference on Speech LLM behavior. Specifi-
cally, our work makes three contributions: (i) we
introduce a reproducible benchmark and evalua-
tion framework for auditing Speech LLMs under
controlled real-world background interference;

(i1)) we present descriptor-level analysis of
Speech LLM robustness, relating interpretable
acoustic descriptors to degradation across auto-
matic speech recognition and keyword spotting;

(iii) we evaluate robustness disparities across
demographic groups and investigate inference-time
prompting under controlled acoustic interference.

2 AIP-Speech Benchmark

Figure 1 summarizes the AIP-Speech evaluation
pipeline. A clean speech utterance is mixed with a
controlled background recording at multiple signal-
to-noise ratios (SNRs) to produce paired noisy ex-
amples. Speech LL.Ms are evaluated under identi-

"https://github.com/IvLabs/AIP-Speech
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Figure 1: Overview of the AIP-Speech benchmark. Clean speech is combined with background recordings
to evaluate Speech LLM robustness under controlled acoustic interference. Acoustic descriptors are extracted
independently from background recordings and incorporated only during the analysis stage to explain robustness

patterns.

cal inference settings, and paired clean—noisy pre-
dictions are used to compute robustness, fairness,
prompting, and descriptor-based analyses. Pairing
every noisy example with its clean counterpart iso-
lates the effect of background interference from
intrinsic model accuracy.

2.1 Background Audio and Descriptor
Extraction

AIP-Speech uses a fixed set of 20 publicly avail-
able real-world background recordings, ensuring
reproducibility while capturing diverse acoustic
conditions. Recordings are drawn from ESC-50
(Piczak, 2015), MS-SNSD (Reddy et al., 2019),
NOISEX-92 (Varga and Steeneken, 1993), and
MUSAN (Snyder et al., 2015). Each clean speech
utterance is combined with a background record-
ing at multiple target signal-to-noise ratios (SNRs)
to produce deterministic noisy counterparts. All
recordings are resampled and loudness-normalized
prior to mixture generation. The complete list of
background recording classes is provided in Ap-
pendix A.

Each background recording is further character-
ized using a set of standard acoustic descriptors
computed directly from the waveform. Specifically,
we compute spectral centroid, spectral rolloff, spec-
tral bandwidth, spectral flatness, zero crossing rate
(ZCR), spectral flux, spectral contrast, and RMS
energy variance (McFee et al., 2015). These de-
scriptors capture complementary spectral and tem-
poral properties of the background signal and are
computed once for each recording prior to evalua-
tion. Descriptor values are subsequently related to
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task degradation using Spearman rank correlation.

2.2 Robustness Measures

For each evaluation task ¢, let Sy (x) denote the task-
specific scoring function evaluated on speech input
x. Robustness is quantified as the performance
degradation A; between paired clean and noisy
examples (Xciean, Xnoisy)» formulated such that pos-
itive values consistently represent a performance
drop relative to the clean baseline:

A SaSR (Xnoisy) — SASR (Xclean),  for ¢t = ASR
t p—
SKws (Xclean) — Skws (Xnoisy), fort = KWS
(D

where Sasr(-) denotes the Word Error Rate (WER)
and Skws(+) denotes classification accuracy. Con-
sequently, Aasgr captures the absolute increase in
WER, whereas Agws measures the drop in accu-
racy. KWS uses a closed-set protocol over the ten
Google Speech Commands v2 keywords, where
target utterances require an exact keyword match
and non-target utterances are scored correct only if
no target keyword is predicted.

To quantify demographic robustness, we com-
pute the mean performance degradation for each
demographic group g,

> af

1€9

— 1
Atg - Fg (2)

where N, denotes the number of evaluation ex-
amples belonging to group g. Larger values indi-
cate that the corresponding demographic experi-
ences greater performance degradation under back-
ground interference.



Prompt effectiveness is summarized using the
Residual Effect Ratio,

—-~— prompt
Atp P

RER = 3)

——baseline’

Ay

where values below one indicate reduced degra-
dation under prompting.

3 Experimental Setup

We evaluate AIP-Speech on two speech process-
ing tasks: automatic speech recognition (ASR)
and keyword spotting (KWS). The ASR evalua-
tion comprises 180 speech utterances, including
100 from LibriSpeech (Panayotov et al., 2015) and
80 accent-labelled utterances from Mozilla Com-
mon Voice 17 (Ardila et al., 2020). Robustness
across demographic groups is evaluated using these
accent-labelled utterances. The KWS evaluation
comprises 113 audio clips from Google Speech
Commands v2 (Warden, 2018).

We evaluate five publicly available Speech
LLMs: Qwen2.5-Omni-3B, Qwen2.5-Omni-7B
(Xuetal., 2025), Qwen2-Audio-Instruct (Chu et al.,
2024), Phi-4-Multimodal (Abouelenin et al., 2025),
and Gemma 3n (Gemma Team, 2025). All models
are evaluated using deterministic greedy decod-
ing. All models are evaluated using the same back-
ground recordings at signal-to-noise ratios (SNRs)
of 10, 5, and 0 dB. Complete model-wise perfor-
mance across all evaluated SNR conditions is pro-
vided in Appendix G. Robustness metrics are com-
puted from paired clean and noisy predictions. For
descriptor-level analysis, degradation is averaged
across the evaluated SNR levels before computing
Spearman rank correlations with the correspond-
ing acoustic descriptors. The steering prompt is
applied consistently across all evaluated models,
and its complete text is provided in Appendix F.

4 Results

We evaluate Speech LLM robustness under con-
trolled acoustic interference using AIP-Speech
through descriptor analysis, background ranking,
fairness evaluation, and inference-time prompt
steering.

4.1 Descriptor-Level Analysis

Figure 2 demonstrates that robustness degrada-
tion is not randomly distributed across background
recordings. Instead, recordings with larger de-
scriptor values consistently tend to produce greater
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degradation for both ASR and KWS, despite the
inherent variability expected from real-world acous-
tic environments. The similar trends observed
across two fundamentally different speech tasks
suggest that the relationship reflects a property of
the background signal rather than task-specific be-
havior.

Figure 3 shows that Zero Crossing Rate (ZCR)
exhibits the strongest marginal association with
degradation (r; = 0.645 for ASR and 0.723 for
KWS), closely followed by Spectral Centroid and
Spectral Rolloff, while descriptors such as Spec-
tral Flatness, Spectral Contrast, and RMS Energy
Variance show weaker associations. Moreover, the
ordering of descriptor associations is consistent
across ASR and KWS. To assess consistency across
architectures, we compute these correlations in-
dependently for each model in Appendix C. The
strongest descriptors remain positively associated
with degradation across all five models, although
the correlation magnitudes vary by architecture.
Collectively, these results indicate that simple, low-
level acoustic descriptors provide informative sig-
nals for characterizing degradation.

4.2 Background Ranking

Figure 4 provides a recording-level perspective on
Speech LLM robustness. The observed variability
across recordings is consistent with the descriptor
analysis, where Zero Crossing Rate, Spectral Cen-
troid, and Spectral Rolloff exhibit the strongest as-
sociations with degradation across both tasks. The
complete descriptor values for every background
recording are provided in Appendix D.

4.3 Fairness

Figure 5 compares the robustness of Speech LLMs
across accent subgroups by measuring the mean in-
crease in Word Error Rate (AWER) between clean
and noisy speech. Computing degradation relative
to each subgroup’s clean baseline isolates the ef-
fect of background interference from differences
in baseline recognition performance. The figure re-
veals substantial variation in robustness across both
models and accent subgroups. While some models
exhibit relatively uniform degradation, others show
pronounced sensitivity to specific accents, indicat-
ing that background interference does not affect all
demographic groups equally. Complete subgroup-
wise statistics are reported in Appendix E.
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4.4 Prompt-based Steering

Prompt Effectiveness: Residual Effect Ratio (RER) by Model
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Model

Figure 6: Residual Effect Ratio (RER) after applying
inference-time prompt steering. Values below one indi-
cate reduced degradation relative to the baseline instruc-
tion.

We evaluate whether inference-time prompt steer-
ing improves robustness without modifying model
parameters. Figure 6 reports the Residual Effect
Ratio (RER), which measures the degradation re-
maining after steering relative to the baseline in-
struction. Lower RER values indicate greater ro-
bustness gains, with the magnitude of improve-
ment varying across the evaluated Speech LLMs.
Complete Residual Effect Ratio (RER) values for
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Per-Background Mean Degradation Ranking
(Averaged across ASR and KWS)
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Figure 5: Mean ASR performance degradation (AWER)
across accent subgroups under background interference.
Larger values indicate greater degradation relative to the
corresponding clean condition.



all evaluated models are reported in Table 5 (Ap-
pendix F).

5 Conclusion

We introduced AIP-Speech, an inference-only
benchmark for evaluating Speech LLM robustness
under controlled real-world background interfer-
ence. By pairing clean and noisy utterances, an-
notating backgrounds with interpretable acoustic
descriptors, and evaluating ASR, keyword spotting,
demographic subgroups, and prompt-based steer-
ing, AIP-Speech provides a systematic framework
for analyzing acoustic interference. Our results
show that simple acoustic descriptors are strongly
associated with degradation, robustness varies sub-
stantially across accent groups, and inference-time
prompting yields limited improvements.

Limitations

This work is limited to inference-time evaluation
of five open Speech LLMs on automatic speech
recognition and keyword spotting, and our findings
may not generalize to conversational or reasoning-
intensive speech tasks. Although the benchmark
covers diverse real-world background recordings, it
does not exhaust the full range of acoustic environ-
ments encountered in practice. The fairness analy-
sis is limited to English accent subgroups and relies
on the demographic annotations provided by the
underlying datasets. Finally, descriptor-level analy-
sis identifies statistical associations with robustness
degradation but does not establish causal relation-
ships between acoustic properties and model be-
havior.
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Background Source
rain ESC-50
sea waves ESC-50
engine ESC-50
vacuum ESC-50
footsteps ESC-50
fire ESC-50
helicopter ESC-50
clock tick ESC-50
keyboard ESC-50
dog ESC-50
rooster ESC-50
wind ESC-50
cafeteria MS-SNSD
restaurant MS-SNSD
public square MS-SNSD
airport MS-SNSD
air conditioner MS-SNSD
babble NOISEX-92
music MUSAN
hubbub MUSAN

Table 1: Background recordings used throughout the
benchmark.

A Background Noise Set

Table 1 lists the 20 background recordings used in
AIP-Speech. Recordings are drawn from four pub-
licly available datasets to provide a diverse range
of real-world acoustic environments.

B Acoustic Descriptor Definitions

Each background recording is characterized using
a set of standard acoustic descriptors computed di-
rectly from the waveform. Unless otherwise speci-
fied, descriptor values are averaged over the record-
ing after frame-level computation.

¢ Zero Crossing Rate (ZCR): Measures the
rate at which the waveform changes sign and
serves as a simple indicator of high-frequency
activity.

Spectral Centroid: Represents the center of
mass of the magnitude spectrum and is com-
monly interpreted as the perceptual brightness
of a sound.

Spectral Bandwidth: Measures the spread of
spectral energy around the spectral centroid,
indicating how broadly energy is distributed
across frequencies.

Spectral Rolloff: The frequency below which
85% of the spectral energy is contained, pro-
viding a measure of the effective upper fre-
quency content.
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* Spectral Flux: Quantifies frame-to-frame
changes in the magnitude spectrum and re-
flects temporal spectral variation.

Spectral Flatness: Measures how noise-like
a signal is by comparing the geometric and
arithmetic means of the spectrum. Higher
values indicate flatter, more noise-like spectra.

Spectral Contrast: Measures the difference
between spectral peaks and valleys across fre-
quency bands, capturing harmonic structure
and spectral richness.

RMS Energy Variance: Measures the tem-
poral variability of signal energy throughout
the recording.

Speech Fraction: Computed using the Silero
Voice Activity Detector (VAD) as the propor-
tion of frames classified as speech.

C Per-Model Descriptor Correlations

To assess whether descriptor—degradation relation-
ships are consistent across architectures, Table 2
reports Spearman rank correlations computed in-
dependently for each Speech LLM. Degradation
is averaged across the evaluated SNR levels be-
fore computing the correlations, consistent with
the descriptor-level analysis in the main paper.

D Per-Background Acoustic Descriptor
Values

Table 3 reports the acoustic descriptor values com-
puted for every background recording used in AIP-
Speech. Providing these values enables direct in-
spection of the descriptor profile associated with
each recording and facilitates reproducibility of
the descriptor-level analyses presented in the main

paper.
E Complete Fairness Results

Table 4 reports the complete subgroup-wise robust-
ness results underlying Figure 5. Values correspond
to the mean increase in Word Error Rate (AWER)
relative to each subgroup’s clean baseline. Report-
ing the complete statistics enables reproducibility
beyond the visualization shown in the main paper.

F Prompt-based Steering

For the prompt-based robustness experiment, each
model is evaluated under two inference settings:



Descriptor Task Pooled (All 5) Qwen2-Audio

Qwen2.5-Omni-7B  Qwen2.5-Omni-3B Phi-4-MM Gemma 3n

Zero Crossing Rate ASR +0.645 +0.711
KWS +0.723 -0.126
Spectral Centroid ASR +0.629 +0.693
KWS +0.637 -0.322
Spectral Rolloff ASR +0.626 +0.687
KWS +0.619 -0.228
Spectral Bandwidth ASR +0.550 +0.621
KWS +0.544 -0.118
Spectral Flux ASR +0.217 +0.248
KWS +0.272 -0.173
Spectral Flatness ASR +0.080 +0.150
KWS +0.117 -0.243
Spectral Contrast ASR -0.005 +0.053
KWS +0.072 -0.168
RMS Energy Variance ASR -0.217 -0.233
KWS -0.191 +0.311
Silero VAD Speech Fraction ASR +0.316 +0.314
KWS +0.383 +0.017

+0.704 +0.693 +0.672 +0.469
+0.585 +0.647 +0.710 +0.678
+0.597 +0.558 +0.642 +0.451
+0.501 +0.488 +0.674 +0.567
+0.586 +0.544 +0.669 +0.448
+0.444 +0.439 +0.656 +0.581
+0.522 +0.462 +0.636 +0.337
+0.406 +0.402 +0.576 +0.519
+0.263 +0.250 +0.192 +0.107
+0.384 +0.278 +0.277 +0.226
+0.029 -0.030 +0.099 +0.177
+0.025 -0.029 +0.165 +0.038
+0.057 +0.087 -0.065 -0.068
-0.013 +0.075 +0.062 -0.003
-0.247 -0.179 -0.251 -0.096
-0.156 -0.205 -0.217 -0.173
+0.406 +0.397 +0.275 +0.254
+0.457 +0.431 +0.362 +0.369

Table 2: Spearman rank correlation coefficients (r5) between acoustic descriptors and task degradation. The Pooled
(All 5) column reports the aggregate correlations used in Figure 3, while the remaining columns report correlations
computed independently for each Speech LLM. Degradation is averaged across the evaluated SNR levels before

computing the correlations.

(1) the default task instruction (baseline), and (ii)
a steering prompt that instructs the model to ig-
nore background interference and attend only to
the intended foreground speaker. The same steering
prompt is applied consistently across all evaluated
Speech LLMs.

F.1 Automatic Speech Recognition (ASR)

Baseline Prompt

Transcribe the speech in this audio clip
exactly as spoken. Return only the tran-
scription text.

Steering Prompt

You are an automatic speech recogni-
tion (ASR) system operating in noisy
real-world environments. Transcribe
only the speech spoken by the intended
foreground speaker. Ignore background
voices, overlapping conversations, mu-
sic, television, announcements, and all
environmental sounds.

If any foreground speech is unintelligible
because of background interference, omit
it rather than guessing or hallucinating.

Return only the final transcript without
explanations, confidence scores, or addi-
tional text.

F.2 Keyword Spotting (KWS)

Baseline Prompt

Listen to this audio clip. Respond with
only the spoken word (one word). If
no clear word is spoken, respond with
SILENCE.

Steering Prompt

Identify the keyword spoken by the in-
tended foreground speaker. Ignore all
background voices, music, television, an-
nouncements, and environmental sounds.

If no foreground keyword can be identi-
fied, respond with STLENCE.

Return only the keyword or SILENCE
without any additional text.

F.3 Prompt Steering Results

Table 5 reports the Residual Effect Ratio (RER) for
each evaluated Speech LLM. Values below one in-
dicate that prompt steering reduces the degradation
caused by background interference.

G Performance Across Signal-to-Noise
Ratios

To evaluate robustness across different interference
levels, we report model performance under clean
conditions together with additive background inter-
ference at 10, 5, and 0 dB SNR.

Figure 7 summarizes the average performance of
all evaluated Speech LLMs across the two bench-
mark tasks. As expected, lower signal-to-noise ra-
tios consistently degrade model performance. The
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Background ZCR Centroid Bandwidth Rolloff Speech  Flux Flatness Contrast RMS Var.

esc_wind 0.0226 669.76 1330.72 1190.62 0.0000 0.9022  0.0011 17.2040 0.000658
esc_rooster 0.0822 841.66 606.18 1153.43 0.0000 0.6738  0.4599 27.7246  0.001060
esc_dog 0.0161 218.08 142.86  342.65 0.0000 0.3479  0.9091 16.0911 0.000359
esc_clock 0.0288 746.37 1351.25 1076.89 0.0021 1.7850  0.0013  19.2353  0.001402
snsd_airconditioner 0.0333 851.80 1375.42 1699.16 0.0000 0.9540  0.0032 15.7306 0.000312
esc_engine 0.0488  1314.33 1544.96 2801.37 0.0000 0.8921  0.0088 18.0697 0.002576
esc_fire 0.0912  2264.88 2236.70 5048.61 0.0000 2.1282  0.0931 16.1431 0.001323
snsd_square 0.0332  1033.03 1645.28 2351.40 0.1014 1.1128  0.0049 15.2164 0.004249
musan_music 0.1081  1701.98 1668.04 3462.07 0.3362 1.3270  0.0215 20.7004  0.002288
esc_keyboard 0.0848  2388.24 1807.72 4160.08 0.0000 3.3657 0.1094 17.3824 0.000738
esc_footsteps 0.1987  2212.21 195991 4548.02 0.0000 1.6759  0.1182 16.8711 0.001814
esc_vacuum 0.5089  2755.58 2109.97 5039.44 0.0000 09197 0.0533 19.2603  0.000078
esc_helicopter 0.2609  3211.55 2666.81 6452.88 0.0000 0.9847  0.0935 18.6647 0.000018
snsd_airport 0.1516  1354.49 766.39 2120.14 0.0000 1.1973  0.0002 20.3577 0.001119
snsd_cafeteria 0.0744 144631 1905.25 3401.42 0.8367 1.1776  0.0211  15.6066 0.000375
noisex_babble 0.0870  1255.53 1428.23 2535.08 0.4696 1.1716  0.0114 18.5808 0.000327
esc_seawave 0.1446  1859.74 1834.55 3791.06 0.0000 0.8943  0.0655 17.5634  0.000899
esc_rain 0.3420  3129.37 1921.83 5528.74 0.0000 0.9045 0.2122 18.5032  0.000029

snsd_restaurant 0.1472  2110.20 2106.19 4668.49 0.0171 1.0586  0.0909 14.9841 0.000437
musan_hubbub 0.1406  1904.30 1705.12 3701.78 0.6201 1.9962  0.0648 19.4705 0.002083

Table 3: Per-recording acoustic descriptor values for every background recording used in AIP-Speech. These
descriptor profiles underlie the descriptor-level correlation analysis presented in the main paper and provide a
recording-level acoustic characterization for every background recording.

Accent Group Gemma 3n Phi-4-MM Qwen2.5-Omni-3B  Qwen2.5-Omni-7B  Qwen2-Audio
Australian English -0.1316 +0.0924 +0.1309 +0.0906 +0.0681
Canadian English -0.2173 -0.0915 -0.2280 +0.0866 +0.3350
England English -0.2835 +0.0542 +0.0705 +0.0490 +0.0888
Hong Kong English +0.8583 +0.0583 +0.4083 +0.0625 -0.4125
Indian English +0.5370 +0.1628 +0.2425 +0.1967 +0.1713
Irish English +0.2583 +0.0461 +0.0500 +0.0356 +0.2628
New Zealand English +0.1071 0.0000 +0.0143 +0.0238 +0.6881
Scottish English +0.2211 +0.2164 -0.4461 +0.0261 +0.1708
US English +0.0854 +0.0480 +0.0579 +0.0522 +0.0490
Other / Misc. +0.2470 +0.1526 +0.1425 +0.1453 +0.1915

Table 4: Complete subgroup-wise robustness statistics (mean AWER) used in the fairness analysis. Larger positive
values indicate greater performance degradation caused by background interference relative to clean baseline.

Model ASR KWS
Gemma 3n 1.664 0.767
Phi-4-MM 2423 0.549

Qwen2.5-Omni-3B  0.812  2.489
Qwen2.5-Omni-7B 1.064  1.681
Qwen2-Audio 5.989  1.000

Table 5: Residual Effect Ratio (RER) after prompt-
based steering. Values below one indicate reduced
degradation relative to the baseline prompt.

figure provides additional context for the descriptor-
level analysis presented in the main paper by il-
lustrating the overall effect of increasing acoustic
interference.
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(a) ASR Performance across SNRs (WER |) (b) KWS Performance across SNRs (Accuracy 1)
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Figure 7: Average model performance under clean conditions and progressively more challenging acoustic envi-
ronments (10, 5, and 0 dB SNR). (a) Automatic Speech Recognition performance measured using Word Error
Rate (WER; lower is better). (b) Keyword Spotting performance measured using classification accuracy (higher is
better). Performance consistently deteriorates as background interference increases, motivating the descriptor-level
robustness analysis presented in the main paper.
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Abstract

Robust selective auditory attention under mul-
tilingual interference is critical for reliable
LALM deployment. We introduce MUSI,
a cocktail party-inspired controlled diagnos-
tic evaluation of source-grounded spoken-
language understanding and reasoning. Each
item pairs an English target dialogue with a
plausible distractor in English, Spanish, Ko-
rean, or Chinese, and evaluates models under
(1) single-stream, (2) separation-based, and (3)
end-to-end cocktail party settings across con-
trolled SNRs. Across four open-weight and
two closed-source LALMs, we find model-
dependent language-conditioned variation and
heightened vulnerability at adverse SNRs. Er-
rors are dominated by distractor-grounded
source confusion, while separation reduces
acoustic overlap but often leaves source attri-
bution unresolved. These findings highlight
selective auditory attention as an primary capa-
bility for reliable LALMs deployment.

1 Introduction

Overlapping speech has long been studied in ASR
and speech separation through multi-speaker recog-
nition, diarization, and source separation (Hershey
et al., 2016; Cosentino et al., 2020; Watanabe et al.,
2020). Auditory neuroscience frames the same
challenge as the cocktail party problem: listen-
ers must organize acoustic mixtures and selec-
tively attend to task-relevant sources while sup-
pressing competing speech (Cherry, 1953; McDer-
mott, 2009; Bronkhorst, 2015). For Large Audio-
Language Models (LALMs), however, separating
or transcribing speech does not guarantee source-
grounded reasoning: a model may rely on the
wrong stream, conflate sources, or generate fluent
but source-incoherent answers.

This failure mode is critical in high-stakes do-
mains such as aviation and healthcare, where audio-
based systems are increasingly used for tasks in-
cluding respiratory sound analysis (Koo et al.,
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Figure 1: Our MUSI evaluation framework.

2026a,b), and concurrent same- or cross-lingual
speech may contain semantically salient but task-
irrelevant information. It also raises a multilin-
gual reliability concern: performance may vary
with the language of surrounding speech. Existing
benchmarks address related but distinct capabilities:
multi-speaker ASR and separation benchmarks fo-
cus on transcription, diarization, or signal recon-
struction (Hershey et al., 2016; Watanabe et al.,
2020; Cosentino et al., 2020; Borsdorf et al., 2021;
Nguyen et al., 2026); general LALM benchmarks
primarily evaluate single-stream audio understand-
ing (Yang et al., 2024; Wang et al., 2025; Yang
et al., 2025; Chen et al., 2026); and trustworthi-
ness benchmarks study acoustic perturbations or
instruction-level threats (Li et al., 2025; Song et al.,
2025; Hou et al., 2025; Cheng et al., 2025; Peng
et al., 2025). As summarized in Table 1, none
directly evaluates whether LALMs can follow a
target dialogue while suppressing plausible mul-
tilingual distractors. Such controlled interference
reveals whether answers are grounded in the target,
a competing stream, or neither, and how perfor-
mance varies across distractor languages.

We introduce MUSI (Multilingual Selective At-
tentlon), a multilingual multiple-choice question-
answering (MCQ) testbed for source-grounded
LALM understanding and reasoning. Each item
pairs an English target dialogue with a concurrent
distractor in English, Spanish, Korean, or Chinese,
covering both same-language and cross-lingual
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Category Literature Task Gap relative to MUSI
Multi-speaker ASR & CHIiME-6  (Watanabe = Multi-speaker far-field ASR and diarization — Transcription/diarization quality, not source-
Separation et al., 2020) grounded reasoning
WSJO-2mix  (Hershey  Single-channel two-speaker separation Signal reconstruction (SI-SDR); no LALM reason-
et al., 2016) / LibriMix ing
(Cosentino et al., 2020)
Cocktail Party TLE (Borsdorf et al., Target-language extraction in multilingual ~ Language-conditioned separation; no MCQ reason-
Listening 2021) mixtures ing or source attribution
MCoRec (Nguyen et al.,  Multi-modal multi-party conversation tran- ~ Transcription- and clustering-oriented; no reasoning
2026) scription or source attribution
AIR-Bench (Yang et al., LALM audio understanding (MCQ + chat)  Clean single-stream audio; no concurrent distractors
General LALM 2024)
Evaluation AudioBench (Wang  Universal LALM benchmark, 8 tasks Single-source audio; no multilingual interference
et al., 2025)
VoiceBench (Chen et al.,  Voice assistant evaluation under varied con-  Acoustic/speaker variations but no semantic concur-
2026) ditions rent distractors
Trustworthiness & AudioTrust (Li et al.,, LALM trustworthiness across 6 dimensions ~ Non-semantic acoustic risks; not source misattribu-
Reasoning 2025) tion
SAKURA (Yang et al., Multi-hop reasoning over audio attributes Single-stream input; no selective attention under
2025) interference

Source-grounded QA MUSI (Ours)

MCQ-based selective attention with con-

current multilingual semantic distractors

Table 1: Positioning of MUSI across related work, from signal-level multi-speaker ASR and source separation to

recent LALM benchmarks.

interference (Chiswick and Miller, 2005; Littell

etal., 2017). We evaluate six LALMs under single-

stream, separation-based two-stage, and end-to-end
cocktail party settings, with controlled target-to-
distractor SNRs.

Our results reveal substantial model-dependent
variation across distractor languages and strong sen-
sitivity to adverse SNRs. Errors are dominated by
distractor-grounded source confusion, while con-
fidence becomes miscalibrated under interference.
Although separation reduces acoustic overlap, it of-
ten leaves source attribution unresolved and yields
confident wrong-stream answers.

In summary, our contributions are as follows:

* We introduce MUSI, a multilingual controlled
diagnostic evaluation for target-grounded reason-
ing under plausible concurrent speech distractors.

* We characterize model-dependent variation
across distractor languages and trace model er-
rors to the target, distractor, or neither stream.

* We show that strong single-stream performance
does not ensure cocktail party robustness and
that separation-based inference retains a source-
attribution bottleneck.

2 MUSI Dataset

2.1 Dataset Composition

MUSI covers four safety-critical domains: Avia-
tion & Maritime, Healthcare & Medicine, Finance
& Business, and Construction & Plant. Each item
contains an English target dialogue, a same-domain
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semantically plausible distractor in English, Span-
ish, Korean, or Chinese, a target-grounded ques-
tion, and four answer options. The question is
answerable only from the target, whereas the dis-
tractor provides plausible but task-irrelevant ev-
idence. MUSI contains 200 cases, with 50 per
domain. To control speaker-related confounders,
all utterances are synthesized using OpenAl API-
based TTS (Hurst et al., 2024) with fixed speaker
assignments. We use a male target and female
distractor across all distractor-language conditions.
Mixtures use a default target-to-distractor SNR of
0 dB, with additional levels for robustness analysis.

2.2 Dataset Statistics

Target—distractor cosine similarity, measured us-
ing multilingual-e5-1arge (Wang et al., 2024),
ranges from 0.796 to 0.842 across distractor lan-
guages, indicating broadly comparable semantic
similarity across conditions. However, non-English
distractors differ in duration: Spanish and Korean
distractors are approximately 3.3 s and 2.6 s longer,
respectively, than the 21.4 s target average, which
may affect temporal overlap. Separation quality
is strongly SNR-dependent: average SI-SDR in-
creases from 2.95 dB at —10 dB to 16.16 dB at
+10 dB, with greater language-dependent varia-
tion at lower SNRs. These statistics contextualize
language-conditioned performance differences be-
yond distractor language alone. Further details are
provided in Appendix A.



Target

Distractor

Group Model Setting Average Lang. Gap
English English Spanish Korean Chinese
Single 0.773/0.132 - - - - 0.773/0.132 -
Qwen2-Audio Separation - 0.482/0.497 0.477/0.497 0.707/0.245 0.450/0.527 0.529(_24.4) /0.441 25.7
Cocktail - 0.550/0.270 0.412/0.418 0.683/0.156 0.220/0.627 0.466(_3¢.7) / 0.366 46.3
Single 0.757/0.176 - - - - 0.757/0.176 -
Open- MERaLiON-2 Separation - 0.592/0.385 0.678/0.290 0.768/0.187 0.732/0.229  0.693(_¢.5) / 0.273 17.6
nght Cocktail - 0.500/0.371 0.608/0.270  0.655/0.222 0.642/0.231 0.601(_15.¢6) /0.274 15.5
Single 0.908 / 0.030 - - - - 0.908 /0.030 -
Audio-Flamingo-3  Separation - 0.750/0.199  0.705/0.241 0.827/0.112 0.752/0.199 0.758(_15.9) / 0.187 12.2
Cocktail - 0.560/0.164 0.440/0.268 0.753/0.027 0.567/0.163 0.580(_32.5) /0.141 313
Single 0.650/0.061 - - - - 0.650/0.061 -
Qwen2.5-0mni Separation - 0.358/0.458 0.500/0.245 0.635/0.104 0.577/0.142 0.518(_y3.3)/0.236 27.7
Cocktail - 0.250/0.365 0.300/0.254 0.547/0.046 0.307/0.222 0.351(_29.9) /0.216 29.7
Single 0.772 /- - - - - 0.772 / - -
GPT-40 mini Audio Separation - 0.553 /- 0.577 /- 0.592 /- 0.623 /- 0.586(_18.6) /- 7.0
Closed- Cocktail - 0.587 /- 0.593 /- 0.682 /- 0.683 /- 0.636(_13.6) / - 9.6
source
Single 0.955/— - - - - 0.955 /- -
Gemini-2.0-Flash  Separation - 0.892 /- 0.967 /- 0.973 /- 0.977 /- 0.952(_q.3y /- 8.5
Cocktail - 0.677 /- 0.043 /- 0.077 /- 0.172 /- 0.242(_71.3y /- 63.4

Table 2: Main performance across three settings at 0 dB target-to-distractor SNR. Each cell reports Accuracy (1) /
ECE ({). ECE is reported only for open-weight models with accessible token-level log-probabilities. Subscripted
values in the Average column denote absolute accuracy changes, in percentage points (pp), relative to the single-
stream setting. Language Gap (Lang. Gap, |) denotes the best-worst accuracy difference across distractor-language

conditions, also in pp.

2.3 Diagnostic Error Taxonomy

Each item has one target-grounded correct option

and three incorrect options:

» Target Misreasoning (Mis): an incorrect answer
grounded in the target stream but reflecting faulty
reasoning.

¢ Distractor Interference (Int): an incorrect an-
swer supported by the distractor stream.

¢ Ungrounded Inference (Ung): an incorrect an-
swer unsupported by either stream.

3 Experimental Setup
3.1 Models

We evaluate six LALMSs: two closed-source mod-
els, GPT-40 mini Audio (Hurst et al., 2024)
and Gemini-2.0-Flash (Team et al., 2023), and
four open-weight models, Qwen2-Audio (Chu
et al.,, 2024), MERaLiON-2 (MERaLiON Team,
2024), Audio-Flamingo-3 (Goel et al., 2025), and
Qwen2.5-0mni (Xu et al., 2025). We follow each
model’s reported decoding configuration where ap-
plicable.

3.2 Evaluation Settings and Metrics

We evaluate three settings: single, where models
receive only the single English target stream; two-
stage separation, where mixtures are first separated
by ClearerVoice-Studio (Zhao et al., 2025) and

then evaluated with separate streams; and cock-
tail party, where models receive the mono (diotic)
mixture (You et al., 2026) and must answer from
the male English target speech while ignoring the
female multilingual distractor. For SNR analysis,
we additionally evaluate mixture-based settings at
target-to-distractor SNRs of -10, -5, 0, +5, and +10
dB. We evaluate three fixed option permutations
per question across all models, distractor languages,
and SNR settings to reduce option-order bias (Lin
et al., 2025). We report accuracy for all models
and additional ECE for open-weight models with
token-level log-probabilities. Decoding configura-
tion, full prompts, separation quality, and details
on metrics are provided in Appendix B.

4 Results and Analysis

4.1 Overall Performance under Multilingual
Interference

Table 2 reports the main 0dB results. Single-
stream performance is substantially higher than
cocktail party performance for every model (e.g.,
Gemini-2.0-Flash: 0.955 — 0.242), showing
that single-stream understanding does not reliably
transfer to source-grounded reasoning under con-
current multilingual speech.

Separation-based inference generally improves
over cocktail party inference but does not restore
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single-stream accuracy, suggesting that reducing
acoustic overlap is insufficient when source attri-
bution remains unresolved. Gemini-2.@-Flash
is a notable exception: separation nearly recov-
ers single-stream accuracy (0.952), yet its cock-
tail party accuracy is the lowest among all models,
suggesting a strong reliance on explicit separate
streams. For open-weight models, ECE also rises
sharply under interference (e.g., 0.030 — 0.141 for
Audio-Flamingo-3), which indicates that interfer-
ence degrades calibration in addition to accuracy.

These differences are not readily explained by
measured text-embedding similarity alone (0.796—
0.842; Table 4) and may also reflect phonetic, tem-
poral, and model-specific factors.

4.2 Target-Dominance Effects across SNRs

Separation Cocktail Party

—o—o—+—

8- sudio-Flamingo-3
Gemini-2.0-Fash

-10 -5 0 5
Target-to-distractor SNR (dB)

10 -10 10

0 5
Target-to-distractor SNR (dB)

Figure 2: Average accuracy across target-to-distractor
SNRs for two models under separation-based (left) and
cocktail party (right) settings.

Figure 2 illustrates SNR-dependent robust-
ness for both Audio-Flamingo-3 (open-weight)
and Gemini-2.0-Flash (closed-source). In the
separation-based setting, both models remain rela-
tively stable across SNRs, suggesting that explicit
stream separation effectively mitigates acoustic
overlap. In contrast, end-to-end cocktail party infer-
ence is highly SNR-sensitive: both models degrade
sharply under negative SNRs and recover as the tar-
get becomes acoustically dominant. This suggests
that, without explicit separation, source grounding
is strongly influenced by acoustic dominance. At
high positive SNRs, cocktail-party accuracy occa-
sionally exceeds single-stream accuracy by a small
margin; we do not interpret these differences as
systematic gains, as they may reflect finite-sample
and decoding variability.

4.3 Evidence-Source Error Analysis

Table 3 shows that the dominant failure mode
shifts from target misreasoning in the single setting
to distractor-grounded interference under cocktail
party inference. The Int ratio reaches 0.769 for
Qwen2-Audio, 0.869 for Audio-Flamingo-3, and
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Model Condition Mis| Int] Ung |
Single 0.875 - 0.125

Cocktail Party 0.180 0.769 0.051

Qwen2-Audio w/ English 0.152  0.827 0.021
w/ Spanish 0.154 0.806 0.040

w/ Korean 0.358 0.504 0.138

w/ Chinese 0.120 0.846 0.035

Single 0.982 - 0.018

Cocktail Party 0.099 0.869 0.032

Audio-Flamingo-3 w/ English 0.081  0.906  0.013
w/ Spanish 0.092 0.886 0.022

w/ Korean 0.183 0.741 0.076

w/ Chinese 0.062 0911 0.027

Single 0.963 - 0.037

Cocktail Party 0.072 0.918 0.009

Gemini-2.0-Flash w/ English 0.098 0.893 0.008
w/ Spanish 0.067 0.926 0.007

w/ Korean 0.052 0.939 0.008

w/ Chinese 0.078 0.907 0.015

Table 3: Error-type distribution in the single and cock-
tail party (O dB) settings. Mis: target misreasoning;
Int: distractor interference; Ung: ungrounded inference.
Single has no distractor stream, so Int is not applicable.

0.918 for Gemini-2.0-Flash, while Ung remains
below 0.052. Errors therefore arise primarily from
following the competing stream rather than unsup-
ported inference.

For open-weight models, Korean distractors con-
sistently yield lower interference and higher ac-
curacy than other languages. This pattern is not
readily explained by text-embedding similarity
alone, as Korean similarity (0.815) is comparable
to other conditions (Table 4). Longer duration,
potentially reduced temporal overlap, acoustic-
phonetic properties, and higher separated-target SI-
SDR may jointly contribute to this disparity. This
model-dependent variation indicates that selective-
attention reliability is not uniform across distrac-
tor languages. Further breakdowns and stream-
selection diagnostics are provided in Appendix C.

5 Conclusion

We introduce MUSI, a multilingual MCQ testbed
for evaluating source-grounded LALMs under
cocktail-party interference. Across six models,
concurrent speech degrades performance through
distractor-grounded source confusion and SNR sen-
sitivity, with additional variation across distractor
languages. These results highlight selective audi-
tory attention as an important capability for reliable
LALMs.



6 Limitations

Scale and ecological validity. MUSI comprises
200 TTS-synthesized cases (50 per domain), en-
abling controlled evaluation but limiting subgroup
analysis. The synthetic two-speaker mixtures also
omit natural conversational phenomena such as
spontaneous overlap, interruptions, variable turn
timing, spatial cues, channel variation, and richer
prosody.

Scope of conditions. Targets are restricted to En-
glish dialogues and two-speaker mono mixtures
with a single off-the-shelf separator (Zhao et al.,
2025). We use a fixed male-target/female-distractor
configuration and do not counterbalance speaker
gender or evaluate same-gender mixtures. This set-
ting intentionally limits additional speaker-identity
variation while focusing on multilingual seman-
tic interference. Future work should evaluate non-
English targets, bidirectional language pairs, alter-
native separators, and counterbalanced or same-
gender speaker configurations to determine how
speaker similarity interacts with selective auditory
attention.

Scope of disparity analysis. Our analysis concerns
language-conditioned model performance, not de-
mographic fairness, and should not be interpreted
as reflecting intrinsic properties of languages or
speaker communities.

Residual confounds. Despite reporting length,
similarity, and duration statistics (Appendix A), un-
controlled factors such as entity overlap, phonetic
similarity, TTS voice characteristics, and tempo-
ral alignment may influence cross-lingual perfor-
mance.

Methodological asymmetry. Open-weight models
select streams via confidence comparison, whereas
closed-source models receive both streams sequen-
tially in one prompt. This procedural difference,
along with the restriction of ECE analysis to open-
weight models, limits cross-group comparability.
Evaluation format. The MCQ format enables
controlled source attribution but does not capture
free-form generation, where models may blend ev-
idence across streams. Extending this testbed to
open-ended responses remains future work.
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A Additional Dataset Details

A.1 Construction

We construct each item through a staged generation-and-revision pipeline: domain-specific topic and
target dialogue generation, same-domain distractor generation, and diagnostic answer option construction.
Text dialogues and options were produced through manual writing and LL.M-assisted drafting, then
manually revised. Each script is carefully streamlined to cap each stream at 30 s. All audio is sampled at
16 kHz and presented as mono (diotic) mixtures, as evaluated LALMs lack the ability to process stereo
(dichotic) mixtures (You et al., 2026).

A.2  Quality Control

Each item was independently validated by two annotators for target-only answerability, unique target
grounding of the correct option, distractor-only support for interference options, and absence of support
for ungrounded options. Annotators also checked that each question required evidence integration across
target turns and did not rely on superficial lexical cues. Items were revised or removed unless all options
could be traced to explicit evidence, and disagreements were resolved through author adjudication.

For Spanish, Korean, and Chinese distractors, translations were checked against the English distractor
for entity preservation, event-sequence consistency, numerical consistency, and measurement-unit consis-
tency. We used LLM-assisted back-translation as a secondary screen and manually reviewed flagged cases.
We further checked for option leakage by verifying that correct, distractor-grounded, and ungrounded
options were supported only by their intended evidence sources. Items with ambiguous grounding, lexical
shortcuts, or cross-option leakage were revised or removed.

A.3 Statistics

Table 4 reports compact dataset statistics used to assess potential length, semantic-overlap, and duration
confounds across distractor languages. Script length and question length are stable by construction,
while option length remains closely matched across distractor-language conditions. Target—distractor
similarity, measured by multilingual-e5-large (Wang et al., 2024), is broadly comparable across
languages, although non-English distractors show slightly lower similarity than English, which may reflect
cross-lingual embedding alignment as well as residual linguistic differences.

Stream Language Script Length Question Length Option Length Target-Distractor Similarity 1 Duration
Target English 45.8 £ 4.6 words 13.4 £ 2.2 words 12.1 £ 2.1 words - 214 £23s
English 45.1 £ 4.9 words - 11.6 & 2.0 words 0.842 21.7 £238s
Distractor Spanish 49.6 £ 4.9 words - 11.2 + 2.0 words 0.809 247 +£2.7s
) Korean 158.4 + 18.8 chars - 11.4 + 2.0 words 0.815 240+ 29s
Chinese 81.8 & 16.8 chars - 11.3 &£ 2.0 words 0.796 22.1+43s

Table 4: Dataset statistics including script length, target—distractor embedding similarity, and duration. Length is
measured in words for English/Spanish and characters for Korean/Chinese.

A.4 Separation Quality

For the separation-based setting, we assess separated target quality against the corresponding single
target audio using scale-invariant signal-to-distortion ratio (SI-SDR) and target automatic speech recog-
nition word error rate (ASR WER). WER is computed between the reference target transcript and the
Whisper-v3-large transcription of the separated stream (Radford et al., 2023).

Table 5 shows that separation quality improves with target dominance: average SI-SDR rises from
2.95dB at —10 dB to 16.16 dB at +10 dB, while average WER drops from 0.251 to 0.066. The —10 dB
condition shows the clearest language dependence: Korean distractors retain the best separated target
quality, whereas Spanish and Chinese distractors yield substantially lower SI-SDR and higher WER.
These differences narrow at 0 dB and above and indicate that language-dependent separation difficulty is
most pronounced when the target is acoustically disadvantaged.
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. -10dB -5dB 0dB +5dB +10 dB
Distractor

SIt WER] SI1t WER| SIt WER] SIt WER| SIt WER]

English 248 0221 11.76 0.105 1422 0.083 15.70 0.076 16.15 0.069
Spanish 146 0372 1221 0.180 14.66 0.148 1576 0.121 16.15 0.088
Korean 756 0.147 1294 0.072 1473 0.062 15.78 0.058 16.19 0.051
Chinese 028 0.264 1096 0.084 1439 0.058 15.73 0.049 16.13 0.056

Average 295 0251 1197 0.110 14.50 0.088 15.74 0.076 16.16 0.066

Table 5: Separated target-stream quality across target-to-distractor SNRs. SI denotes SI-SDR.

A.5 A Multilingual Dataset Example from Healthcare & Medicine

Example Item

Target stream (English). Patient Room 402 displays symptomatic hypotension requiring an immediate vasopressor
infusion of twenty micrograms per kilogram. Central venous pressure readings currently exceed eighteen millimeters of
mercury, indicating a significant risk of fluid volume overload. The care team shifts to restrictive fluid management while
maintaining a baseline titration of only five micrograms.

English distractor. Recovery Suite B patient reports intense localized pain, prompting consideration of an immediate
ten-milligram intravenous morphine dose. After the initial analgesic administration, respiratory monitoring detects a decline
to eight breaths per minute. Cancel the opioid order immediately and prepare the naloxone protocol to stabilize the patient’s
breathing.

Question. Which observed clinical indicator led to the rejection of the proposed twenty-microgram vasopressor dosage?
Answer options.

(A) Respiratory rate measurements declining to eight breaths per minute after analgesic exposure.
(B) Central venous pressure readings exceeding eighteen millimeters, indicating fluid overload risk.
(C) Reports of intense localized pain prompting opioid consideration.

(D) Electrolyte disturbances requiring counter-regulatory hormone administration.

Correct answer. B

Diagnostic interpretation. Option B is grounded in the target stream. Options A and C are distractor-grounded, whereas
Option D is unsupported by either stream.

Korean distractor. 3] 54 B9 #2}7} 24 4 F5& T4 ZUHFAE B2 108 13 A £
ZhASEH QS UTE 27 A5A Fo] AE T F47 BT 832 743 Ao] A FH A5 Uk npekA A5 A A
e SA HAEA B T 5 AAFAI 7] AT USEE ZZEZS FHFHAL

]
Question. Which observed clinical indicator led to the rejection of the proposed twenty-microgram vasopressor dosage?
Answer options.

(A) Reports of intense localized pain prompting opioid consideration.
(B) Respiratory rate measurements declining to eight breaths per minute after analgesic exposure.
(C) Central venous pressure readings exceeding eighteen millimeters, indicating fluid overload risk.

(D) Electrolyte disturbances requiring counter-regulatory hormone administration.

Correct answer. C

Diagnostic interpretation. Option C is grounded in the target stream. Options A and B are distractor-grounded, whereas
Option D is unsupported by either stream.

Spanish distractor. El paciente de la Sala de Recuperacién B refiere dolor intenso y localizado, por lo que se propone
administrar de inmediato diez miligramos de morfina por via intravenosa. Tras el intento inicial de analgesia, los sensores
detectan una disminucién de la frecuencia respiratoria a ocho respiraciones por minuto. Cancele de inmediato la orden de
opioides y prepare el protocolo de naloxona para estabilizar la respiracién del paciente.

Question. Which observed clinical indicator led to the rejection of the proposed twenty-microgram vasopressor dosage?
Answer options.

(A) Electrolyte disturbances requiring counter-regulatory hormone administration.
(B) Reports of intense localized pain prompting opioid consideration.
(C) Central venous pressure readings exceeding eighteen millimeters, indicating fluid overload risk.

(D) Respiratory rate measurements declining to eight breaths per minute after analgesic exposure.

Correct answer. C

Diagnostic interpretation. Option C is grounded in the target stream. Options B and D are distractor-grounded, whereas
Option A is unsupported by either stream.
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Chinese distractor. 113 S BH) &4 BIUR AN, BEUCTEVBMIALES 1026 50000E . UNKEIRBLAZIE,
WP IR B2 U S s FL PRI e 2 B 7 8K« TR SLRVEH P A REBURZG IR, HEEMSILE TR, LIRER
E Y PRCIRES -

Question. Which observed clinical indicator led to the rejection of the proposed twenty-microgram vasopressor dosage?
Answer options.

(A) Central venous pressure readings exceeding eighteen millimeters, indicating fluid overload risk.

(B) Respiratory rate measurements declining to eight breaths per minute after analgesic exposure.
(C) Electrolyte disturbances requiring counter-regulatory hormone administration.

(D) Reports of intense localized pain prompting opioid consideration.

Correct answer. A

Diagnostic interpretation. Option A is grounded in the target stream. Options B and D are distractor-grounded, whereas
Option C is unsupported by either stream.

B Additional Experimental Details

B.1 Decoding Parameters

We follow each model’s reported generation configurations, which are summarized in Table 6.

Model do_sample Temp. Top-p Top-k  Max tokens
Qwen2-Audio True 0.7 0.5 20 -
Qwen2.5-0mni False 1.0 1.0 50 -
MERaLiON-2 - - - - 256
Audio-Flamingo-3 True 0.7 0.9 - 256

@ 9

Table 6: Reported decoding parameters for open-weight LALMs.
specified in the model card or example used as reference.

indicates that the parameter is not explicitly

B.2 Source-grounding Prompts

Source-Grounding Prompt for Cocktail Party Evaluation

You are an audio-language model being evaluated under a cocktail party test. You will receive:
¢ One audio stream explicitly labeled as TARGET, spoken by a male English speaker.

e Zero or more audio streams explicitly labeled as DISTRACTOR.

* A multiple-choice question with four options.

Instructions.
* Base your answer exclusively on the audio labeled TARGET.

» Focus only on the male English speech in the TARGET audio.

* Completely ignore all audio labeled DISTRACTOR, regardless of language, speaker gender, or salience.
* Do not use information from any unlabeled or distractor audio.

* The correct answer requires integrating multiple pieces of evidence from the TARGET audio.

* Select exactly one option.

Output rules.
* Respond with a single capital letter only: A, B, C, or D.

* Do not provide explanations, reasoning steps, or additional text.

B.3 Separation-based Inference

The separation-based setting isolates acoustic overlap from source attribution: if separation restores
single-level accuracy, the bottleneck is acoustic; if not, the model itself struggles to ground its reasoning
in the correct stream. For open-weight models, both separated streams are processed independently, and
the final response is selected from the stream with the higher normalized option confidence. This setup
further diagnoses whether the model assigns greater confidence to the distractor stream than to the target
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stream. For closed-source models, where token-level confidence is unavailable, both separated streams
are provided sequentially in one prompt, and the model must generate the answer.

B.4 Confidence and Calibration

For open-weight models, confidence is the normalized probability of the selected option after applying a
softmax over the log-probabilities of {A, B, C, D}. ECE is computed with M = 10 equally spaced bins:

o~ |Bnl
ECE = Z Tm lacc(Byy,) — conf(By,)]|, (1)

m=1

where N is the number of examples, B, is bin m, and acc and conf denote empirical accuracy and mean
confidence within the bin.

C Additional Results and Analyses

C.1 Confidence-based Stream Selection

Table 7 shows that separation-based inference remains limited by source attribution. Although accuracy
is high when the target stream is selected, open-weight models often assign higher confidence to the
distractor stream. At 0 dB, target-selection ratios are 59.0% for Qwen2-Audio, 78.5% for MERaLiON-2,
78.1% for Audio-Flamingo-3, and 68.9% for Qwen2.5-0mni.

When the distractor stream is selected, accuracy drops sharply while ECE becomes large, indicating
confident wrong-stream predictions. In particular, this misselection persists even at high SNRs, where
separation quality is strong (e.g., SI-SDR > 16dB at +10dB; Table 5), suggesting that model-level
source preference contributes beyond separation quality alone. Korean distractors generally yield higher
target-selection ratios than the other distractor languages, consistent with the main accuracy results,
although this pattern may reflect multiple factors including phonetic overlap, duration, and separation
quality.

C.2 SNR-wise Error-Type Distributions

Table 8 shows that error types vary systematically with SNR. In the cocktail party setting, negative
SNRs are dominated by distractor-grounded interference errors, indicating that models tend to follow the
acoustically dominant competing stream. As the target becomes louder, the interference ratio decreases
and target-misreasoning errors become more frequent. Ungrounded errors remain consistently below
0.15 across all SNR conditions, suggesting that failures are predominantly source-confusion errors rather
than unsupported inferences. In the separation setting, error distributions are more stable across SNRs,
but distractor-grounded errors remain common, further supporting the presence of a source-attribution
bottleneck.

C.3 Domain- and SNR-wise Performance

Table 9 provides domain- and SNR-wise performance breakdowns. The overall trend is consistent across
domains: separation-based inference remains comparatively stable, whereas cocktail party inference is
highly sensitive to target-to-distractor SNR. Negative SNRs substantially reduce accuracy, while positive
SNRs improve performance as the target becomes acoustically dominant. This pattern indicates that the
observed vulnerability is not restricted to a single domain, but reflects a broader limitation in source-
grounded reasoning under concurrent speech. Among domains, Construction & Plant tends to yield the
lowest cocktail party accuracy at severe SNRs (e.g., 0.097 for Audio-Flamingo-3 at —10 dB), possibly
reflecting the confusability of its procedural and numerical distractor content.
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Model Condition

Distractor

SNR

-10dB

-5dB

0dB

+5dB

+10 dB

Separation

Overall

100.0%; 0.507 / 0.445

100.0%; 0.516 / 0.451

100.0%; 0.529 / 0.441

100.0%; 0.544 /0.425

100.0%; 0.537 /0.429

Target Selected

Qwen2-Audio

Overall
w/ English
w/ Spanish
w/ Korean
w/ Chinese

59.7%;0.813/0.144
54.8%:0.790/0.179
52.5%:0.787/0.172
78.3%: 0.872 /0.088
53.2%;0.774/0.181

58.9%;0.867 /0.103
55.2%; 0.870/ 0.105
53.3%:0.856/0.118
76.8%: 0.868 / 0.096
50.3%; 0.874 / 0.106

59.0%; 0.884 / 0.089
53.8%:0.895/0.088
53.8%:0.882/0.098
80.2%: 0.863 /0.100
48.3%;0.910/0.078

61.3%; 0.879 / 0.094
59.2%: 0.893 /1 0.094
55.2%:0.858 /0.115
79.0%: 0.859 1 0.105
51.7%;0.916 / 0.069

60.4%; 0.879 / 0.092
56.8%: 0.886/0.087
55.0%; 0.882/0.099
80.3%: 0.859/0.105
49.5%: 0.899 / 0.080

Distractor Selected

Overall
w/ English
w/ Spanish
w/ Korean
w/ Chinese

40.3%; 0.054 / 0.896
45.2%;0.041/0.913
47.5%;0.042/0.912
21.7%; 0.069 / 0.853
46.8%; 0.071 /0.884

41.1%; 0.012 / 0.950
44.8%; 0.000/0.971
46.7%; 0.000 / 0.967
23.2%;0.079 / 0.825
49.7%; 0.003 / 0.974

41.0%; 0.016 / 0.949
46.2%; 0.000/0.973
46.2%; 0.004 / 0.967
19.8%; 0.076 / 0.838
51.7%;0.019 / 0.957

38.8%;0.014/0.950
40.8%; 0.008 / 0.968
44.8%; 0.000/0.973
21.0%; 0.063 / 0.834
48.3%;0.010/0.964

39.6%; 0.017/0.946
43.2%; 0.004 / 0.965
45.0%; 0.007 / 0.964
19.7%; 0.085 / 0.816
50.5%; 0.010/ 0.964

Separation

Overall

100.0%; 0.683 / 0.277

100.0%: 0.685 / 0.281

100.0%: 0.693 / 0.273

100.0%; 0.687 / 0.281

100.0%; 0.688 / 0.278

Target Selected
MERaLiON-2

Overall
w/ English
w/ Spanish
w/ Korean
w/ Chinese

76.7%;0.853/0.114
67.7%; 0.852/0.120
76.0%; 0.862 / 0.104
84.5%:; 0.858 /0.107
78.7%;0.839/0.124

77.0%; 0.883 / 0.088
67.2%; 0.888 / 0.098
73.8%; 0.883 / 0.089
83.8%; 0.883/0.082
83.0%; 0.878 / 0.093

78.5%; 0.878 / 0.093
67.5%; 0.874/0.107
77.2%; 0.875 / 0.098
86.2%; 0.884 / 0.084
83.2%; 0.878 / 0.089

78.2%; 0.875/ 0.097
66.8%; 0.888 / 0.097
76.0%; 0.882/ 0.097
86.8%; 0.856/0.111
83.0%; 0.880 / 0.090

77.8%; 0.878 / 0.093
66.3%;0.872/0.116
75.0%; 0.889 / 0.084
86.2%; 0.857/0.110
83.5%; 0.894 /0.081

Distractor Selected

Overall
w/ English
w/ Spanish
w/ Korean
w/ Chinese

23.3%;0.125/0.815
32.3%: 0.082/0.881
24.0%:0.139/0.816
15.5%3 0.032/0.882
21.3%;0.242/0.672

23.0%: 0.024 / 0.925
32.8%:0.020/ 0.954
26.2%; 0.000 / 0.953
16.2%; 0.031/0.881
17.0%; 0.059 / 0.879

21.5%:0.016/0.929
32.5%: 0.005 /0.963
22.8%;0.015/0.941
13.8%; 0.048 / 0.847
16.8%; 0.010/0.916

21.8%:0.011/0.938
33.2%: 0.005/0.970
24.0%: 0.000/0.951
13.2%; 0.051/0.878
17.0%; 0.010 / 0.905

22.2%:0.022/0.925
33.7%: 0.010/0.960
25.0%: 0.013/0.937
13.8%5 0.060 / 0.849
16.5%5 0.030/ 0.899

Separation

Overall

100.0%: 0.721/0.194

100.0%: 0.740/ 0.203

100.0%: 0.758 / 0.187

100.0%: 0.767 / 0.180

100.0%: 0.750 / 0.196

Target Selected
Audio-Flamingo-3

Overall
w/ English
w/ Spanish
w/ Korean
w/ Chinese

73.8%:0.938/0.017
71.8%:0.947/0.018
69.7%;0.923 /0.024
84.5%: 0.955/0.024
69.2%; 0.925 / 0.027

76.4%: 0.967 / 0.020
75.0%: 0.973 / 0.023
71.7%: 0.953 / 0.025
84.2%; 0.956 / 0.021
74.8%; 0.987 / 0.038

78.1%:0.970/0.018
76.8%:0.976 /1 0.024
73.8%:0.955/0.019
85.3%;0.965/0.018
76.5%; 0.983 /0.027

79.1%: 0.970 / 0.021
71.7%: 0.974 1 0.019
74.8%:0.958 /0.018
88.3%;0.962/0.015
75.5%;0.987 /0.033

77.3%:0.969 / 0.023
73.3%: 0.968 / 0.026
73.8%:0.962 /0.030
86.5%; 0.965/0.017
75.7%; 0.982 / 0.028

Distractor Selected

Overall
w/ English
w/ Spanish
w/ Korean
w/ Chinese

26.2%;0.108 /0.779
28.2%;0.112/0.785
30.3%: 0.093/0.794
15.5%; 0.022/0.871
30.8%: 0.162/0.712

23.6%;0.005/0.918
25.0%; 0.007 / 0.930
28.3%;0.000/0.931
15.8%: 0.021/0.872
25.2%:0.000/0.921

21.9%;0.004/0.918
23.2%; 0.000 / 0.928
26.2%: 0.000 / 0.934
14.7%: 0.023 / 0.850
23.5%:0.000/0.931

20.9%; 0.002 / 0.923
22.3%; 0.000 / 0.932
25.2%: 0.007 / 0.926
11.7%; 0.000 / 0.871
24.5%: 0.000/0.938

22.7%; 0.000 / 0.923
26.7%; 0.000 / 0.934
26.2%: 0.000/0.931
13.5%; 0.000 / 0.884
24.3%: 0.000/0.923

Separation

Overall

100.0%; 0.475 1 0.238

100.0%; 0.517 /0.239

100.0%; 0.517 / 0.236

100.0%; 0.522/0.230

100.0%; 0.543 /0.211

Target Selected

Qwen2.5-0mni

Overall
w/ English
w/ Spanish
w/ Korean
w/ Chinese

65.0%; 0.695 / 0.058
44.2%;0.694 / 0.104
63.3%; 0.697 / 0.067
79.5%: 0.755 / 0.050
72.8%: 0.627 / 0.068

68.0%; 0.748 / 0.060
43.8%;0.768 / 0.084
66.2%; 0.738 /0.071
81.5%: 0.753 /0.056
80.7%: 0.740 / 0.062

68.9%; 0.744 / 0.043
47.2%; 0.756 / 0.059
66.5%: 0.734 /1 0.046
81.0%: 0.778 / 0.053
81.0%: 0.710/ 0.065

69.2%; 0.748 / 0.066
49.7%; 0.768 / 0.076
68.8%:0.741/0.071
78.8%: 0.770/ 0.055
79.3%:0.721/0.074

71.5%;0.754 /0.053
50.5%:; 0.762 / 0.076
69.8%: 0.733/0.053
84.0%: 0.778 1 0.047
81.7%: 0.743 / 0.069

Distractor Selected

Overall
w/ English
w/ Spanish
w/ Korean
w/ Chinese

35.0%; 0.068 / 0.636
55.8%;0.048 /0.741
36.7%; 0.068 / 0.622
20.5%; 0.041 /0.586
27.2%;0.129 / 0.478

32.0%; 0.025/0.719
56.2%;0.015/0.795
33.8%; 0.044 / 0.699
18.5%; 0.009 / 0.655
19.3%; 0.034 / 0.598

31.1%; 0.016/0.733
52.8%;0.003/0.818
33.5%;0.035/0.714
19.0%; 0.026 / 0.613
19.0%; 0.009 / 0.652

30.8%; 0.015/0.728
50.3%; 0.000 / 0.808
31.2%;0.027/0.712
21.2%;0.016 / 0.673
20.7%;0.032/0.613

28.5%;0.015/0.728
49.5%; 0.003 / 0.803
30.2%; 0.006 / 0.737
16.0%; 0.021 / 0.655
18.3%; 0.055/0.572

Table 7: SNR-wise confidence-based stream selection in the Separation setting. Each SNR cell reports Selection
Ratio; Accuracy / ECE, where Selection Ratio indicates the proportion of items for which the given stream was

chosen.

30



SNR

Model Condition Distractor
-10 dB -5dB 0dB +5dB +10 dB
Single Overall 0.875/-/0.125
Overall 0.192/0.768 / 0.041 0.166/0.804/0.030  0.147/0.823/0.030  0.168/0.794 /0.038 0.162/0.808 / 0.030
w/ English ~ 0.182/0.799/0.018  0.128/0.862/0.010 ~ 0.100/0.894/0.006  0.132/0.865/0.004  0.114/0.879/0.007
Separation w/ Spanish 0.144/0.832/0.024 0.147/0.837/0.015 0.134/0.850/0.016 0.155/0.826/0.019 0.127/0.850/0.023
Qwen2-Audio w/ Korean 0.359/0.519/0.122  0.370/0.513/0.116 ~ 0.398/0.472/0.131  0.384/0.459/0.157  0.432/0.455/0.114
w/ Chinese  0.159/0.805/0.036 0.104/0.881/0.015 0.070/0.918/0.012 0.086/0.895/0.019 0.094/0.894/0.012
Overall 0.061/0.894/0.045 0.083/0.856/0.061 0.214/0.716/0.070  0.594/0.302/0.104 0.736/0.141/0.122
w/ English ~ 0.023/0.962/0.016  0.048/0.929/0.024  0.278/0.678/0.044  0.603/0.348/0.050  0.748/0.153 /0.099
Cocktail Party w/ Spanish 0.043/0.931/0.025 0.055/0.900/0.046  0.184/0.725/0.091 0.650/0.243/0.107 0.742/0.113/0.144
w/ Korean 0.147/0.723/0.130  0.220/0.613/0.168  0.505/0.347/0.147 ~ 0.741/0.103/0.155  0.757/0.126/0.117
w/ Chinese 0.052/0.918 /0.030 0.044/0.919/0.037 0.081/0.880/0.038 0.455/0.434/0.111 0.698/0.170/0.132
Single Overall 0.822/-/0.178
Overall 0.287/0.657 /0.057 0.235/0.713/0.052  0.262/0.696/0.042 0.279/0.682/0.039 0.260/0.705 /0.035
w/ English ~ 0.197/0.769/0.034  0.168/0.824/0.008  0.204/0.788/0.008  0.169/0.815/0.016  0.199/0.781/0.020
Separation w/ Spanish 0.230/0.711/0.059 0.187/0.766 / 0.048 0.228/0.731/0.041 0.232/0.732/0.035 0.202/0.758 /0.040
MERaLiON-2 w/ Korean 0.389/0.562/0.049  0.327/0.562/0.111  0.360/0.561/0.079  0.427/0.513/0.060  0.414/0.520/0.066
w/ Chinese 0.376/0.532/0.092 0.312/0.624/0.064  0.304/0.634 /0.062 0.366/0.578 /0.056 0.282/0.698 / 0.020
Overall 0.076/0.858/0.066  0.108/0.816/0.075  0.284/0.587/0.129  0.602/0.262/0.136  0.650/0.243/0.106
w/ English 0.039/0.935/0.026 0.036/0.939/0.025 0.197/0.743/0.060  0.581/0.323/0.097 0.659/0.228 /0.114
Cocktail Party w/ Spanish  0.046/0.909/0.044  0.084/0.852/0.064  0.268/0.583/0.149  0.576/0.288/0.136  0.674/0.232/0.095
w/ Korean 0.118/0.771/0.111 0.187/0.694/0.119  0.357/0.469/0.174 0.667/0.179/0.154 0.658/70.234/0.108
w/ Chinese 0.112/0.793 /0.095 0.149/0.743/0.108 0.353/0.488/0.158 0.588/0.252/0.160 0.612/0.282/0.107
Single Overall 0.982/-/0.018
Overall 0.125/0.837/0.037  0.101/0.886/0.013  0.093/0.891/0.016  0.108/0.876/0.016  0.100/0.882/0.018
w/ English 0.104/0.884/0.012 0.062/0.925/0.012  0.067/0.920/0.013 0.075/0.918 /0.007 0.075/0.914/0.011
Separation w/ Spanish 0.157/0.807/0.036 0.100/0.900/0.000  0.096/0.893/0.011 0.107 /0.893 7 0.000 0.092/0.897/0.011
Audio-Flamingo-3 w/ Korean 0.202/0.746/0.053  0.235/0.722/0.043  0.183/0.779/0.038  0.267/0.678/0.056  0.232/0.717/0.051
w/ Chinese 0.065/0.882/0.054 0.045/0.949/0.006  0.054/0.940/0.007 0.046/0.935/0.020 0.052/0.935/0.013
Overall 0.028/0.937/0.035  0.034/0.938/0.027  0.134/0.807/0.060  0.860/0.098/0.042  0.888/0.035/0.077
w/ English 0.024/0.961/0.015 0.027/0.966 / 0.008 0.102/0.879/0.019 0.800/0.167 /0.033 0.949/0.000/0.051
Cocktail Party w/ Spanish  0.023/0.954/0.023  0.021/0.963/0.015  0.095/0.857/0.048  0.875/0.100/0.025  0.765/0.118/0.118
w/ Korean 0.061/0.853/0.086 0.082/0.847/0.070  0.324/0.527/0.149 0.870/0.043/0.087 0.87870.024 /0.098
w/ Chinese ~ 0.008/0.970/0.023  0.016/0.961/0.023  0.108/0.827/0.065  0.889/0.111/0.000  0.966/0.000/0.034
Single Overall 0.924/-170.076
Overall 0.318/0.610/0.071  0.321/0.626/0.053  0.315/0.634/0.051  0.310/0.633/0.058  0.347/0.598/0.056
w/ English 0.185/0.797/0.018 0.148/0.830/0.023 0.143/0.834/0.023 0.167/0.817/0.016 0.17170.804 /0.024
Separation w/ Spanish ~ 0.278/0.622/0.100  0.302/0.644/0.054  0.283/0.653/0.063  0.311/0.616/0.073  0.346/0.596/0.058
Qwen2.5-0mni w/ Korean 0.409/0.502/0.089 0.472/0.433/0.095 0.447/0.470/0.082 0.372/0.534/0.094 0.461/0.432/0.107
w/ Chinese  0.466/0.436/0.098  0.483/0.454/0.063  0.500/0.449/0.051  0.458/0.474/0.067  0.526/0.417/0.057
Overall 0.084/0.843/0.073 0.111/0.803/0.086  0.312/0.589/0.099 0.721/0.189/0.090 0.824/0.091/0.085
w/ English 0.024/0.968 /0.009 0.050/0.941/0.009  0.153/0.798 /0.049 0.656/0.281/0.063 0.813/0.123/0.065
Cocktail Party w/ Spanish  0.053/0.907/0.039  0.076/0.874/0.050  0.312/0.605/0.083  0.680/0.195/0.125  0.847/0.098 / 0.055
w/ Korean 0.185/0.625/0.189 0.254/0.493/0.252 0.621/0.169/0.210  0.779/0.093 /0.128 0.811/0.016/0.173
w/ Chinese ~ 0.088/0.843/0.069  0.095/0.836/0.069  0.281/0.623/0.096  0.790/0.161/0.048  0.823/0.114/0.063
Single Overall 0.759/-1/0.241
Overall 0.258/0.612/0.130  0.265/0.607/0.128  0.284/0.595/0.121  0.280/0.602/0.118  0.257/0.642/0.101
w/ English 0.268/0.632/0.099 0.280/0.640/0.080  0.287/0.631/0.082 0.286/0.623 /0.092 0.277/0.649/0.074
Separation w/ Spanish ~ 0.226/0.611/0.163  0.229/0.595/0.176  0.244/0.614/0.142  0.237/0.595/0.168  0.251/0.622/0.127
GPT-40 mini Audio w/ Korean 0.278/0.597/0.125 0.286/0.607 /0.107 0.335/0.539/0.127 0.332/0.574/0.094 0.252/0.654/0.094
w/ Chinese ~ 0.261/0.606/0.133  0.265/0.583/0.152  0.270/0.593/0.137  0.273/0.611/0.116  0.246/0.642/0.112
Overall 0.158/0.767 /1 0.075 0.227/0.669/0.104  0.326/0.552/0.121 0.432/0.432/0.136 0.538/0.333/0.130
w/ English ~ 0.142/0.816/0.042  0.199/0.739/0.062  0.250/0.645/0.105  0.374/0.527/0.099  0.437/0.479 / 0.084
Cocktail Party w/ Spanish 0.153/0.749/0.098 0.218/0.648/0.134  0.250/0.615/0.135 0.401/0.451/0.148 0.530/0.308/0.162
w/ Korean 0.161/0.745/0.093  0.264/0.639/0.097  0.440/0.440/0.120  0.496/0.359/0.145  0.681/0.181/0.138
w/ Chinese  0.177/0.756 / 0.067 0.233/0.644/0.122  0.411/0.463/0.126 0.509/0.311/0.179 0.580/0.260/0.160
Single Overall 0.963/-1/0.037
Overall 0.273/0.724/0.003 0.460/0.540/0.000  0.452/0.530/0.017 0.536/0.445/0.018 0.594/0.396/0.010
w/ English ~ 0.226/0.774/0.000  0.129/0.871/0.000  0.262/0.738/0.000  0.226/0.774/0.000  0.286/0.714 / 0.000
Separation w/ Spanish  0.354/0.631/0.015  0.955/0.045/0.000  0.750/0.250/0.000  0.846/0.077/0.077  0.952/0.000/0.048
Gemini-2.0-Flash w/ Korean 0.385/0.615/0.000 0.739/0.261/0.000  0.562/0.438/0.000  0.833/0.167 /0.000 0.833/0.167 /0.000
w/ Chinese ~ 0.236/0.764/0.000  0.647/0.353/0.000  0.786/0.071/0.143  0.789/0.211/0.000  0.929/0.071/0.000
Overall 0.007/0.983/0.010 0.015/0.979/0.006  0.040/0.949/0.011 0.101/0.884/0.016 0.899/0.101 /0.000
w/ English ~ 0.009/0.988/0.004  0.028/0.963/0.010  0.134/0.830/0.036  0.741/0.259/0.000  1.000/0.000 / 0.000
Cocktail Party w/ Spanish 0.005/0.986 /0.008 0.009 /0.988 / 0.003 0.016/0.981/0.003 0.049/0.944 /0.007 0.760/0.240 / 0.000
w/ Korean 0.007/0.985/0.008  0.005/0.990/0.005  0.020/0.973/0.007  0.084/0.899/0.018  0.875/0.125/0.000
w/ Chinese 0.007/0.974/0.019 0.019/0.973/0.007 0.052/0.934/0.014 0.183/0.774 /0.043 1.000/0.000 / 0.000

Table 8: SNR-wise error-type distribution (Mis / Int / Ung) across Single, Separation, and Cocktail Party settings.
Single has no distractor stream and is therefore shown once rather than by SNR.
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Model Domain Single Cocktail Party (SNR)

-10 dB -5dB 0dB +5dB +10 dB

Aviation 0.687/0.197  0.123/0.715  0.160/0.656  0.445/0.371 0.685/0.166  0.737/0.150

Healthcare 0.847/0.090  0.143/0.730  0.147/0.707  0.483/0.375  0.825/0.093  0.890/0.061

Qwen2-Audio Finance 0.833/0.093  0.123/0.737  0.162/0.687  0.502/0.345  0.805/0.095  0.870/0.062
Construction ~ 0.727/0.166  0.092/0.749  0.138/0.689  0.435/0.376  0.708/0.161  0.795/0.120

Average 0.773/0.132  0.120/0.731  0.152/0.685  0.466/0.366  0.756/0.124  0.823/0.093

Aviation 0.727/0.191  0.280/0.513  0.377/0.423  0.628/0.241  0.792/0.119  0.823/0.098

Healthcare 0.760/0.188  0.210/0.620  0.287/0.553  0.555/0.327  0.787/0.147  0.833/0.121

MERaLiON-2 Finance 0.813/0.143  0.215/0.615  0.302/0.520  0.665/0.215  0.858/0.076  0.840/0.102
Construction ~ 0.727/0.217  0.203/0.635  0.267/0.576  0.557/0.313  0.755/0.168  0.783/0.149

Average 0.757/0.176 ~ 0.227/0.596  0.308/0.515  0.601/0.274  0.798/0.127  0.820/0.116

Aviation 0.867/0.038  0.137/0.635  0.172/0.571 0.600/0.092  0.913/0.032  0.925/0.023

Healthcare 0.953/0.068  0.145/0.639  0.180/0.589  0.543/0.195  0.968/0.044  0.978/0.049

Audio-Flamingo-3 Finance 0.947/0.043  0.175/0.590  0.193/0.552  0.622/0.121 0.968/0.036  0.967/0.031
Construction ~ 0.867/0.024  0.097/0.652  0.152/0.595  0.555/0.165  0.912/0.021  0.892/0.027

Average 0.908/0.030  0.138/0.626  0.174/0.576  0.580/0.141 0.940/0.026  0.940/0.026

Aviation 0.600/0.123  0.062/0.544  0.103/0.467  0.325/0.213  0.653/0.064  0.738/0.055

Healthcare 0.647/0.099  0.053/0.599  0.122/0.485  0.387/0.212  0.750/0.078  0.798/0.071

Qwen2.5-0mni Finance 0.727/0.048  0.105/0.499  0.115/0.459  0.327/0.233  0.662/0.027  0.743/0.046
Construction ~ 0.627/0.087  0.065/0.578  0.095/0.505  0.365/0.217  0.637/0.098  0.715/0.083

Average 0.650/0.061  0.071/0.555  0.109/0.479  0.351/0.216  0.675/0.042  0.749/0.051

Aviation 0.680/— 0415/- 0.527 /- 0.633/— 0.708 / — 0.765 / —

Healthcare 0.800/— 0.397 /- 0.498 / — 0.675/- 0.785 /- 0.812/-

GPT-40 mini Audio Finance 0.860/— 0.430/- 0.527 /- 0.687 /- 0.792 /- 0.853 /-
Construction 0.747 / - 0.365/— 0.423 /- 0.550 /- 0.712 /- 0.773 / -

Average 0.772 /- 0.402 /- 0.494 /- 0.636/— 0.749 / — 0.801 /-

Aviation 0.940 /- 0.027 /- 0.088 /- 0.292 /- 0.715/- 0.977 /-

Healthcare 0.960 / — 0.035/ - 0.058 /- 0.233 /- 0.608 / — 0.987 /-

Gemini-2.0-Flash Finance 0.960 /- 0.045 /- 0.065 /- 0.238 /- 0.623 /- 0.980/—
Construction 0.960 /- 0.023 /- 0.050/— 0.205 /- 0.578 /- 0.942 /-

Average 0.955 /- 0.033 /- 0.065 /- 0.242 /- 0.631/- 0971/~

Table 9: Domain-wise single and Cocktail Party performance across target-to-distractor SNRs. Each cell reports
Accuracy / ECE. Single is SNR-independent and is shown once per domain.
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Abstract

Target-speaker extraction (TSE) systems are
typically evaluated only after the complete out-
put has been produced, limiting the ability
to identify potentially unreliable outputs dur-
ing generation. We investigate whether fail-
ure risk can instead be estimated causally from
only the first three seconds of the emitted TSE
waveform.

We develop an early-warning monitor using
11,946 outputs spanning five conversational
corpora and six TSE systems. Because inde-
pendent failure labels are unavailable for this
discovery cohort, we define a proxy adverse
outcome from seven complete-output indica-
tors of degraded or atypical TSE behaviour.
After excluding monitoring features that over-
lap with the proxy construction, the monitor
predicts this eventual outcome from the early
waveform with an AUROC of 0.8062 and an
AUPRC of 0.6606. At a 15% review budget,
it identifies 54.47% of proxy-adverse outputs
with 66.29% precision.

To test whether this early-warning signal trans-
fers beyond the discovery setting, we freeze
the monitor and evaluate it unchanged on
2,000 unseen outputs with independently com-
puted SI-SDRi. When failure is defined as
SI-SDRi < 0 dB, performance falls to near
chance (AUROC 0.5354; AUPRC 0.0700).
Yet, on the same external outputs, the frozen
predictions remain strongly associated with
the original proxy outcome (AUROC 0.8092;
AUPRC 0.8481). The proxy and SI-SDRIi fail-
ure definitions agree only weakly (x = 0.028,
MCC= 0.064), while substantial feature-
distribution shift is observed between the dis-
covery and external cohorts (45 of 63 features
have PSI > 0.25).

These results show that short-prefix monitor-
ing can provide useful early risk prioritization
within the setting in which the monitor is de-
veloped, but that such signals do not automat-
ically transfer to independently defined fail-
ure outcomes. Reliable deployment therefore
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requires explicit attention to both distribution
shift and the definition of failure.

Keywords: target-speaker extraction; reliability
monitoring; early failure detection; distribution
shift; out-of-domain evaluation; selective predic-
tion.

1 Introduction

Target-speaker extraction (TSE) aims to recover
the speech of a designated speaker from a multi-
speaker mixture using an enrollment utterance or
speaker representation as the target cue (Delcroix
et al., 2018; Zhang et al., 2025). Although modern
TSE systems perform well on controlled bench-
marks, assessing their reliability is more difficult
in real conversational audio, where overlapping
speech, reverberation, noise, intermittent target ac-
tivity, and enrollment-mixture mismatch are com-
mon. Under such conditions, a TSE system may
suppress the intended speaker, retain an interfer-
ing speaker, or distort the temporal structure of the
extracted speech.

Existing evaluation protocols largely assess
TSE outputs after extraction is complete, using
aggregate measures of intelligibility, speaker sim-
ilarity, timing, and perceptual quality. These mea-
sures are valuable for comparing systems, but they
do not address an important runtime question: can
we identify an output that is likely to become un-
reliable while it is still being produced? An early
causal monitor could provide such a warning and
support abstention, escalation, or downstream re-
view without modifying the extraction waveform
itself.

Developing such a monitor raises two main chal-
lenges. The first is how to define an unreliable
output. Independent failure labels are not avail-
able for all outputs in our discovery cohort. We
therefore construct a proxy adverse label from
seven complete-output indicators of degraded or
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atypical TSE behaviour: silence, clipping, energy
mismatch, spectral flatness, temporal instability,
output—mixture inconsistency, and cross-system
disagreement. Because some candidate monitor-
ing features may overlap with the indicators used
to construct this proxy, prediction could be artifi-
cially inflated by target circularity. We therefore
explicitly test whether useful early prediction re-
mains after removing these overlapping features.

The second challenge is whether a monitor de-
veloped in one setting remains reliable in another.
Its performance may change across conversational
corpora or TSE architectures, particularly when
the underlying data distribution changes. More
fundamentally, performance may also depend on
what is considered a failure. We therefore examine
the monitoring approach across multiple corpora
and TSE systems and subsequently test a frozen
monitor on unseen outputs using an independently
computed reconstruction-based definition of fail-
ure.

Our central question is therefore: can the first
three seconds of a TSE output provide an early
warning that the completed output will be labelled
as adverse? We investigate this using a single-
stream causal monitor that observes only the wave-
form emitted by the evaluated TSE system. The
monitor has no access to future audio, does not
generate or compare alternative outputs, and does
not modify or replace the emitted waveform. It
simply assigns a risk score from the acoustic evi-
dence available in the early output. We then exam-
ine how well this risk ranking generalizes across
corpora, TSE systems, and failure definitions.

We make four main contributions. First, we
formulate TSE reliability monitoring as a single-
stream causal risk-prediction problem that uses
only the first three seconds of one emitted wave-
form. Second, we explicitly audit target circularity
and show that a predefined reduced non-overlap
feature set retains substantial predictive signal un-
der trial-disjoint evaluation, achieving an AUROC
of 0.8062 and an AUPRC of 0.6606. Third, we
evaluate the practical utility of the resulting risk
ranking under limited review budgets and examine
how consistently the same policy performs across
five conversational corpora and six TSE systems.

Fourth, we freeze the trained monitor and ap-
ply it unchanged to 2,000 unseen outputs from
four TSE systems. These outputs provide an
independently computed reconstruction measure,
SI-SDRi, which indicates whether TSE improves
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the target signal relative to the original mixture.
When failure is defined as SI-SDRi < 0 dB, the
frozen monitor performs close to chance (AUROC
0.5354; AUPRC 0.0700). Yet, on these same
external outputs, its predictions remain strong
against the original proxy-defined outcome (AU-
ROC 0.8092; AUPRC 0.8481). Together with sub-
stantial differences between the discovery and ex-
ternal feature distributions and weak agreement be-
tween the two failure labels, these findings show
that external reliability depends not only on how
the data change, but also on how failure is defined.

Overall, our results support causal early warn-
ing as a useful mechanism for prioritizing poten-
tially unreliable TSE outputs within the setting in
which the monitor is developed. At the same time,
they show that strong within-setting performance
should not be interpreted as evidence of universal
failure detection: reliable transport to new data
therefore requires explicit attention to both dis-
tribution shift and independently grounded defini-
tions of failure.

2 Related Work

Target-speaker extraction. Target-speaker ex-
traction conditions a separation model on an en-
rollment utterance or speaker representation to
recover a designated speaker from a mixture.
SpeakerBeam established enrollment-conditioned
extraction for single-channel speech and was later
extended to target-speaker recognition (Delcroix
et al., 2018, 2019). Subsequent work strength-
ened speaker conditioning through improved em-
bedding architectures and multi-level speaker rep-
resentations (Desplanques et al., 2020; Wang et al.,
2023; Zhang et al., 2025). Other methods explic-
itly address speaker-confusion errors arising from
ambiguous target-speaker representations (Zhao
et al.,, 2022; Liu et al., 2023), while band-split
recurrent modelling provides an effective time—
frequency reconstruction architecture for source
separation (Luo and Yu, 2023). These studies pri-
marily improve or repair the extraction process it-
self. In contrast, we investigate whether an output
produced by a fixed TSE system can be identified
as high risk from early causal evidence, without
generating alternatives or modifying the emitted
waveform.

Confidence estimation and selective prediction.
Selective prediction allows a model to abstain or
defer when its estimated risk is high, inducing



an explicit trade-off between prediction coverage
and reliability (Geifman and El-Yaniv, 2019). In
speech recognition, confidence-estimation meth-
ods identify potentially incorrect words or utter-
ances and support downstream review, filtering,
and data selection (Oneata et al., 2021). Confi-
dence estimation can also degrade under acous-
tic or linguistic domain mismatch, motivating
domain-aware evaluation and calibration (Li et al.,
2022). Our setting differs from token- or word-
level ASR confidence estimation because the mon-
itored object is a continuously emitted extraction
waveform and the decision is made from a fixed
three-second causal prefix.

Responsible evaluation and cross-domain relia-
bility. Responsible speech-system evaluation re-
quires more than reporting average performance.
Subgroup analyses must account for confounding
factors, speaker heterogeneity, and incomplete de-
mographic evidence to avoid unsupported fairness
conclusions (Liu et al., 2022). We therefore au-
dit intervention precision, failure coverage, false-
intervention burden, target circularity, metadata
coverage, and cross-domain consistency. Because
the available demographic metadata are selective,
we do not claim population-level fairness; instead,
we report where the evidence supports reliability
conclusions and where it remains insufficient.

A further distinction is required between within-
cohort cross-validation and frozen external trans-
port. A monitor can rank examples successfully
within its development distribution while failing
after changes in acoustic conditions, extraction ar-
chitecture, or outcome definition. We therefore
separate trial-disjoint internal evaluation from a
later frozen-model study using independently com-
puted system-specific reconstruction labels, and
analyse the feature-distribution shift associated
with any loss of transportability.

3 Causal Monitoring Framework

3.1 Causal Monitoring Setup

We use the beginning of a TSE output to estimate
the risk that the completed output will be labelled
adverse. For each trial, let x denote the mixture
waveform, e the target-speaker enrollment utter-
ance, and y the waveform emitted by a TSE sys-
tem. The reduced monitor observes only an early
prefix y;.; and estimates

= f9(¢(y1:t>) ; (D
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where ¢(-) extracts acoustic evidence available
from the emitted waveform up to time ¢, and r; €
[0, 1] is the estimated failure risk. The enrollment
utterance is used by the upstream TSE system to
produce y, but is not an input to the reduced 63-
feature monitor used in the principal analyses.

The causal monitor operates only on the wave-
form emitted by the evaluated TSE system. Here,
“causal” means that it uses only audio available up
to time t; it does not imply causal inference. The
monitor neither accesses future samples nor gener-
ates, selects, or replaces output waveforms. Its pre-
diction is intended only for warning, abstention,
escalation, or downstream review.

As illustrated in Figure 1, the emitted waveform
is analysed using one-second causal windows up-
dated every 0.25 seconds. These updates provide
progressively more acoustic evidence and are not
separate failure decisions. Our main evaluation
uses the first 3 seconds of the output. This £ = 3 s
operating point was fixed before evaluation and is
not claimed to be optimal. We additionally evalu-
ate prefixes of 1, 2, 3, and 4 s to examine how early
useful warning information appears and whether
the results depend strongly on the 3-s choice.

Because independent failure labels are unavail-
able for all discovery outputs, we use the archived
binary variable proxy_adverse_outcome. It
combines seven complete-output indicators: si-
lence, clipping, energy mismatch, spectral flat-
ness, temporal instability, output—mixture incon-
sistency, and cross-system disagreement. The indi-
cators are equally weighted after component scal-
ing estimated on the predefined 7,812-output de-
velopment split. An output is labelled proxy-
adverse when the resulting score exceeds the
fixed development-set 80th-percentile threshold
of 0.7830. Neither the combination rule nor
the threshold is selected using predictor perfor-
mance. The proxy therefore represents potentially
degraded or atypical TSE behaviour rather than an
independently verified physical or perceptual fail-
ure label.

Some monitoring features may overlap with
the indicators used to construct the proxy and
thereby inflate predictive performance. To as-
sess this target circularity, we compare three fea-
ture configurations. The full acoustic set contains
all eligible causal variables; the target-overlap-
only set contains variables directly overlapping
with proxy construction; and the reduced non-
overlap set excludes the target column, compos-
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Figure 1: Single-stream causal monitoring framework. A fixed TSE system uses the mixture waveform and target-
speaker enrollment utterance to produce one emitted waveform. The reduced monitor then uses only acoustic
evidence available within the first three seconds of that waveform to estimate failure risk. It does not access future
audio, generate alternative waveforms, select complete utterances, or replace the emitted output.

ite risk score, seven component scores, mixture-
derived variables, and all other identified target-
overlapping causal variables.

The reduced non-overlap set contains 63
features describing emitted-waveform amplitude,
spectral-band ratios, spectral shape, zero-crossing
behaviour, and temporal summaries over the
causal prefix. It is “reduced” because target-
overlapping variables are excluded, not because
features were selected using evaluation-label per-
formance. This configuration is used for all
operating-policy analyses.

The predictor fy is a class-balanced L2-
regularized logistic regression model with C' =
1.0, fitted using the liblinear solver after me-
dian imputation, missing-value-indicator augmen-
tation, and standard scaling. The same preprocess-
ing and classifier are used across all three feature
sets; only the input representation changes. Lo-
gistic regression provides a simple, interpretable
basis for comparing the feature configurations.

3.2 Evaluation Protocol

We evaluate 11,946 outputs from 1,991 trials,
where each trial is one mixture—target-enrollment
instance evaluated by six TSE systems. The
data span five conversational corpora: AISHELL-
4, AMI, AliMeeting, CHiME6, and DipCo.
The systems are USEF_SepFormer_WSJQ_2mix,
USEF_TFGridNet_WSJ0Q_2mix, spk_emb_100,
spk_emb_causal_100, tfmap_context_100,
and tfmap_context_causal_100. Each trial
contributes one output per system, Yyielding
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1,991 x 6 = 11,946 outputs.

Because the six outputs from a trial share the
same mixture, target, and enrollment, they are kept
in the same fold. We use five-fold trial-disjoint
cross-validation repeated ten times and average
the ten out-of-fold predictions for each output to
obtain its final risk score. Let z; € {0, 1} denote
the proxy-defined discovery outcome.

Although cross-system disagreement con-
tributes to offline target construction, the deployed
monitor observes only the emitted waveform. The
target, composite score, component scores, and
all identified target-overlapping causal variables
are excluded from the reduced non-overlap
representation. We refer to outputs with z; = 1
as proxy-defined failures; this does not imply
independently verified perceptual or task failure.
No independent measure of intelligibility, speaker
preservation, timing, reconstruction quality,
perceptual quality, or human listening quality is
available for all 11,946 discovery outputs.

For frozen external evaluation, we use 500
trials and four TSE systems, yielding 2,000
system-output instances. Each has an indepen-
dently computed system-specific scale-invariant
signal-to-distortion ratio improvement (SI-
SDRi), which measures whether extraction
improves the target signal relative to the orig-
inal mixture. External failure is defined as
SI-SDRi < 0 dB, yielding 129 failures: 27 for
spk_emb_100, 79 for spk_emb_causal_100,
9 for tfmap_context_100, and 14 for
tfmap_context_causal_100. The saved re-



duced monitor is applied without refitting, feature
reselection, calibration, or threshold adjustment.
We also evaluate the same predictions against
the original proxy-defined outcome on these
2,000 outputs, helping distinguish the effects of
distribution shift and failure definition.

An intervention budget b denotes the fraction of
outputs that can be reviewed or escalated. Out-
puts are ranked by predicted risk, and the highest-
risk fraction b is selected. Internal analyses use
averaged trial-disjoint out-of-fold scores, whereas
external analysis uses scores from the unchanged
frozen monitor. Let S, denote the selected set and
¢; € {0,1} the relevant cohort-specific failure la-
bel: proxy-defined internally and SI-SDRi-defined
externally. Intervention precision and failure cov-
erage are

Prec(b) = 231678”,
|| )
Cov(b) = 2ics,

Zz‘gi .

Precision is the proportion of selected outputs
that are failures, while failure coverage is the pro-
portion of all failures captured within the budget.
This budgeted-selection perspective is related to
selective classification and reject-option methods
(El-Yaniv and Wiener, 2010). Selective classifica-
tion has also been studied for deep neural networks
(Geifman and El-Yaniv, 2017).

We define coverage lift as Lift(b) = Cov(b)/b,
since random selection has expected failure cov-
erage b. Thus, a lift of 3.63x at a 15% budget
indicates 3.63 times the failure coverage expected
under random selection. We define the false-
intervention rate (FIR), equivalent to the false-
positive rate when intervention is treated as the
positive decision, as

Ziesb(l - ei)'

FIRO) ="~ (1= 1)

3)

The FIR is therefore the proportion of negative out-
puts selected for intervention.

We report representative budgets of 5%, 15%,
and 30%; the cross-corpus and cross-system anal-
ysis uses the predefined set {15%, 20%, 30%}. All
ranking rules and budgets are fixed before sub-
group comparisons and applied unchanged across
corpora and TSE systems.
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4 Results

4.1 Early Proxy-Adverse-Outcome
Prediction

We first ask whether the first three seconds of the
emitted TSE waveform contain sufficient informa-
tion to predict whether the completed output will
be labelled proxy-adverse. All predictions are out-
of-fold and trial-disjoint, so outputs derived from
the same underlying trial do not appear in both
training and evaluation partitions. Of the 11,946
outputs, 2,181 are labelled proxy-adverse, corre-
sponding to a prevalence of 18.26%. Because
the expected AUPRC of a random ranking equals
the positive-class prevalence, the random AUPRC
baseline is 0.1826.

To assess the effect of feature—target overlap,
all three feature configurations use the same class-
balanced logistic-regression classifier, preprocess-
ing pipeline, proxy target, repeated trial-disjoint
folds, and evaluation procedure; only the input fea-
ture set changes. As shown in Table 1, the full
acoustic feature set achieves an AUROC of 0.8991
and an AUPRC of 0.7613. Restricting the input
to features identified as overlapping with proxy
construction yields an AUROC of 0.8851 and an
AUPRC of 0.7316, indicating that these features
alone contain substantial information about the au-
tomatically constructed outcome. After remov-
ing all identified overlapping features, the reduced
non-overlap model achieves an AUROC of 0.8062
and an AUPRC of 0.6606, compared with a ran-
dom AUPRC baseline of 0.1826. Thus, substan-
tial predictive signal remains after removal of the
identified feature—target overlap.

Bootstrap comparisons show that the full model
exceeds the reduced model by 0.0929 AUROC
(95% CI: [0.0810, 0.1053]) and 0.1007 AUPRC
(95% CI: [0.0862, 0.1163]). Both confidence in-
tervals exclude zero, showing a clear contribu-
tion from the identified target-overlapping features
while confirming that the reduced model retains
useful ranking ability after their removal.

As a post-hoc sensitivity analysis, we separately
evaluate full-prefix models using 1, 2, 3, and 4
seconds of observed audio. Their holdout AU-
ROCs are 0.828, 0.832, 0.873, and 0.863, re-
spectively, with corresponding AUPRCs of 0.358,
0.434, 0.498, and 0.495. These results indicate
that predictive information is present before three
seconds and that extending the observed prefix be-
yond three seconds does not improve performance



Feature set AUROC 95% CI AUPRC 95% CI

Full acoustic 0.8991 [0.8900,0.9078]  0.7613  [0.7421, 0.7796]
Target-overlap only 0.8851 [0.8750,0.8945] 0.7316  [0.7108, 0.7506]
Reduced non-overlap  0.8062 [0.7914, 0.8215] 0.6606  [0.6359, 0.6848]

Table 1: Trial-disjoint prediction performance at the predefined three-second causal decision point. Confidence
intervals are obtained using 3,000 trial-cluster bootstrap repetitions. The reduced non-overlap model is used for all

subsequent operating-policy analyses.

Budget Precision Coverage Lift FIR
5% 93.14%  25.54% 5.10x 0.42%
15% 66.29%  5447% 3.63x 6.19%
30% 43.83%  72.03% 2.40x 20.61%

Table 2: Representative budget-constrained operating
points for the reduced non-overlap model. FIR denotes
the false-intervention rate.

in this sensitivity analysis. These models consti-
tute a separate sensitivity experiment and should
not be directly compared with the principal trial-
disjoint reduced-model estimates in Table 1.

4.2 Budget-Constrained Utility

We next evaluate whether the reduced non-overlap
model can prioritize proxy-adverse outputs when
only a limited fraction of outputs can be reviewed
or escalated. Outputs are ranked by their out-of-
fold risk scores, and the highest-risk fraction is
selected for intervention. The budget denotes the
fraction of outputs that can be reviewed or esca-
lated; for example, a 15% budget corresponds to
selecting the highest-risk 15% of outputs. These
budgets represent illustrative capacity constraints
rather than deployment recommendations.

Table 2 reports three representative operating
points. At a 5% budget, the monitor achieves
93.14% precision and captures 25.54% of proxy-
defined failures, corresponding to a 5.10 x lift over
random selection and a false-intervention rate of
0.42%. At a 15% budget, precision is 66.29%
and failure coverage is 54.47%, corresponding to
a 3.63x lift. Increasing the budget to 30% raises
failure coverage to 72.03%, while precision de-
creases to 43.83%, lift decreases to 2.40 %, and the
false-intervention rate increases to 20.61%.

4.3 Within-Cohort Cross-Corpus and
Cross-System Analysis

We next apply the same predefined 15%, 20%,
and 30% review policies across the five discov-
ery corpora and six TSE systems, without corpus-

38

or system-specific retraining or threshold adjust-
ment. The monitor captures more proxy-defined
failures than expected under random selection in
every corpus and system. At the 15% budget,
the lowest corpus-level lift is 1.71 x on CHiMES,
while the lowest system-level lift is 2.59x for
spk_emb_100.

Performance nevertheless varies across corpora
and systems. At the 15% budget, AISHELL-
4 achieves 64.71% precision and 45.83% failure
coverage, whereas AliMeeting achieves 15.70%
failure coverage. At the 20% budget, DipCo
achieves 19.62% coverage, and at the 30% bud-
get, AliMeeting precision is 17.07%. The compar-
atively large lift observed for AISHELL-4 should
be interpreted in light of its low proxy-adverse
prevalence (1.67%), and therefore jointly with
precision and coverage. Overall, the same risk-
ranking policy performs above random selection
across all discovery corpora and systems, although
its utility varies substantially across these groups.

4.4 Frozen Multi-System External Validation

We next apply the frozen reduced monitor to 2,000
unseen outputs from 500 trials and four TSE sys-
tems. External failure is independently defined
as SI-SDRi < 0 dB, yielding 129 failures and a
prevalence of 6.45%. No refitting, feature reselec-
tion, calibration, threshold search, or hyperparam-
eter adjustment is performed.

Against the independently defined SI-SDRi out-
come, the frozen monitor achieves a pooled AU-
ROC of 0.5354 (95% CI: [0.4776, 0.5914]) and
an AUPRC of 0.0700 (95% CI: [0.0552, 0.0977]),
compared with a random AUPRC baseline of
0.0645. At a 15% review budget, the monitor
selects 300 outputs and identifies 19 of the 129
SI-SDRi-defined failures, corresponding to 6.33%
precision, 14.73% failure coverage, and a 0.982x
lift over random selection. Per-system AUROC
ranges from 0.5172 to 0.5494; because the system-
specific failure counts are small, we treat these es-
timates as descriptive and base the external con-



Evaluation Outcome Outputs Failures AUROC AUPRC Random AUPRC
Internal OOF  Proxy-defined 11,946 2,181 0.8062[0.7914, 0.8215] 0.6606 [0.6359, 0.6848] 0.1826
Frozen external SI-SDRi < 0 dB 2,000 129 0.5354[0.4776, 0.5914] 0.0700 [0.0552, 0.0977] 0.0645

Table 3: Internal trial-disjoint and frozen external evaluation of the reduced causal monitor. The evaluations use
different outcome definitions and therefore address different validity questions; their performance values should
not be interpreted as a controlled comparison of the same prediction task.

clusion primarily on the pooled analysis. Overall,
the frozen monitor does not reliably discriminate
SI-SDRi-defined failures in this external cohort.

To examine whether this result reflects only a
change in the input distribution, we also evalu-
ate the unchanged predictions against the original
proxy-defined outcome on the same 2,000 exter-
nal outputs. Under this outcome definition, the
monitor achieves an AUROC of 0.8092 and an
AUPRC of 0.8481. Agreement between the proxy-
defined and SI-SDRi-defined failure labels is weak
(K 0.028, MCC = 0.064). Thus, the near-
chance performance against SI-SDRi cannot be at-
tributed to distribution shift alone; differences in
the definition of failure are also associated with
the observed loss of discrimination.

4.5 Distribution-Shift and Metadata Audits

A post-evaluation audit reveals substantial differ-
ences between the reduced monitoring features in
the discovery and external cohorts. Of the 63
features, 24 have an absolute standardized mean
difference of at least 0.50, 45 have a popula-
tion stability index of at least 0.25, and 40 have
a Kolmogorov—Smirnov statistic of at least 0.20.
The median predicted risk increases from 0.3092
in the discovery cohort to 0.7448 in the external
cohort. No individual feature achieves an oriented
external AUROC of 0.65 or greater; the highest is
0.6070. These findings confirm substantial feature-
distribution shift between the two cohorts. To-
gether with the external proxy analysis above, they
indicate that the external SI-SDRi result occurs in
the presence of both feature shift and a change in
outcome definition; the present analysis does not
isolate their individual contributions.

We also assess the extent to which the available
metadata support demographic analyses. Authen-
tic language or gender metadata are available for
only 355 of the 1,991 discovery trials, correspond-
ing to 17.83% trial coverage. This subset is se-
lective and cannot be assumed to represent the full
discovery cohort. The available evidence therefore
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does not support population-level claims about de-
mographic fairness or disparity.

Finally, the discovery and external evaluations
address different notions of adverse outcome. The
discovery analysis uses the proxy-defined label
because independent measures of intelligibility,
target-speaker preservation, timing, reconstruction
quality, perceptual quality, or human listening
quality are unavailable for all 11,946 outputs. The
external cohort provides independently computed
SI-SDRIi for 2,000 outputs from four systems, but
SI-SDRi represents a single reconstruction-based
definition of failure. The two evaluations should
therefore be interpreted as complementary tests of
within-setting prediction and transport to an inde-
pendently defined outcome, rather than as evalua-
tions of an identical prediction task.

5 Discussion

The results separate two questions that can oth-
erwise be conflated. First, early causal acous-
tic evidence contains useful predictive information
within the proxy-defined discovery setting. After
removing features identified as overlapping with
proxy construction, the reduced model retains an
AUROC of 0.8062 and an AUPRC of 0.6606. The
monitor also provides useful budget-constrained
ranking within this cohort, including a 3.63x lift
over random selection at the representative 15%
review budget.

Second, performance within the proxy-defined
discovery setting does not establish reliability for
independently defined failure outcomes on un-
seen data. Although the same risk-ranking pol-
icy performs above random selection across all
five discovery corpora and six discovery systems,
the frozen monitor performs near chance against
SI-SDRi-defined failure on the external four-
system cohort (AUROC 0.5354; AUPRC 0.0700).
The external cohort exhibits substantial feature-
distribution shift. However, on the same external
outputs, the unchanged monitor remains strongly
predictive of the original proxy-defined outcome



(AUROC 0.8092; AUPRC 0.8481), while agree-
ment between the proxy and SI-SDRi failure la-
bels is weak. Together, these findings indicate that
the near-chance SI-SDRi performance cannot be
attributed to distribution shift alone; the change in
failure definition is also associated with the loss of
discrimination. The present analysis does not dis-
entangle the individual contributions of these two
factors.

Calibration may alter score interpretation and
operating thresholds, but it cannot recover rank-
ing information when discrimination against the
target outcome is near chance. Reliable transport
may therefore require more robust representations,
independently grounded training targets, or adap-
tation to the intended deployment setting. These
possibilities remain to be evaluated.

Overall, causal early warning provides a useful
mechanism for prioritizing proxy-adverse outputs
within the setting in which the monitor is devel-
oped, but reliable monitoring across new systems,
data distributions, and independently defined fail-
ure outcomes remains unresolved. The monitor
should therefore be treated as an auxiliary prioriti-
zation and review tool rather than as a deployment-
ready failure detector.

6 Limitations

First, the discovery outcome is defined automati-
cally using seven equal-weight proxy diagnostics
rather than independent perceptual or task-level la-
bels. This proxy is not assumed to be an optimal
definition of failure, and alternative weightings or
outcome definitions may produce different results.

Second, the external evaluation is limited to 500
trials from four systems and uses SI-SDRi as a
single reconstruction-oriented failure criterion. SI-
SDRIi does not capture other important aspects of
TSE performance, such as intelligibility, target-
speaker preservation, timing, perceptual quality, or
human preference. Moreover, because the internal
and external evaluations use different failure def-
initions, their performance values are not directly
comparable. The external cohort also exhibits sub-
stantial feature shift. Although evaluation against
the original proxy suggests that both data shift and
the change in failure definition are relevant, the
present study does not disentangle their individual
effects. We also do not establish whether more
complex nonlinear models would improve exter-
nal transport.
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Third, authentic demographic metadata are
available for only 355 of the 1,991 discovery tri-
als. The resulting analysis is therefore a limited de-
mographic audit and cannot establish population-
level fairness or disparity.

Finally, the study evaluates early warning and
review prioritization, not the effectiveness of sub-
sequent interventions. It does not establish that act-
ing on an alert prevents failure, improves the emit-
ted waveform or standard TSE metrics, or leads to
better outcomes for human listeners.

7 Ethics and Responsible Use

A failure-risk monitor may reduce the need to in-
spect every output, but it also introduces opera-
tional trade-offs. False alerts can lead to unnec-
essary review or abstention, whereas missed alerts
may allow unreliable outputs to pass without in-
tervention. The operating point should therefore
be selected according to the relative costs of these
errors and the review capacity available in the in-
tended deployment setting.

The monitor should not be interpreted as a fair-
ness certificate, a substitute for human evaluation,
or evidence of safety in high-consequence set-
tings. Its use should be supported by independent
outcome labels, representative data, and domain-
specific cost assumptions. In particular, the frozen
external results show that performance can de-
grade substantially under changes in the data distri-
bution and failure definition, and that recalibration
alone should not be assumed to restore reliable per-
formance. Deployment should therefore be pre-
ceded by independently labelled, prospective val-
idation on the intended systems, populations, and
recording conditions.

8 Conclusion

We presented a single-stream causal early-warning
framework that uses only the first three seconds
of a TSE system’s emitted waveform. Under trial-
disjoint evaluation against the proxy-defined dis-
covery outcome, the reduced non-overlap monitor
achieved an AUROC of 0.8062 and an AUPRC of
0.6606. At a 15% intervention budget, it identified
54.47% of proxy-defined failures with 66.29% pre-
cision, corresponding to a 3.63 x lift over random
prioritization.

The unchanged monitor did not reliably discrim-
inate independently defined SI-SDRi failures on
2,000 external outputs from four systems. Under



this evaluation, AUROC was 0.5354 and AUPRC
was 0.0700, compared with a random AUPRC
baseline of 0.0645. The external cohort also ex-
hibited substantial feature-distribution shift. Im-
portantly, on the same external outputs, the un-
changed monitor retained strong discrimination
for the original proxy-defined outcome (AUROC
0.8092; AUPRC 0.8481). Together, these find-
ings indicate that the near-chance SI-SDRi per-
formance cannot be attributed to distribution shift
alone; the change in failure definition is also asso-
ciated with the loss of discrimination. The present
analysis does not disentangle the individual contri-
butions of these factors.

Overall, our findings support causal early warn-
ing as a useful within-cohort prioritization mech-
anism, while highlighting the limitations of treat-
ing such a monitor as a universal, deployment-
ready failure detector. Future work should focus
on learning shift-robust causal representations and
on prospective validation against independently
defined outcomes that capture perceptual quality,
speaker preservation, timing, and intelligibility.

Generative Al Assistance

Generative language tools assisted language edit-
ing and organization. The authors verified all ex-
periments, analyses, references, and final text.
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Abstract

As automatic speech recognition (ASR) sys-
tems shift toward multilingual support and low-
resource language modeling, phoneme-based
layers serve as a critical language-agnostic
foundation. However, most evaluations of
ASR’s demographic biases related to race,
age, gender, and accent focus on standard
grapheme-based ASR systems with compar-
atively little emphasis on phoneme-based sys-
tems. In this study, we evaluate the perfor-
mance of WhisperIPA and ZIPA, two state-of-
the-art open-source systems that generate Inter-
national Phonetic Alphabet (IPA) transcriptions.
Our evaluation includes existing multilingual
speech corpora and demographically annotated
English-language corpora, comparing model-
generated IPA transcriptions against grapheme-
to-phoneme (G2P) systems using both standard
phoneme error rate (PER) and a proposed Soft
PER metric that tolerates linguistically similar
phoneme substitutions. Our analysis examines
how performance varies across language, gen-
der, accent, ethnicity, and age, revealing persis-
tent disparities even after accounting for accept-
able phonemic variation. These findings, while
limited, provide insight into potential sources
of bias and inform the development of more
inclusive and linguistically robust phoneme-
based ASR systems. Our code and data are
publicly available.'

1 Introduction

Automatic Speech Recognition (ASR) systems are
a foundational component of modern agent-based
technology. Current ASR systems typically rely on
grapheme representations: graphemes are written
units of language (e.g., letters or characters), while
phonemes are units of sound that represent how
words are pronounced. Existing research shows
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that grapheme-based ASR systems exhibit system-
atic disparities across demographic groups, includ-
ing race, gender, age, accent, and language back-
ground (Tatman and Kasten, 2017; Tatman, 2017;
DiChristofano et al., 2023; Jahan et al., 2025; El-
Ghazaly et al., 2025; Scott et al., 2025; Serditova
et al., 2025; Cunningham et al., 2025). ASR evalu-
ation currently mostly focuses on word error rates
(WER) (Feng et al., 2021).

While a majority of industry models remain
grapheme-based, there has been a growing trend
toward integrating IPA layers for multilingual ca-
pability (Li et al., 2020; Xu et al., 2021). The In-
ternational Phonetic Alphabet (IPA) captures fine-
grained phonetic details and cross-linguistic sound
variations. Multilingual training on IPA tokens re-
duces phonetic token error rate by 60—70% in high-
resource languages and 14-42% in low-resource
languages (Zelasko et al., 2022), and including IPA
layers enables more effective generalization by pro-
viding a more direct mapping between the acoustic
signal and its phonological categories. This makes
recent work in phonetic (Bharadwaj et al., 2026;
Goriely and Buttery, 2025) and IPA models (Fang
et al., 2020; Taguchi et al., 2023; Zhu et al., 2024;
Lee et al., 2025; Zhu et al., 2025), integrated as
standalone or intermediate layers, valuable for mul-
tilingual and low-resource ASR systems.

Despite this growing importance, bias research
has focused almost exclusively on grapheme-based,
WER-measured systems; comparatively little has
been done on phoneme representations. This gap
matters in both directions: if disparities are al-
ready present at the phoneme level, they may propa-
gate through downstream components of integrated
ASR systems; conversely, if phonetic representa-
tions prove more robust, they may lead to more
equitable speech recognition. Phonemic-level de-
mographic bias thus remains largely underexplored,
motivating the present study.

Since the same phoneme can be realized differ-
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ently across accents, dialects, and languages, strict
Phonetic Error Rate (PER) may penalize valid pro-
nunciation variation, introducing noise when evalu-
ating demographic disparities. To reduce this effect,
we introduce a soft variant of PER that tolerates
minor phonemic variation. We evaluate how this
PER variant changes phoneme ASR bias analysis.
Our contributions include:

1. Introducing and evaluating a Soft PER that tol-
erates minor phonemic variation rather than
strictly penalizing all substitutions. We com-
pare Soft PER with standard PER to deter-
mine whether it yields a more robust metric
for evaluating demographic bias.

. Evaluating the biases of IPA-based phoneme
ASR models across accent, gender, age, eth-
nicity and language. Our evaluation spans
11 languages (English, Hindi, Bangla, Pan-
jabi, Tamil, Telugu, Arabic, French, Span-
ish, Turkish, and Shona). We also analyze
different age groups, gender, four ethnicity
groups, and English accents across eight ac-
cent/dialect groups.

2 Related Work

End-to-end ASR systems have increased accu-
racy by scaling data and model size, especially
with transformer-family architectures (Radford
et al., 2023). Large models such as wav2vec 2.0
(Baevski et al., 2020), Whisper (Radford et al.,
2023), and XLS-r (Babu et al., 2022) demon-
strate that grapheme-based models can general-
ize to dozens of languages. Recent work fo-
cuses on even larger multilingual models that re-
place language-specific systems and target lower-
resource languages (Meng et al., 2025; Omnilin-
gual ASR team et al., 2025; Ramirez et al., 2024).

Despite these advances, ASR is concentrated in
high-resource languages with standardized ortho-
graphic transcriptions (Gale et al., 2023; Gorisch
and Schmidt, 2024). Grapheme-based models
rely on widely adopted writing systems in paired
speech-text data. For languages and conversation
without a formal writing system, non-standardized
orthography, limited textual resources, or code-
switching, grapheme models are less reliable or
unavailable. Most grapheme mappings do not con-
sider phonetic variation (Fang et al., 2020; Om-
nilingual ASR team et al., 2025; Ramirez et al.,
2024).
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By mapping acoustically similar sounds to
shared phonetic symbols, these systems can trans-
fer knowledge from high-resource to truly under-
resourced languages (Daul et al., 2026). Currently,
architectures introduce an explicit phonetic layer
that improves robustness and data efficiency in low-
resource settings (Lee et al., 2025). Incorporat-
ing phonemic supervision can reduce the ultimate
WER (Fu et al., 2025; Scott et al., 2025).

Phonemic models are particularly advantageous
for orthographic limitations or linguistic variability.
Phonemic/phonetic token models outperform or-
thographic baselines in both data-constrained and
cross-lingual domains (Daul et al., 2026). Shared
phonetics allow easier cross-lingual transfer and
generalize underrepresented languages (Goriely
and Buttery, 2025; Zhu et al., 2025; Devi and
Sarma, 2026). Phonemic modeling directly cap-
tures acoustic distinctions, thus improving robust-
ness to pronunciation variability (Lyu and Lyu,
2008; Solorio and Liu, 2008; Onda et al., 2026).

Rather than replacing grapheme-based systems,
phonetic layers are often integrated within them.
Multi-task learning frameworks jointly predict
phonemes and graphemes. Hybrid approaches have
demonstrated improved robustness in noisy, low-
resource, and multilingual settings, suggesting that
phonetic supervision can complement larger ASR
architectures (Fang et al., 2020).

Bias in ASR systems has been extensively stud-
ied in grapheme-based systems, with prior research
showing significant disparities in WER across de-
mographic groups — such as race, gender, dialect,
and accent (Tatman and Kasten, 2017; DiChristo-
fano et al., 2023; Jahan et al., 2025). An ASR
system exhibits bias when its performance differs
by user demographics (Zhang et al., 2023). Within
grapheme-based models, commercial systems con-
sistently have higher error rates for women com-
pared to men (Ngueajio and Washington, 2022;
Aryal et al., 2023). Models often have higher error
rates for children (Bhardwaj et al., 2022). Non-
native and non-urban accents have been associ-
ated with higher error rates (Serditova et al., 2025;
Torgbi et al., 2025; Wassink et al., 2022), with
second-language speech accents showing higher er-
ror rates than speakers of non-standard or regional
accents (Feng et al., 2021; Zhang et al., 2022).
For example, commercial models produce twice as
many errors for African American speakers as for
white speakers of English (Koenecke et al., 2020;
Martin and Tang, 2020).



Standardized evaluation benchmarks and bias
audits have been introduced to quantify these per-
formance gaps and assess fairness in widely used
ASR models. In contrast, investigations into pho-
netic or IPA-based ASR models remain limited.
As phoneme-level systems become more common,
either as full speech transcription models or as in-
termediate components within larger architectures,
it is increasingly important to understand how they
may contribute to or mitigate existing biases.

3 Methods

3.1 Datasets

We evaluate phoneme recognition models across
two complementary dimensions: cross-lingual ro-
bustness and demographic variation.

Cross-lingual Datasets. To assess multilingual
phoneme recognition performance, we use IPA-
PACK (FLEURS-IPA) (Zhu et al., 2024), Medi-
aSpeech (Kolobov et al., 2021) and WAXAL (Di-
ack et al., 2026). From these multilingual cor-
pora, we select 11 languages for evaluation, in-
cluding high-resource languages (English, Spanish,
and French) and lower-resource languages (Hindi,
Bangla, Panjabi, Tamil, Telugu, Arabic, Turkish,
and Shona). Languages are selected based on sup-
port from both the G2P pipeline and the evaluated
IPA models. Table 1 in Appendix A.l provides
more details about the language distributions of
these datasets.

Demographic Datasets. To analyze demo-
graphic bias and variation in phoneme recogni-
tion, we use English speech datasets with speaker
metadata: the Corpus of Regional African Amer-
ican Language (CORAAL) (Kendall and Farring-
ton, 2018), the Edinburgh International Accents of
English Corpus (EdAcc) (Sanabria et al., 2023),
the Sonos Voice Control Bias Assessment Dataset
(SVC) (Sekkat et al., 2024), and WAXAL (Diack
et al., 2026). These datasets contain annotations
for demographic attributes, including age, gender,
ethnicity, accent, geographic region, and native-
speaker status, with the demography presented in
Table 2 in Appendix A.1.

3.2 Models

In this work, we evaluate two IPA-based ASR mod-
els which allows us to maximize coverage in cross-
lingual evaluation, since they have the largest num-
ber of overlapping supported languages.
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WhisperIPA. We evaluate WhisperIPA?, a
transformer-based encoder—decoder model built on
the Whisper architecture (Radford et al., 2023).
Whisper is originally pre-trained on 680,000 hours
of weakly supervised multilingual speech data. The
base WhisperIPA variant, with approximately 74M
parameters, is further fine-tuned for direct speech-
to-IPA transcription on 15,000 labeled synthetic
IPA audio samples. The fine-tuning data is derived
from Common Voice 21, which covers >70 lan-
guages with corresponding phonetic annotations.

ZIPA. We evaluate ZIPA (Zhu et al., 2025), a
family of efficient multilingual phone recognition
models built on the Zipformer architecture (Yao
et al., 2024), that includes both transducer-based
and CTC-based variants. In this work, we use
the large consistency-regularized CTC model with
noisy-student training. The ZIPA-CR-NS? large
variant has approximately 300M parameters and
is trained on IPAPack++, a large-scale multilin-
gual speech corpus with 17,132 hours of normal-
ized phone transcriptions across 88 languages. The
noisy-student training stage further incorporates ap-
proximately 11,000 hours of pseudo-labeled multi-
lingual speech from >4,000 languages, improving
cross-linguistic phone recognition performance.

3.3 Experimental Setup

All models are evaluated in a zero-shot setting with-
out additional fine-tuning on the evaluation datasets
in order to measure out-of-the-box phoneme recog-
nition performance. After both models generate
IPA transcriptions for every audio sample, outputs
are post-processed to remove special tokens, nor-
malize whitespace, and ensure consistency with the
reference phoneme format. Output post-processing
details are described in Appendix A.2.

Reference phoneme sequences are generated
from orthographic transcripts using a multilingual
grapheme-to-phoneme (G2P) pipeline. We use
G2P+ (Goriely and Buttery, 2025) to generate IPA-
based phonemic transcriptions across languages.
Although generated phonemic references introduce
limitations due to potentially incorrect, oversim-
plified phoneme mappings, incomplete phonetic
detail, and inconsistencies across languages, they
provide a scalable framework for multilingual eval-
uation. These generated phoneme sequences serve

Zhttps://huggingface.co/neurlang/ipa-whisper-base
3https://huggingface.co/anyspeech/zipa-large-crctc-ns-
800k



as the ground-truth references for all experiments.

Soft PER We evaluate phoneme recognition ac-
curacy using phoneme error rate (PER). However,
because phoneme realizations can vary across ac-
cents, dialects, and languages without reflecting
true recognition failures, we also introduce and
evaluate a Soft PER metric that reduces penalties
for linguistically similar substitutions. This evalua-
tion uses a two-tier phoneme mapping to (1) estab-
lish broad interchangeable phonemic variation and
(2) create language-specific pronunciation overlaps
that are not global equivalents. A single equiv-
alence tier is insufficient because many phonetic
relationships are not identical between languages.

The first tier groups phonemes into transi-
tive equivalence classes using two allophonic re-
sources. AlloVera (Mortensen et al., 2020) pro-
vides language-specific mappings between surface
phones and canonical phonemes across 14 lan-
guages (e.g., aspirated /p"/—/p/ where a strongly
breathed “p” sound is treated as a standard /p/,
devoiced /b/—/b/ where a partially unvoiced “b”
is mapped to its canonical form, etc.), with En-
glish given priority, because English defines the
largest proportion of the demographic evaluation
data, when a surface phone appears in multiple
languages. We then use articulatory feature repre-
sentations from PHOIBLE (Moran and McCloy,
2019) to identify pairs of canonical phonemes that
differ in only one of 34 articulatory features. These
pairs are merged into shared equivalence classes.
Through this grouping, phonemes may belong to
the same class even if they differ in more than
one feature, as long as they are connected through
phonemes that differ by only one feature at each
step. Together, these mappings create 62 equiv-
alence classes spanning 254 phones. Table 4 in
Appendix A.3 provides the full mapping for the
first tier.

The second tier captures non-transitive cross-
language similarities, derived from AlloVera
(Mortensen et al., 2020). When the same surface
phone maps to different canonical phonemes across
languages (e.g., the flap sound /r/ is mapped to /t/ in
English words such as “water,” but to /r/ in Spanish
words such as “pero”), those canonical phonemes
are recorded as a direct pair without being merged
into a shared equivalence class. This preserves
the individual relations /t/~/t/ and /t/~/r/ without
implying /t/~/1r/ and keeping language-specific re-
lationships. A total of 90 such language-specific

45

pairs are extracted from cross-language allophonic
overlaps. These pairs are scored as equivalent
within their respective language mappings, but are
not transitively combined. Table 5 in Appendix
A.3 provides the full mapping for the second tier.

For example, Tier 1 places devoiced /b/ and
canonical /b/ in the same equivalence class, so sub-
stituting one for the other incurs no error. In con-
trast, /d/ and /t/ belong to different Tier 1 classes
and would initially be counted as a substitution er-
ror. Tier 2 contains this pair as a language-specific
similarity in English, Kazakh, Russian, and Viet-
namese, so the substitution isn’t counted when it
happens in one of these languages. Unlike Tier 1
equivalences, this relation is not extended transi-
tively to other phonemes.

During evaluation, Tier 1 equivalence classes are
applied universally across all languages, while Tier
2 similarities are only applied when relevant to the
target language. Substitutions within either similar-
ity tier receive a zero penalty when computing Soft
PER, allowing the metric to better distinguish gen-
uine recognition errors from acceptable phonetic
variation.

4 Results

4.1 Language Performance Evaluation

We first evaluate model performance across lan-
guages to understand how IPA-based ASR system
accuracy varies in a multilingual setting. This
analysis compares standard PER and Soft PER
for both ZIPA and WhisperIPA across the avail-
able language datasets. Standard PER measures
exact phoneme-level mismatch, while Soft PER
applies the equivalence mappings described in Sec-
tion 3.3 to reduce penalties for linguistically similar
phoneme substitutions.

Figure 1 compares ZIPA and WhisperIPA across
the evaluated languages using both standard PER
and Soft PER. ZIPA achieves lower error rates than
WhisperIPA for every language under both metrics,
indicating stronger overall phoneme-recognition
performance in this multilingual evaluation. Un-
der standard PER, English has the lowest error rate
for both models. For ZIPA, the highest error rates
occur for Tamil, French, and Arabic, whereas Whis-
perIPA produces its highest error rates for Arabic,
Tamil, and Turkish. These results demonstrate sub-
stantial variation in performance across languages.

Under Soft PER, ZIPA continues to outperform
WhisperIPA for every language, although the ef-
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Figure 1: Comparison of standard PER and Soft PER across evaluated languages: (ar=Arabic, es=Spanish, fr=French,
tr=Turkish, en=English, bn=Bangla, hi=Hindi, pa=Panjabi, ta=Tamil, te=Telugu, and sn=Shona).
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(a) Standard PER and Soft PER comparison for ZIPA.
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(b) Standard PER and Soft PER comparison for WhisperIPA.

Figure 2: Effect of Soft PER on language-level evaluation for each model.

fect of the soft-equivalence mapping varies con-
siderably across languages. The largest reductions
occur for Spanish and French. For ZIPA, Span-
ish decreases from 0.333 to 0.104 and French de-
creases from 0.586 to 0.402. WhisperIPA shows
similar reductions, with Spanish decreasing from
0.535 to 0.363 and French decreasing from 0.655
to 0.495. English also improves under Soft PER,
particularly for WhisperIPA, while Turkish shows
only a small reduction for ZIPA and a negligible
change for WhisperIPA. In contrast, the values for
Arabic, Bangla, Hindi, Panjabi, Tamil, Telugu, and
Shona remain unchanged. Thus, Soft PER affects
only a subset of the evaluated languages rather than
reducing errors uniformly across the multilingual
evaluation.

Figure 2 presents the effect of Soft PER sepa-
rately for each model. For ZIPA, the reduction is
largest for Spanish and French, smaller for Turk-
ish and English, and absent for the remaining lan-
guages. WhisperIPA follows a similar pattern,
with substantial reductions for Spanish and French,
a smaller reduction for English, and almost no
change for Turkish. The other languages remain
unchanged. Despite these language-specific reduc-
tions, WhisperIPA continues to produce higher er-
ror rates than ZIPA across all languages.

Key Takeaways: Overall, ZIPA consistently out-
performs WhisperIPA across all evaluated lan-
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guages. ZIPA achieves an average standard PER of
0.373, compared with 0.674 for WhisperIPA, corre-
sponding to an absolute difference of 0.301. Under
Soft PER, the averages decrease to 0.333 and 0.639,
respectively, while the absolute difference remains
nearly unchanged at 0.305. Thus, Soft PER low-
ers the aggregate error rates but does not narrow
the performance gap between the models. This
suggests that ZIPA’s advantage is not explained pri-
marily by the phonemically similar substitutions
captured by the current Soft PER mapping.

Considering English, Spanish, and French as
high-resource languages and Hindi, Bangla, Pan-
jabi, Tamil, Telugu, Arabic, Turkish, and Shona
as low-resource languages, average error rates
are higher for the low-resource group. Averaged
across both models, standard PER is 0.565 for low-
resource languages and 0.415 for high-resource
languages, representing a 36.2% relative increase.
Under Soft PER, the corresponding averages are
0.563 and 0.280, producing an absolute difference
of 0.284 and a relative difference of approximately
101%.

The widening relative gap under Soft PER is
driven primarily by the substantial reductions ob-
served for Spanish and French, both of which be-
long to the high-resource group. English also im-
proves, although by a smaller amount. In com-
parison, most low-resource languages remain un-
changed, with only a small reduction for Turk-



ish. One possible explanation is that the AlloVera-
derived equivalence mappings, which prioritize En-
glish when mappings overlap across languages,
do not adequately represent phonemic variation
in many of the low-resource languages. Differ-
ences in model architecture, training objectives,
and multilingual training data may also contribute
to the observed pattern. Overall, Soft PER identi-
fies phonemically similar substitutions in a limited
subset of languages but does not change the model
ranking or reduce the average performance dispar-
ity between the high- and low-resource groups.

4.2 Demographic Performance Evaluation

We next analyze how phoneme recognition per-
formance varies across demographic groups using
CORAAL, EdAcc, SVC, and WAXAL, focusing
on gender, age, ethnicity, and accent/dialect. We
interpret demographic patterns within each dataset
rather than across datasets, since dataset character-
istics may contribute more to performance variation
than the demographic attributes themselves. We
report bootstrap 95% confidence intervals for all
group means shown as error bars in the figures and
test every pairwise group contrast with a Welch’s
t-test. Full pairwise results are reported by demo-
graphic attribute in Tables 6-11 in Appendix A.4.

Gender: Figure 3 presents PER and Soft PER
across gender groups in SVC, EdAcc, WAXAL,
and CORAAL datasets. In SVC, EdAcc, and
CORAAL datasets, male and female speakers ex-
hibit similar error rates, with no consistent direc-
tion of disparity across models or metrics. WAXAL
shows the only significant gender contrast: PER
and Soft PER for ZIPA are significantly higher for
female speakers (+0.067, p < 0.01; Table 6). In
contrast, WhisperIPA shows a larger but not sig-
nificant descriptive gap in the opposite direction
(—0.149), likely reflecting the small male sample
(n = 52). Soft PER lowers absolute error rates
while preserving within-dataset patterns (identical
to PER for WAXAL, since none of its substitutions
fall under the soft-equivalence mapping). Overall,
aside from this single ZIPA effect in WAXAL, the
results show limited evidence of systematic gender-
based disparity.

Age: Figure 4 presents PER and Soft PER across
age groups in SVC, EdAcc, and CORAAL datasets.
In SVC, both models show small absolute differ-
ences across age groups (Figure 4a), though several
are statistically significant: the 42-54 group has
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significantly lower PER than the 17-28 group (all
four metrics, p < 0.05, p < 0.01 for ZIPA) and the
9-16 group (ZIPA PER/Soft PER and WhisperIPA
Soft PER, p < 0.05; Table 8), with no other SVC
pair reaching significance. In EdAcc, ZIPA is sta-
ble across ages, while WhisperIPA peaks for the
45-59 group (Figure 4b); this should be read cau-
tiously, as the group has only five speakers and
none of EdAcc’s three pairwise age contrasts reach
significance (Table 9). CORAAL* shows the clear-
est pattern: the 0—19 group has significantly higher
PER than the 20-29, 30-50, and 51+ groups on
all four metrics (p < 0.01, mostly p < 0.001) and
higher ZIPA PER/Soft PER than the 0-29 group
(p < 0.01), though the WhisperIPA contrast with
0-29 is not significant (p = 0.11, p = 0.13; Ta-
ble 10). No other pair differs significantly. Soft
PER lowers absolute error rates while largely pre-
serving these patterns. Overall, age effects are
dataset-dependent: a robust effect for the youngest
speakers in CORAAL, a modest but significant
effect in SVC’s 42-54 group, and no significant
effect in EdAcc despite a large descriptive gap.

Ethnicity: Figure 5 presents PER and Soft PER
across ethnicity groups in the EdAcc dataset.
“White”, “Asian”, “Black”, and “South Asian”
are possible self-selected ethnicity descriptors in
EdAcc.’ As shown in Figure Sa, WhisperIPA pro-
duces substantially higher error rates than ZIPA
across all groups, consistent with the model-level
differences observed throughout the demographic
evaluation.

Pairwise Welch'’s t-tests (Table 7) show “Black”
speakers have significantly higher PER than “South
Asian” speakers for ZIPA PER, WhisperIPA PER
(+0.157, p < 0.01), and WhisperIPA Soft PER
(+0.144, p < 0.05), and higher PER than “White”
speakers for ZIPA PER and Soft PER (40.074,
+0.054; p < 0.05). No other contrast is significant:
“Asian” speakers show an elevated disparity from
the overall mean (Figure 5b) but are not signifi-
cantly different from any individual group, includ-
ing “Black” speakers. All estimates rest on small
samples (n = 6—23) and should be interpreted ac-
cordingly.

*CORAAL component corpora use nonuniform age bins;
although the speaker groups are disjoint, the source label 0-29
overlaps in range with 0—-19 and 20-29 and may partly capture
subcorpus differences. See the CORAAL User Guide.

5https: //groups.inf.ed.ac.uk/EdAcc/EdAcc_
statement.pdf
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Figure 3: PER and Soft PER comparison by gender across demographic datasets. Bars and numerical labels
represent speaker-level mean error rates. Error bars indicate 95% BCa bootstrap confidence intervals, with percentile
bootstrap intervals used when BCa estimation does not converge or when n < 10.

Accent/Dialect: Figure 6 presents PER and Soft
PER across accent and dialect groups in the SVC
dataset. In SVC, six regional groups—“USA South-
ern”, “USA Western”, “USA Mid-Atlantic”, “USA
Midland”, “USA Inland-North”, and “USA New
England”—represent native speakers of American
English of any racial or ethnic group. The “Asian”
and “Latino” groups represent non-native speakers
from Asia and Latin America who reside in any
region of the USA.

As shown in Figure 6a, most USA regional
groups show similar or slightly below-average
error for both models, while the “Latino” and
“Asian” groups have the highest error, particu-
larly for WhisperlPA — reflecting greater diffi-
culty with accents that differ from SVC’s native
regional varieties. The disparity heatmap (Fig-
ure 6b) and pairwise Welch’s ¢-tests confirm this
is a robust effect (Table 11): “Latino” speakers
have the largest positive disparity from the over-
all mean (4+0.057/4-0.037 ZIPA PER/Soft PER,
+0.063/4-0.034 WhisperIPA), and both “Latino”
and “Asian” speakers have significantly higher PER

48

than nearly every individual USA regional group
(p < 0.001 in most cases). “Latino” speakers are
also significantly higher than “Asian” speakers un-
der ZIPA (40.033, +0.021; p < 0.05), though not
under WhisperIPA. The six USA regional groups
are largely indistinguishable from one another, with
only a handful of pairwise contrasts reaching sig-
nificance. Soft PER reduces the magnitude of these
disparities but preserves the relative pattern, indi-
cating the differences are not fully explained by
the minor phonemic variation captured by the soft-
equivalence mapping.

Key Takeaways: Overall, gender shows limited
evidence of disparity, aside from a small but signif-
icant ZIPA effect in WAXAL. Accent and ethnic-
ity show the most robust effects: in SVC, “Latino”
and “Asian” speakers have significantly higher PER
than nearly every USA regional group across both
models; in EdAcc, “Black” speakers have signif-
icantly higher PER than “South Asian” speakers
(and, for ZIPA, “White” speakers as well), while
“Asian” speakers are not significantly different from
any other group despite an elevated disparity from
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(c) PER and Soft PER by age group for the CORAAL dataset.

Figure 4: PER and Soft PER comparison by age group
across datasets. Bars and numerical labels represent
speaker-level mean error rates. Error bars indicate 95%
BCa bootstrap confidence intervals, with percentile boot-
strap intervals used when BCa estimation does not con-
verge or when n < 10.

the overall mean. Age effects are more dataset-
dependent: a robust elevation for the youngest
speakers in CORAAL, a modest but significant
effect in SVC’s 42-54 group, and no significant ef-
fect in EdAcc despite a large descriptive gap. Sev-
eral estimates rest on small samples and should be
interpreted cautiously. Overall, demographic per-
formance patterns reflect an interaction of model
behavior, dataset characteristics, and group repre-
sentation rather than any single attribute.
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PER vs. Soft PER: Soft PER generally reduces
absolute error rates while preserving the rela-
tive performance patterns observed across demo-
graphic groups. If the disparities measured by stan-
dard PER were driven primarily by phonologically
similar substitutions, including variations associ-
ated with accents or dialects, applying the soft-
equivalence mapping would be expected to narrow
the gaps between groups substantially. Instead,
the persistence of similar group-level patterns un-
der both metrics suggests that the observed differ-
ences also involve recognition errors not covered
by the current mapping. The limited effect of Soft
PER may additionally reflect incomplete coverage
of demographic and cross-lingual phonemic varia-
tion within the equivalence classes. In this evalu-
ation, standard PER and Soft PER therefore lead
to broadly similar qualitative conclusions about rel-
ative group performance. Standard PER remains
useful for comparison with prior work, whereas
Soft PER provides a complementary measure for
examining how acceptable phonemic variation con-
tributes to the reported error rates.

5 Conclusion

In this work, we evaluate bias and performance
variation in IPA-based phoneme recognition mod-
els across languages and speaker demographics.
We compare two open-source IPA transcription
systems, ZIPA and WhisperIPA, using both stan-
dard PER and a proposed Soft PER metric that re-
duces penalties for linguistically similar phoneme
substitutions. Across the multilingual evaluation,
ZIPA consistently achieves lower error rates than
WhisperIPA, while both models show substantial
variation across languages. This performance gap
may be partly attributable to differences in model
architecture, training objective, and training data
scale. Although Soft PER reduces absolute er-
ror rates for several languages, it does not remove
cross-lingual performance disparities or change the
overall model ranking. This indicates that some
standard PER errors reflect acceptable phonemic
variation, but that meaningful language-level dif-
ferences remain even under relaxed matching.
The demographic evaluation also shows that
the performance variation is not uniform across
speaker identity characteristics. Gender-based dif-
ferences are small and largely inconsistent across
datasets and models, with one exception: ZIPA
shows a small but statistically significant gender
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Figure 5: PER, Soft PER, and group-level disparity by ethnicity for the EdAcc dataset. Bars and numerical labels
represent speaker-level mean error rates. Error bars indicate 95% BCa bootstrap confidence intervals, with percentile
bootstrap intervals used when BCa estimation does not converge or when n < 10.
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effect in WAXAL. Accent and ethnicity show the
most robust effects: in SVC, “Latino” and “Asian’
speakers have significantly higher PER than nearly
every USA regional group across both models,
while in EdAcc, “Black” speakers have signifi-
cantly higher PER than “South Asian” speakers,
and, for ZIPA specifically, than White speakers
as well; “Asian” speakers, despite an elevated dis-
parity from the overall mean, are not significantly
different from any individual ethnicity group un-
der pairwise testing. Age effects are more dataset-
dependent, with a robust elevation for the youngest
speakers in CORAAL, a modest but significant ef-
fect in SVC’s 42-54 group, and no statistically sig-
nificant effect in EdAcc despite a large descriptive
gap for its smallest age group. Across demographic
attributes, Soft PER lowers absolute error rates but
generally preserves relative group-level patterns,
suggesting that observed disparities are not fully

>
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explained by minor phonemic variation alone.

Overall, our findings show that [PA-based ASR
systems exhibit demographic and language-level
disparities in measured PER. However, these dis-
parities are measured against G2P references,
which may not capture legitimate pronunciation
variation and can conflate differences in realized
pronunciation with ASR error. Although phoneme-
based representations provide a promising foun-
dation for low-resource and multilingual speech
technologies, their performance can still vary sub-
stantially between languages, accents, and demo-
graphic groups. These results highlight the need for
more careful evaluation of phoneme-level ASR sys-
tems, richer demographic and sociophonetic bench-
marks, and evaluation metrics that distinguish gen-
uine recognition errors from acceptable pronuncia-
tion variation.



Limitations

The key limitation of phoneme-level evaluation is
the reliance on auto-generated IPA ground truth, be-
cause of the high cost of specialized manual phone-
mic annotation. Unlike orthographic transcriptions,
phonemic annotations depend on G2P conversion
and forced alignment, which can introduce system-
atic noise and model bias in the ground truth. Be-
cause our pipeline converts written transcripts into
IPA representations, the resulting “ground truth”
often reflects standardized pronunciation, which
can encode biases of what constitutes “correct”
speech into our analysis (Vythelingum et al., 2017;
MacKenzie and Turton, 2020). This issue will nat-
urally increase the error rates for accented speech,
dialectal variation, and non-canonical pronuncia-
tions, where no single canonical phonemic form
may exist (Fatema et al., 2024). Even with a soft-
ened PER, it may reflect annotation artifacts rather
than true model error. Addressing this limitation
may require future evaluation frameworks that uti-
lize expert-validated phonemic annotations.

Our Soft PER hopes to partially mitigate sen-
sitivity to annotation noise. While this acts as a
necessary smoothing, it introduces a tradeoff be-
tween linguistic fidelity and metric standardiza-
tion. Our definition of Soft PER may not be di-
rectly comparable to standard PER or WER, lim-
iting cross-study comparability. Additionally, the
equivalence mapping relies on English-prioritized
relations when a surface phone appears across mul-
tiple languages. Although this provides a consis-
tent normalization strategy, it may bias the metric
toward English phonological interpretations and
over-normalize distinctions that remain contrastive
in other languages. Future work should explore
language-adaptive mappings that better preserve
cross-lingual phonological variation.

The analysis is further constrained by the demo-
graphic metadata available in the evaluated datasets.
These categories do not capture finer sociophonetic
variation such as code-switching, intra-speaker vari-
ability, or regional micro-dialects. In addition,
certain demographic groups are underrepresented,
which may limit the statistical robustness and gen-
eralizability of the results. Future work could ad-
dress this by incorporating or creating a dataset
with richer sociolinguistic annotations optimized
for multilingual analysis to better understand the
relationship among different dimensions.

Finally, while IPA provides a more fine-grained
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representation of speech than grapheme-based tran-
scription, it is an abstract acoustic representation.
There is ongoing debate in linguistics regarding
the extent to which phonemic representations can
fully capture gradient phonetic variation (Malla-
band, 2024; Mitterer et al., 2018). Dialectal vari-
ation and allophonic realizations may not be fully
represented within standardized IPA inventories,
which may further influence both the accuracy of
the ground truth and evaluation results (Fatema
et al., 2024). Hybrid evaluation frameworks in the
future that jointly leverage phonemic representa-
tions and acoustic similarity measures could po-
tentially provide a more accurate representation of
ASR performance across diverse demographics.
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A Appendix
A.1 Dataset Details

Table 1 summarizes the multilingual speech
datasets used for cross-lingual evaluation, includ-
ing the languages represented in each dataset
and the dataset split used for analysis. Together,
these datasets support evaluation across both high-
resource and lower-resource languages.

Table 2 provides a detailed summary of the
English-language datasets and the speaker-level
demographic metadata available in each dataset.
These metadata fields, including age, gender, eth-
nicity, accent, and dialectal region, are used to eval-
uate whether IPA-based ASR models exhibit sys-
tematic performance variation across demographic
groups.

A.2 TIPA Transcription Post-Processing

To ensure that the evaluation focused on phonemic
correspondence rather than superficial transcrip-
tion differences, we apply the same normalization
procedure to both the G2P-generated ground-truth
IPA transcriptions and the model-generated outputs
before computing PER and Soft PER as described
in Table 3. The normalization rules are designed
to reduce variation caused by stress notation, [PA
symbol variants, tokenization conventions, and for-
matting artifacts, while preserving the underlying
phone sequence as much as possible.

After applying these transformations, the nor-
malized phone strings were re-tokenized into
whitespace-separated phone sequences. This pro-
duced a consistent representation across reference
and generated outputs, reducing the impact of or-
thographic IPA variants and tokenization artifacts
on downstream evaluation.

A.3 Soft PER Details

Table 4 lists the transitive phonetic equivalence
classes used in the first tier of Soft PER. These
classes group phones that are treated as interchange-
able during evaluation, allowing the metric to avoid
penalizing substitutions that correspond to linguis-
tically similar or allophonic variants. The Tier 1
mapping is applied universally across languages
and is intended to capture broad phonemic vari-
ation that should not necessarily be counted as a
recognition error.

The Tier 1 equivalence classes are constructed
from two sources of phonetic similarity. First,
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language-specific allophonic mappings are derived
from AlloVera, which links surface phones to
canonical phonemes across multiple languages.
Second, articulatory feature representations from
PHOIBLE are used to identify canonical phonemes
that differ by only one articulatory feature. These
phones are merged into shared transitive classes,
producing a mapping that spans 62 equivalence
classes and 254 phones. During Soft PER compu-
tation, substitutions within the same Tier 1 class
receive zero penalty, allowing the metric to bet-
ter distinguish substantial recognition errors from
acceptable phonetic variation.

Table 5 lists the language-specific non-transitive
similarity pairs used in the second tier of Soft PER.
Unlike the Tier 1 classes, these pairs are not merged
into broader equivalence classes. Instead, they
capture cases where the same surface phone cor-
responds to different canonical phonemes across
languages. This allows Soft PER to recognize
language-specific pronunciation overlap without
incorrectly making all connected phonemes glob-
ally interchangeable.

The Tier 2 mapping is also derived from
AlloVera. When a surface phone maps to different
canonical phonemes in different languages, the cor-
responding canonical phonemes are recorded as a
direct similarity pair. During evaluation, these pairs
are applied only when relevant to the target lan-
guage. Substitutions covered by Tier 2 receive zero
penalty, but the relation remains non-transitive; for
example, if two separate language-specific map-
pings relate one phone to two different phones, Soft
PER does not automatically treat those two phones
as equivalent to each other. This design preserves
language-specific phonological distinctions while
still reducing penalties for acceptable cross-lingual
or allophonic variation.

A.4 Pairwise Welch’s ¢-test Details

Tables 6-11 report pairwise comparisons of
speaker-level PER between demographic groups
within each dataset, for the demographic attributes
examined in Section 4.2: gender, age, ethnicity, and
accent/dialect. For every pair of groups within a de-
mographic attribute, we compute the difference in
group-mean PER (row minus column) and test the
difference using a two-sided Welch’s ¢-test. This
is reported separately for ZIPA and WhisperIPA,
under both standard PER and Soft PER.

In each table, the reported value is the point-
estimate difference in speaker-level mean PER be-



Table 1: Dataset Metadata and Speech Characteristics

Dataset Languages / Varieties Subset! Collection Speech Style Recording  Environ-
Period ment
Fleurs_IPA English, Hindi, Bangla, Test 2020-2022 Read speech (utterance- Unedited original record-
Panjabi, Tamil, Telugu level) ings
MediaSpeech ~ Arabic, French, Span- N/A 2020 Read and spontaneous YouTube broad-
ish, Turkish speech casts/channels
Waxal Shona Train Jan. 2021- Natural, spontaneous Natural environments
Mar. 2024 speech
EdAcc English Test 2023 Naturalistic, spontaneous ~Zoom recordings
interactions
SvC English Train 2024 Read speech Clean, close-field envi-
ronments
CORAAL African American En- Train 2023 Sociolinguistic ~ inter- Unedited original record-
glish views ings
T Dataset partition used for bias evaluation.
Table 2: Dataset Languages and Demographic Attributes
Dataset Language(s) Demographic Attributes
WAXAL Shona gender
EdAcc English gender, year_of_birth, ethnicity, education, 11, 12, accent,
english_since, countries_lived, lang_home, lang_friends
SVC Bias Assessment English age_group, gender, dialectal_region

CORAAL African American English

city, se_group, age_group, gender

tween the row groups and column groups. A posi-
tive value indicates that the row group has a higher
(worse) mean PER than the column group.

Group-level means and their 95% confidence
intervals, computed using bias-corrected and ac-
celerated (BCa) bootstrap with 10,000 resamples
(percentile intervals when a group contains fewer
than 10 speakers or when the BCa procedure does
not converge), are the same estimates used for the
error bars in the demographic performance figures
in Section 4.2.
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Table 3: Normalization rules applied to both ground-truth IPA transcriptions and model-generated outputs prior to

evaluation.

Category

Normalization behavior

Stress marks

Length marks

Primary and secondary stress marks, such as ' and ,, were removed.
Length markers, including :, -, and the ASCII colon :, were removed.

Rhotics

Rhotic consonants such as 1, 1, B, and B were mapped to r. Rhotic vowels such as 2
and 3 were expanded to o r and er, respectively. Rhoticity marks, such as o, were also
normalized to a vowel followed by .

Diphthongs

Joined diphthong symbols were tokenized as separate phone sequences. For example,
er was normalized to e 1.

Affricates

Joined and tie-barred affricates were tokenized as separate phones. For example, t[, tf,
and f were normalized to t .

Token separators

Whitespace, SentencePiece markers such as _, hyphens, slashes, and similar separators
were collapsed into phone-token boundaries.

Combining marks

Separated combining marks were attached to the preceding phone. For example, a ~
was normalized to a.

Symbol choices

Common spelling variants were standardized. For example, ASCII g was normalized to
IPA g, and dark-/ variants such as I¥, I, and separated 1 ¥ were normalized to .

Table 4: Phonetic Transitive Equivalence Classes (Tier 1).

Index Representations
0 b, p’
1 bbb
2 d3d3
3 d, d
4 €, ¢
5 k\’\'7’ k’\’\’
6 k, 'k
7000
8 pf, f)%
9 ts, ts
10 te fe
1t
12 v
13 t, 7t
14 v,V
15 Xj, gj
16 0,7
17  aa
18 ¢, el
19 9.9
20 o, d
21 u,Y
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Table 5: Language Specific Non-Transitive Pairs (Tier 2).

Ph 1 Ph 2 L 2 Phoneme 1 Phoneme 2 Language

a a: jpn, tur a ® deu, eng

a cmn, eng a b} eng, jav

a 9 eng, rus a € cmn, eng

a v eng, rus a: a deu, eng

b bl jpn, rus b p amh, eng, kaz, rus, spa
b v spa, tur b p rus

d d3 ita, tgl d t eng, kaz, rus, vie
d 0 eng, spa d q spa, tgl

d t rus d3 ts ita, tgl

d3 3 amh, eng, ita, tgl e e deu, eng, jpn, tur
e i eng, tgl e x eng, tur

e e deu, eng e 1 eng, tgl

e v cmn, eng h T fra, kaz

h X deu, tur h ¢ deu, jpn

i i deu, eng, jpn, tur i £ eng, tgl

i I deu, eng j y eng, jpn

j ¢ deu, rus, spa j i} cmn, fra

j I eng j £ deu, spa

k q eng, jav k X deu, tgl

k g amh, deu, eng, kaz, rus k gj rus

m m jpn, rus m n eng, ita

m i} eng, ita, tgl m n eng, fra, ita

n i} eng, spa, tgl n n eng, fra, ita

o ol deu, eng o u eng, tgl

o 2 eng o U eng, tgl

P pj jpn, rus P q jpn, vie

q T fra, kaz q s eng, jpn

T X deu, fra, kaz, spa T 1 eng, spa

r q jpn, spa, tgl T J eng, kaz

T 3 eng, kaz S Z amh, deu, eng, kaz
s ) eng, tgl S 0 eng, spa

t tf spa, tgl ts tf spa, tgl

ts 4 ita, jpn u ur deu, eng, jpn, tur
u w eng, ita u i jpn, rus

u v deu, eng w [ eng

X g rus, spa y yi deu, fra

[0} o} deu, fra [} '3 deu, fra

i} n eng, ita 2 9 amh, eng

) e amh, eng g u tgl, tur

i I amh, eng i m rus, vie

i v amh, eng 1 q eng, tgl

) eng, kaz £ 3 eng, spa

Table 6: Gender bias analysis across all four demographic datasets. Values represent the difference in speaker-level
mean PER between the row and column groups (row — column). Statistically significant difference in mean between
two groups via Welch’s t-test is shown as: *: p < 0.05; *: p < 0.01; * * *x: p < 0.001. Positive values indicate
higher PER for the first-listed group.

Dataset Groups ZIPA PER ZIPA Soft PER  Whisper PER  Whisper Soft PER
Svc Female vs Male +0.001 +0.001 -0.001 +0.000
EdAcc Female vs Male -0.017 -0.012 +0.028 +0.028
WAXAL Female vs Male ~ +0.067%* +0.067** -0.149 -0.149
CORAAL Female vs Male -0.025 -0.019 +0.011 +0.015
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Table 7: Ethnicity bias analysis on the EdAcc dataset. Values are the difference in speaker-level mean PER between
the row and column groups (row — column). Statistically significant difference in mean between two groups via
Welch’s ¢-test is shown as: *x: p < 0.05; **: p < 0.01; %% *: p < 0.001. Positive values indicate higher PER for the
first-listed group.

Black  South Asian White

ZIPA PER Asian -0.038 +0.044 +0.036
ZIPA Soft PER -0.023 +0.039 +0.031
Whisper PER -0.010 +0.147 +0.075
Whisper Soft PER +0.004 +0.148 +0.071
ZIPA PER Black +0.082* +0.074*
ZIPA Soft PER +0.062 +0.054*
Whisper PER +0.157%%* +0.085
Whisper Soft PER +0.144* +0.067
ZIPA PER South Asian -0.008
ZIPA Soft PER -0.008
Whisper PER -0.072
Whisper Soft PER -0.077

Table 8: Age-group bias analysis on the SVC dataset. Values are the difference in speaker-level mean PER between
the row and column groups (row — column). Statistically significant difference in mean between two groups via
Welch’s ¢-test is shown as: *x: p < 0.05; **: p < 0.01; % % x: p < 0.001. Positive values indicate higher PER for the
first-listed group.

17-28 29-41 42-54 55-100

ZIPA PER 9-16 -0.005  +0.001  +0.014*  +0.007
ZIPA Soft PER -0.004  +0.002  +0.011**  +0.005
Whisper PER -0.004  +0.005 +0.019 -0.006
Whisper Soft PER +0.001  +0.008  +0.016*  -0.003
ZIPA PER 17-28 +0.006  +0.019**  +0.012
ZIPA Soft PER +0.006  +0.015*%*  +0.009
Whisper PER +0.009  +0.023*  -0.002
Whisper Soft PER +0.007  +0.015*  -0.004
ZIPA PER 29-41 +0.013 +0.006
ZIPA Soft PER +0.009 +0.003
Whisper PER +0.014 -0.011
Whisper Soft PER +0.008 -0.011
ZIPA PER 42-54 -0.007
ZIPA Soft PER -0.006
Whisper PER -0.025
Whisper Soft PER -0.019

Table 9: Age-group bias analysis on the EdAcc dataset. Values are the difference in speaker-level mean PER
between the row and column groups (row — column). Statistically significant difference in mean between two
groups via Welch’s ¢-test is shown as: *: p < 0.05; **: p < 0.01; * * *: p < 0.001. Positive values indicate higher
PER for the first-listed group.

3044  45-59
ZIPA PER 18-29  +0.006 +0.024
ZIPA Soft PER +0.008  +0.021
Whisper PER +0.079  -0.063
Whisper Soft PER +0.087  -0.057
ZIPA PER 3044 +0.018
ZIPA Soft PER +0.013
Whisper PER -0.142
Whisper Soft PER -0.144
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Table 10: Age-group bias analysis on the CORAAL dataset. Values are the difference in speaker-level mean PER
between the row and column groups (row — column). Statistically significant difference in mean between two
groups via Welch’s ¢-test is shown as: *: p < 0.05; *x: p < 0.01; * * *: p < 0.001. Positive values indicate higher
PER for the first-listed group.

0-29 20-29 30-50 51+
ZIPA PER 0-19  +0.094%*  +0.092***  +0.099%%*  +0,085%**
ZIPA Soft PER +0.073**  +0.070%*%*  +0,077%**  +0.067***
Whisper PER +0.104  +0.159%%*%  +0.131%%%  +0.122%%*
Whisper Soft PER +0.096  +0.152%%%  +0.120%*  +0.112%%*
ZIPA PER 0-29 -0.002 +0.005 -0.009
ZIPA Soft PER -0.003 +0.004 -0.006
Whisper PER +0.055 +0.027 +0.018
Whisper Soft PER +0.056 +0.024 +0.016
ZIPA PER 20-29 +0.007 -0.007
ZIPA Soft PER +0.007 -0.003
Whisper PER -0.028 -0.037
Whisper Soft PER -0.032 -0.040
ZIPA PER 30-50 -0.014
ZIPA Soft PER -0.010
Whisper PER -0.009
Whisper Soft PER -0.008

Table 11: Accent/dialect bias analysis on the SVC dataset. Region names abbreviated (Inland-N.=USA Inland-North,
Mid-Atl.=USA Mid-Atlantic, New Eng.=USA New England). Values are the difference in speaker-level mean PER
between the row and column groups (row — column). Statistically significant difference in mean between two
groups via Welch’s ¢-test is shown as: *: p < 0.05; *x: p < 0.01; * * *: p < 0.001. Positive values indicate higher
PER for the first-listed group.

Latino Inland-N. Mid-Atl. Midland New Eng. Southern Western

ZIPA PER Asian -0.033%%  +0.038*#%  +0,039%#%  +0.035%%*  +0.040%**  +0.029%*  +0.036***
ZIPA Soft PER -0.021%  40.023***  40.025%**  40.022%**  +0,026%*F  +0.018**  +0.024***
Whisper PER -0.020  +0.058*#%  +0.066%**  +0.058%**  +0.064%**  +0.049%**  4+(,058***
Whisper Soft PER -0.007 +0.035%*  +0.041%%%  +0.035%*  +0.039%*  +0.029%*  +0.035%*
ZIPA PER Latino +0.071#*%  4$0.,072%**  +0.068***  +0.073%%F  +0,062%%*  +0.069%**
ZIPA Soft PER +0.044%**  +0,046***  +0.043%**  +0.047%FF  4+0.039%FF  +0,045%**
Whisper PER +0.078***  +0.086***  +0.078***  +0.084**F*F  +0.069%F*  +0.078%**
Whisper Soft PER +0.042%**  +0,048***  +0.042%**  +0.046%*F  +0.036%*F  +0.042%%*
ZIPA PER Inland-N. +0.001 -0.003 +0.002 -0.009 -0.002
ZIPA Soft PER +0.002 -0.001 +0.003 -0.005* +0.001
Whisper PER +0.008 +0.000 +0.006 -0.009 +0.000
Whisper Soft PER +0.006 +0.000 +0.004 -0.006 +0.000
ZIPA PER Mid-Atl. -0.004 +0.001 -0.010 -0.003
ZIPA Soft PER -0.003 +0.001 -0.007* -0.001
Whisper PER -0.008 -0.002 -0.017* -0.008
Whisper Soft PER -0.006 -0.002 -0.012 -0.006
ZIPA PER Midland +0.005 -0.006 +0.001
ZIPA Soft PER +0.004 -0.004 +0.002
Whisper PER +0.006 -0.009 +0.000
Whisper Soft PER +0.004 -0.006 +0.000
ZIPA PER New Eng. -0.011 -0.004
ZIPA Soft PER -0.008* -0.002
Whisper PER -0.015 -0.006
Whisper Soft PER -0.010 -0.004
ZIPA PER Southern +0.007
ZIPA Soft PER +0.006
Whisper PER +0.009
Whisper Soft PER +0.006
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Abstract

GPTQ and similar calibration-based quantiza-
tion methods tune their rounding to a small cal-
ibration sample, in practice usually convenient,
native-accented read speech. Edge devices dis-
proportionately run quantized models, so the
speakers most likely to depend on the com-
pressed model are often the ones calibration
represented least. Compression is known to am-
plify bias in text LLMs and across languages
in multilingual speech models, but whether it
does so within a single language, between na-
tive and non-native accents, in a modern speech
LLM, remains untested. We quantize the LLM
backbone of Qwen2-Audio-7B-Instruct with
GPTQ, hold the recipe fixed and vary only
which EdAcc speakers fill the calibration set
(native-only, balanced, L2-only), measuring
the native-vs-L2 word error rate (WER) gap
at matched overall WER. We expected native-
only calibration to widen the gap and balanced
calibration to close it. Instead, homogeneous
calibration, native-only or L2-only, narrows
the gap while balanced calibration does almost
nothing. It recurs when we quantize the audio
encoder, weakens at 3-bit and collapses at 2-bit.

1 Introduction

Post-training quantization (PTQ) methods such
as GPTQ (Frantar et al., 2023) and AWQ (Lin
et al., 2024) fit their scaling and channel-protection
decisions to a small calibration sample, usually
a few hundred examples. Whoever assembles
that sample tends to reach for whatever is con-
venient, which usually skews toward majority,
native-accented, read speech. That matters because
resource-constrained and edge devices dispropor-
tionately run compressed models, so the group
most likely to receive the compressed model is
often the group calibration represented least.
Compression amplifying bias is already estab-
lished for text LLMs (Marcuzzi et al., 2026; Rath
and Maliakkal, 2026) and for language identity in
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multilingual, multitask speech-model compression
(Ferraz, 2024). Calibration-set composition is like-
wise known to affect PTQ and pruning accuracy
in general (Williams and Aletras, 2024). What
nobody has tested is a demographic axis within
a single language, native versus non-native (L2)
accent, in a speech LLM rather than a classical
ASR system. Even if such a gap moves, it is worth
asking why, whether it is the calibration popula-
tion itself or just degradation from compression in
general.

This paper does three things. First, we quantize
Qwen2-Audio-7B-Instruct’s LLM backbone to 4-
bit, 3-bit and 2-bit with GPTQ and track the native-
vs-L2 WER gap on EdAcc (Sanabria et al., 2023),
a corpus of accented conversational English. Sec-
ond, holding the quantizer and the calibration size
fixed, we swap only which speakers’ audio fills the
calibration set (native-only, balanced, L2-only), so
that matched overall WER across conditions serves
as an aggregate-WER control: if overall WER does
not move across conditions, whatever happens to
the gap can be attributed to calibration composi-
tion rather than to one condition being compressed
harder. Third, we characterise a small, directionally
consistent effect at 4-bit and show that the same
manipulation on the mechanistically distinct audio
encoder points the same way, which we read as
convergent evidence rather than a strict replication.
The direction of the effect is the opposite of what
we expected. That reversal is the central finding.

2 Related Work

The closest prior work is Ferraz (2024), who show
that multitask, multilingual Whisper compression
produces disparity across languages. We differ in
modality (a speech LLM, not classical ASR), axis
(demographic accent within one language, not lan-
guage identity) and design (an explicit calibration-
composition swap at matched overall WER, not a
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compression-language correlation). Marcuzzi et al.
(2026) and Rath and Maliakkal (2026) show quan-
tization reshapes bias and alignment in text LLMs
differently across precision levels, part of why we
sweep bit-widths rather than testing one. Williams
and Aletras (2024) shows calibration-data choice
affects PTQ and pruning accuracy generally, sup-
porting the mechanism we test, though without a
fairness axis.

3 Method

3.1 Model and quantization targets

Qwen2-Audio-7B-Instruct (Chu et al., 2024) has
8.40B parameters, which by our count split
into an audio encoder (audio_tower, 7.6%),
a small projector (0.1%), an LLM decoder
(language_model, 84.7%) and an output head
(1m_head, 7.6%). Our primary condition quan-
tizes only language_model (the backbone)
and freezes everything else at FP16. A mirror-
image condition instead quantizes audio_tower
and the projector, the encoder condition, freez-
ing the LLM decoder and 1m_head. Because
the frozen components still run during calibra-
tion, the backbone Hessian is computed from real
accent-conditioned post-encoder activations rather
than any hand-rolled embedding capture, and the
same is true in reverse for the encoder condi-
tion. We run GPTQ (Frantar et al., 2023) through
the 11m-compressor library (Al and vLLM
Project, 2024) with symmetric int weights and a
group size of 128, at W4/W3/W2 for the backbone
and W4 for the encoder. The library has no named
preset for 3-bit or 2-bit, so we built the scheme by
hand, keeping the same shape as the W4 preset and
changing only the bit-width. We also use the li-
brary’s non-sequential calibration pipeline instead
of its default error-propagating one, because the
default pipeline’s graph-tracing calibration path is
not compatible with this model’s forward pass.

3.2 Data and grouping

We evaluate on the validation split of EdAcc
(Sanabria et al., 2023), the corpus’s own dev por-
tion, 9,848 utterances from 62 speakers speaking
conversational English with a range of accents. Ev-
ery speaker carries a first-language field (11), ei-
ther one of 8 English varieties (Southern British
English, Indian English, Jamaican English and so
on) or one of 21 non-English languages (Spanish,
Mandarin, Arabic and others). The two never over-
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lap, so every speaker falls unambiguously on one
side. We call a speaker native if their first lan-
guage is one of the English varieties (23 speakers,
3,706 utterances) and L2 if English came later (39
speakers, 6,142 utterances). These labels are about
language background, not skill, so an L2 speaker
here is not assumed to be less fluent, only accented
by a first language other than English. This na-
tive/L2 split, and the gap in transcription accuracy
between the two groups, is the central quantity the
paper measures.

Before scoring we drop 191 utter-
ances that would otherwise distort the
gap. Of these, 62 carry EdAcc’s

IGNORE_TIME_SEGMENT_IN_SCORING
marker and 129 have a reference transcript that is
only a non-speech tag such as <LAUGH>. Scoring
either kind would count as a spurious error, and if
such tags occur more for one group than the other
that noise would land unevenly and distort the
native/L2 gap itself rather than adding harmless
noise equally to both sides.

3.3 Calibration conditions

For each condition, native, balanced and L2, we
select 128 calibration utterances, sampling round-
robin across speakers within the eligible group so
that no single speaker dominates the calibration
Hessian. The native and L2 conditions draw all
128 from their group. Balanced splits them 64/64.
Everything else about the GPTQ setup is identi-
cal across conditions. Because overall WER is
matched across the three W4 (or W3) conditions,
that match acts as an aggregate-WER control, so
any resulting gap movement cannot be attributed to
one condition being compressed more severely than
another. At W4 this is not a degradation control,
since overall WER sits at or below FP16 (0.331—
0.332 vs 0.336), so the conditions are matched to
each other rather than degraded from full precision.
Matched aggregate WER need not mean matched
per-group behaviour, so we also report group-wise
WER below.

3.4 Metrics

We report corpus-level WER per group, the to-
tal edit distance over total reference words rather
than a mean of per-utterance rates. Two quan-
tities carry the analysis. The gap is WER(L2)
minus WER(native), how much worse the model
transcribes L2 speakers than native speakers for a
given model. The Agap is gap(quantized) minus



gap(FP16), how much quantization changes that
gap relative to full precision, so a negative Agap
means quantization narrowed the native-vs-L2 gap.

Confidence intervals come from a speaker-
clustered bootstrap (2,000 resamples) that draws
speakers with replacement rather than utterances,
since utterance counts per speaker range from
27 to 434. The bootstrap is stratified by group.
Each replicate draws the 23 native and the 39
L2 speakers with replacement separately, preserv-
ing each group’s size. Corpus-level edit distance
and reference-word counts are then summed over
the drawn speakers (a speaker drawn k times con-
tributes k£ times). For Agap and the direct condition
contrasts we pair the resampling, applying the same
speaker draw to both files, since both are scored
on identical utterances. Pairing cancels speaker-
specific noise common to both and gives a tighter
estimate than treating them as independent.

The intervals do the inferential work here. The
effects are small in absolute terms, the gap and
its movement both on the order of a single WER
point, comparable to the wobble a different draw
of 62 speakers could produce on its own. A bare
point estimate like Agap = —0.010 says nothing
about how much it would shift under a different
speaker sample, so throughout we treat an effect
as real only when its 95% interval excludes zero
rather than reading into the sign or size of a point
estimate alone.

For reproducibility, GPTQ runs through the
llm-compressor library (Al and vLLM
Project, 2024) and WER is scored with jiwer. We
report word error rate rather than the related MER
or WIL measures (Morris et al., 2004). Decoding is
greedy and the inference prompt is “Transcribe the
English audio to text. Output only the transcription,
with no punctuation or capitalization.”

4 Results

The FP16 baseline (Table 1) has overall WER 0.336
(native 0.330, L2 0.341), a small native-vs-L2
gap of +0.011 whose 95% CI [—0.038, 4-0.062]
already crosses zero given only 23 native speak-
ers. We therefore rely on the tighter paired Agap
rather than each condition’s raw gap CI for the
headline comparisons. At W4 overall WER is
tightly matched across the three backbone condi-
tions (0.331-0.332) and the three encoder condi-
tions (0.333-0.339), so the aggregate-WER control
holds and any movement in the gap is not just one
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Effect of calibration-set composition on the accent-WER gap
(speaker-clustered paired bootstrap, 95% ClI; blue = excludes zero)

Backbone W4 -- native -
Backbone W4 -- balanced - B S——

Backbone W4 -- 12 4

Backbone W3 -- native q
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Backbone W3 -- 12 -

Encoder W4 -- native - —_—

Encoder W4 -- balanced - _—

Encoder W4 -- 12 4

T T T T T T T
—0.025 -0.020 -0.015 -0.010 -0.005 0.000 0.005 0.010
Agap = gap(quantized) — gap(FP16) [L2—native WER, corpus-level]

Figure 1: Agap by calibration condition, target and bit-
width. Blue intervals exclude zero.

condition being compressed harder. Figure 1 plots
Agap with its paired CI for every condition. Ta-
ble 1 is the paper’s primary evidence. It reports
the corpus-level gap and how much quantization
moves it. Table 2 is diagnostic rather than a second
headline result. It decomposes that same move-
ment into each group’s own WER, native and L2
scored separately, to check what is driving the gap
rather than just that it moved.

Two results stand out. At W4, native-only cali-
bration narrows the gap relative to FP16 in both the
backbone (—0.0104, CI [-0.0206, —0.0011]) and
the encoder (—0.0109, CI [—0.0202, —0.0021}),
the opposite of what we expected if the field’s de-
fault calibration population were what widens dis-
parity. L2-only calibration moves the same way in
the backbone (—0.0091, CI [-0.0188, —0.0005)),
with a similar but non-significant estimate in the en-
coder. Balanced calibration is the condition closest
to no effect in both targets (4-0.0012 and —0.0058,
both ClIs crossing zero), which is not the fix we
expected balancing to be. The pattern is not an ar-
tifact of one component, appearing in the same di-
rection and roughly the same magnitude across two
mechanistically different targets, a decoder stack
and an acoustic encoder. Because those are differ-
ent mechanisms rather than the same experiment
re-run, we read the encoder result as convergent
evidence for the backbone finding, not an indepen-
dent replication. We treat the W4 Agap and the
direct contrasts as primary analyses. The per-group
breakdown and the macro-weighted check below
are secondary evidence that the effect is not an arti-
fact of corpus-level weighting or leveling-down.

The narrowing is not leveling-down. A gap can
close two ways, the worse-off group improving or



Target Condition Bits Overall WER  Gap (L2—native)  Agap vs. FP16 [95% CI]

- FP16 16 0.336 +0.011 -

Backbone native 4 0.332 +0.000 —0.0104 [—0.0206, —0.0011]
Backbone  balanced 4 0.331 +0.012  40.0012 [—0.0083, +0.0104]
Backbone L2 4 0.332 +0.002  —0.0091 [—0.0188, —0.0005]
Backbone native 3 0.339 +0.005 —0.0062 [—0.0165, +0.0039]
Backbone  balanced 3 0.347 +0.008  —0.0027 [—0.0136, +0.0077]
Backbone L2 3 0.341 +0.000 —0.0105 [—0.0258, +0.0039]
Backbone native 2 1.913 +0.131  40.1167 [—0.1516, +0.3708]
Backbone balanced 2 2.515 +0.173  +0.1587 [—0.2668, +0.5670]
Backbone L2 2 1.801 +0.031  40.0129 [—0.2349, +0.2601]
Encoder native 4 0.333 +0.000 —0.0109 [—0.0202, —0.0021]
Encoder balanced 4 0.335 +0.005 —0.0058 [—0.0145, 40.0027]
Encoder L2 4 0.339 +0.004  —0.0067 [—0.0187, +0.0043]

Table 1: All conditions. Gap and Agap are corpus-level WER(L2)—WER(native); CIs are a paired, speaker-clustered
bootstrap (2,000 resamples). W2 rows are reported for completeness but reflect uninterpretable transcription collapse,

not a meaningful accent-specific effect.

the better-off group being dragged down to meet it.
Table 1 shows only the net effect, gap(condition)
minus gap(FP16), and cannot tell these two apart.
Table 2 can. It gives each group’s own WER and
its paired bootstrap change from FP16. At W4 the
gap closes the good way: L2 WER falls (backbone
native —0.0088, backbone L2 —0.0080, encoder
native —0.0072, all 95% Cls excluding zero) while
native WER does not significantly rise (all three
ANative CIs cross zero). Homogeneous calibration
improves the worse-off group rather than equal-
ising by regression. The one place both groups
worsen together is W3 balanced, consistent with
the shakier W3 aggregate-WER control.

Direct contrasts between conditions. Testing
each condition against FP16 leaves the key com-
parison implicit, so we also contrast the conditions
directly as gap(A) minus gap(B) under the same
paired bootstrap. At W4 backbone each homoge-
neous condition differs significantly from balanced.
Native calibration narrows the gap by 0.0119 more
than balanced (CI [—0.0199, —0.0042]) and L2
calibration by 0.0102 more than balanced (CI
[—0.0182, —0.0030]), while native and L2 do not
differ from each other (0.0015, CI crossing zero).
What moves the gap is calibration homogeneity,
not which population it is homogeneous in. At W3
and on the encoder no direct contrast clears zero,
consistent with the effect weakening away from
the W4 backbone. The direction is also unchanged
under equal-weight-per-speaker (macro) weight-
ing, where the FP16 macro gap (+0.0237) is about
twice the corpus gap (+0.0110), so the per-speaker
disparity is larger than the word-weighted headline
suggests.
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Robustness across calibration draws. Every-
thing above rests on one calibration draw. We re-
drew the 128-utterance set under two more seeds
and re-ran GPTQ at W4 backbone. The narrow-
ing direction holds: both homogeneous-vs-FP16
Agaps stay negative in all three draws (means
—0.0077 for native, —0.0060 for L2). Its strength
does not hold. Each is significant in only one draw
of three, and the direct homogeneity-vs-balanced
contrast, significant in two draws, reverses sign in
the third. With only 23 native speakers the move-
ment is about the size of the draw-to-draw wobble
it rides on. We read this as directional consistency
without draw-level robustness, which is the main
reason we frame the paper as a case study.

At W3 the same direction holds (all three point
estimates stay negative) but no condition’s Agap
CI excludes zero, and the control is shakier (over-
all WER 0.339-0.347, balanced the worst). At
W2 all three conditions fall apart: overall WER
climbs past 1.0, meaning more edits than reference
words, and the transcripts are incoherent, partly
non-English output unrelated to the audio (a ref-
erence of ‘BYE’ decoded as multilingual noise).
That uniform collapse has nothing to do with cal-
ibration composition, so we read nothing causal
into its gap numbers.

5 Discussion

We frame this as a case study rather than a gen-
eral causal claim. Within this one model, quantizer
and recipe, calibration-set composition moves the
accent-WER gap at matched overall WER, in the
same direction across two different quantized com-
ponents. What we do not claim is that the direction,



Target Cond Bits Native WER L2 WER  ANative vs. FP16 [95% CI] AL2 vs. FP16 [95% CI]

- FP16 16 0.3297 0.3407 - -

Backbone native 4 0.3316 0.3319  40.0019 [—0.0056, +0.0091]  —0.0088 [—0.0159, —0.0020]
Backbone  balanced 4 0.3232 0.3354  —0.0065 [—0.0125, —0.0009] —0.0053 [—0.0133, 4-0.0016]
Backbone 12 4 0.3307 0.3327  40.0010 [—-0.0038, +0.0066] —0.0080 [—0.0160, —0.0015]
Backbone  native 3 0.3357 0.3406  40.0060 [—-0.0021, +0.0152]  —0.0001 [—0.0075, 4-0.0060]
Backbone balanced 3 0.3425 0.3505 -+0.0128 [+0.0051, +0.0197]  +0.0098 [+0.0022, +0.0172]
Backbone 12 3 0.3406 0.3409  40.0109 [—0.0015, +0.0244]  +0.0002 [—0.0085, 4-0.0079]
Encoder native 4 0.3334 0.3335 +0.0037 [—0.0029, +0.0102] —0.0072 [—0.0144, —0.0016]
Encoder balanced 4 0.3323 0.3376  40.0026 [—-0.0038, +0.0087]  —0.0031 [—0.0099, 4-0.0030]
Encoder 12 4 0.3366 0.3409  40.0069 [—0.0022, +0.0170]  +0.0002 [—0.0066, 4+-0.0060]

Table 2: Group-wise WER by condition, with each group’s own paired speaker-clustered bootstrap change from
FP16 (2,000 resamples). A gap that narrows via rising native WER (ANative > 0) is leveling-down. A gap that
narrows via falling L2 WER (AL2 < 0) is a genuine L2 improvement. At W4, AL2 is negative with a CI excluding
zero in three conditions while the paired ANative CI crosses zero in all of them.

or a clean composition-only attribution, generalises
beyond this setting, or that we have identified the
mechanism. Our best guess is that a homogeneous
calibration set, whichever population it draws from,
produces lower-variance per-layer activation statis-
tics and therefore more consistent GPTQ rounding,
while a mixed set splits the difference between two
distributions and specialises in neither. We present
that as a hypothesis to test, not something we have
shown.

The multi-seed check sharpens this caution.
Across three draws the narrowing direction is con-
sistent, but its magnitude is on the order of the
variation a fresh draw introduces. The test that
most directly encodes “homogeneity beats balanc-
ing” reverses in one draw of three. The practical
takeaway is not to calibrate on a single group. It is
a caution in both directions, that calibrating on the
majority is not a neutral choice and that balancing
is not a dependable fix.

The most motivated next step is covariate-
matched calibration sets that hold speaker count,
duration and word budget fixed, separating compo-
sition from draw-to-draw wobble. A mechanistic
probe of per-layer activation variance would test
the lower-variance hypothesis. Extending past one
model, quantizer and dataset remains the broader
open question.

Limitations

Our evidence comes from a single setting, one
model (Qwen2-Audio-7B-Instruct), one quantizer
(GPTQ) and one calibration size of 128 exam-
ples. The narrowing direction is stable across
three calibration draws, but individual-seed sig-
nificance is not and the homogeneity-vs-balanced
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contrast reverses in one draw, so the effect may
not generalise. EdAcc’s 62 speakers are a conve-
nience sample where native/L2 grouping may con-
found with recording channel, session and style,
and with only 23 native speakers the per-condition
CIs are wide, so headline claims use the paired
Agap. Two design points remain. The calibra-
tion utterances are drawn from the same split used
for evaluation, but the overlap is benign, since
removing each condition’s 128 calibration utter-
ances moves the W4 backbone gap by at most
0.0021. Speaker-level overlap remains by design,
and a fully speaker-disjoint split is future work.
Because only 23 native speakers exist, the condi-
tions are also not matched on covariates beyond
native/L2 composition (unique speakers 23/62/39,
duration 733/930/911 s, words 2209/2438/2370),
so covariate-matched calibration sets are the most
important next step.

Ethics Statement

We study accent-based transcription disparity under
quantization to surface risk, not to prescribe fixes.
Balanced calibration is not a validated mitigation
here.
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Abstract

Speech-LLMs are expensive to run, making
compression important for real-world deploy-
ment. However, compressed models are usu-
ally selected using aggregate word error rate
(WER), which can hide how pruning affects
different demographic groups. In this work,
we systematically study the effect of audio
encoder pruning on SLAM-ASR for different
demographic groups. Using the Fair-Speech
and Common Voice datasets, we found that the
pruning does not affect all demographic groups
equally; the gap between best- and worst-
performing groups increases in fold. These dis-
parities appear across all three encoder scales,
but only the largest model initially hides them
behind aggregate WER. LoRA adaptation im-
proves WER for every group, but benefits
groups already performing well more strongly
and widens for certain groups. On Common
Voice English, Danish, and Dutch, accent gaps
persist but do not clearly widen, showing that
the fairness effects of pruning vary across
datasets and must be measured directly. Our
findings suggest that for pruned models, de-
ployment decisions should include per-group
WER, with the worst-performing group’s error
rate as an explicit criterion.

1 Introduction

Automatic speech recognition (ASR) transcribes
spoken language, and it is used in voice assistants,
dictation tools, and captioning services (Koenecke
et al., 2020). The field’s current dominant archi-
tecture is the Speech-LLM: a pretrained speech
encoder coupled to a large language model through
a lightweight projector. These stacks are generally
large, making them computationally expensive, and
model compression has become a routine step be-
tween training and deploying.

One of the widely used compression techniques
is pruning. Usually, a pruned model is validated on
aggregate word error rate (WER). However, ASR
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Figure 1: Compression widens the racial gap, and the
aggregate WER hides it. WER for Black and Asian
speakers (Fair-Speech, Whisper large) under top-down
pruning; the wedge between the curves is their gap,
which nearly doubles (13.5— 24.5 pp). Within the grey
band, aggregate WER improves (21.6 — 21.1%), yet
Black speakers are the only group whose word error
rate rises significantly (+0.9 pp, p=.009).

systems are already performing unevenly across
demographic groups (Koenecke et al., 2020). That
means an aggregated WER hides group disparities.
In that case, when we apply pruning to those mod-
els, the question will be: what does pruning do to
that unevenness? !

We study this effect systematically in the SLAM-
ASR pipeline (Ma et al., 2024; Zhang et al.,
2026a,b): a frozen Whisper encoder (Radford et al.,
2022), a trainable projector, and a frozen Qwen2.5-
3B decoder (Qwen et al., 2025) connected together
as an ASR pipeline. We experiment on three Whis-
per scales (12, 24, and 32 encoder layers), prune
each encoder top-down two layers at a time, and
retrain the projector at every depth, so each con-
figuration is a deployable model. This pipeline is
demographically blind: no group label enters train-

LCode is available at https://github.com/KarthikKo
11uriKB/SpeechLLM-Pruning-Fairness
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ing, pruning, or LoRA adaptation. Our primary
corpus is Fair-Speech (Veliche et al., 2024), which
offers the richest demographic schema, and we add
Common Voice English, Dutch, and Danish for
cross-lingual study.

As shown in Fig. 1, in a Speech-LLM built on
Whisper Large, removing the top two encoder lay-
ers improves aggregate WER from 21.6 to 21.1
(p=.038). The same setting raises WER for Black
speakers by 0.9 points (p=.009). Here, the aggre-
gate WER hides the subgroup degradation: the total
improves while a group gets worse. Motivated by
this, in this work we address three research ques-
tions:

* RQ1: Does encoder pruning amplify demo-
graphic disparities, and does aggregate WER
hide it?

* RQ2: Does the effect depend on encoder scale
and language resource level?

* RQ3: Does LoRA adaptation recover perfor-
mance equally across groups?

Our results answer these questions as follows.
Pruning amplifies the racial disparity on the largest
model (RQ1). The gap between Black and Asian
speakers grows from 13.5 to 24.5 percentage points
(pp) by eight removed layers, even though the first
prune improves aggregate WER. The disparity ex-
ists at every encoder scale: on all three models,
the worst-performing group starts with roughly
twice the WER of the best-performing. Conceal-
ment, however, appears only at the largest scale
(RQ2). On the small and medium models, the first
prune raises aggregate WER by 10.8 and 2.3 pp,
respectively. So the damage is already visible in
the aggregate. Across languages, the accent gaps
on Common Voice English and Dutch persist under
pruning but do not amplify. Finally, LoRA im-
proves aggregate WER at every depth but widens
the Black-to-Asian ratio at every matched depth
(RQ3): it recovers accuracy for every group, but
better for the groups the model already performs
well on and worse for the groups it performs worse
on.

Our findings carry a direct practical message:
aggregate WER cannot validate a pruned speech
model as fair. Deployment decisions for com-
pressed speech models should therefore include
per-group WER, with explicit attention to the worst-
performing group. To our knowledge, this is the
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first systematic study of how structural encoder
pruning in Speech-LLM affects demographic dis-
parity across pruning depth, model scale, and
LoRA adaptation.

2 Related work
2.1 Biasin ASR

Performance disparities across speaker groups are
well documented in ASR. Koenecke et al. (2020)
found that five commercial systems transcribed
speech from Black speakers with an average word
error rate (WER) of 35%, against 19% for white
speakers, and traced the gap to the underlying
acoustic models, since it persisted on a matched
subset of identical phrases. Subsequent work in-
vestigated the linguistic mechanisms behind this
disparity, linking errors to morpho-syntactic fea-
tures of African American English such as habit-
ual “be” (Martin and Tang, 2020) and to ethnicity-
related dialectal variation more broadly (Wassink
et al., 2022). Disparities along gender and di-
alect lines were reported earlier (Tatman, 2017;
Tatman and Kasten, 2017), and Feng et al. (2021)
systematically quantified bias across gender, age,
regional accent, and non-native speech; we adopt
this per-group WER evaluation. These imbalances
persist in large pretrained models: evaluations of
Whisper (Radford et al., 2022) report higher accu-
racy for North American than for British or Aus-
tralian accents, and for native than for non-native
speech, with WER associated with speaker sex,
first-language typology, and second-language profi-
ciency (Graham and Roll, 2024). Performance gaps
for child speakers likewise persist across Whis-
per scales (Attia et al., 2023). To measure such
gaps systematically, corpora with speaker demo-
graphics have emerged: Common Voice collects op-
tional self-reported accent, gender, and age at scale
(Ardila et al., 2019), the Edinburgh corpus targets
accent diversity (Sanabria et al., 2023), and Fair-
Speech provides the richest schema of the three,
covering age, gender, ethnicity, socio-economic sta-
tus, and geographic variation (Veliche et al., 2024).
We justify our choice among these in Section 3.

2.2 Model Compression, Scale, and Bias

How model compression affects bias is still an open
question, with outcomes that vary by method, do-
main, and demographic axis. In computer vision,
Hooker et al. (2020) demonstrated that pruning and
quantization can amplify bias: minimal changes



in overall accuracy may hide substantial errors af-
fecting a small subset of under-represented exam-
ples, an observation that supports evaluating worst-
group rather than average performance (Sagawa
et al., 2019). Tran et al. (2022) attributed such
disparities to differences in gradient norms and
decision-boundary distance across groups, while
Iofinova et al. (2023) found that, although moder-
ate pruning need not increase bias, disparities for
specific protected attributes emerge at high sparsity.

In LLMs, compression’s effect on fairness de-
pends on the base model and method (Ramesh et al.,
2023), but two direct comparisons find pruning
riskier than quantization, for protected groups (Xu
et al., 2024) and for trustworthiness (Hong et al.,
2024), and compression’s effect on social bias
varies with model scale (Gongalves and Strubell,
2023).

In speech, evidence on compression and bias is
scarce. Lin et al. (2024b) examined self-supervised
models under pruning and distillation, finding, in
embedding-level probes, that distillation increased
gender bias while decreasing age bias, whereas
row pruning reduced bias. For speech-LLMs, bias
studies either examine response content (Lin et al.,
2024c,a) or benchmark WER disparities across ar-
chitectures: Ginjala et al. (2026) evaluated nine
models spanning CTC, encoder-decoder, and LLM-
decoder designs and reported that the audio en-
coder, more than language model scale, governs
fairness.

We build directly on Kolluri et al. (2026), who
pruned Whisper encoder layers in the speech-LLM
(Ma et al., 2024) and showed that removing a
few layers costs little aggregate WER and that
LoRA (Hu et al., 2021) recovers the unpruned base-
line’s WER; that study reports aggregate WER only.
How adaptation affects fairness is itself unexplored:
Ding et al. (2024) found no consistent subgroup ef-
fect of LoRA relative to full fine-tuning; low-rank
adaptation can propagate non-demographic biases
inherited from noisy pretraining data (Chang et al.,
2026); and fine-tuning aimed at under-represented
speakers lowers their WER (Shekoufandeh et al.,
2025), suggesting repair depends on where adap-
tation is aimed. No prior work examines whether
encoder pruning shifts demographic disparity in a
speech-LLM’s transcriptions, or whether LoRA’s
recovery is shared evenly across groups; we ad-
dress both.
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3 Experimental Setup

3.1 System and Pruning

We follow the SLAM-ASR architecture (Ma et al.,
2024): a Whisper encoder (Radford et al., 2022)
feeds a small trainable projector (ConcatLinear),
which maps audio representations into a frozen
Qwen2.5-3B decoder (Qwen et al., 2025). We
hold the LLM fixed so that encoder capacity is the
only varied component; both the encoder and the
LLM stay frozen, and only the projector and LoRA
adapters are trained. To treat encoder capacity as
an experimental variable, we run the full proce-
dure with three Whisper variants, Small (12 layers),
Medium (24), and Large-v2 (32), each paired with
the same projector and LLM. As in Kolluri et al.
(2026), we prune each variant top-down, removing
two layers at a time, and report pruning as the abso-
lute number of layers removed (L-2, L-4, ...). The
projector is retrained at every depth, so each con-
figuration is a fully retrained, deployable system
rather than a fixed model probed after pruning.

Procedure. Concretely, the full protocol at each
encoder scale (small, medium, and large-v2) pro-
ceeds as follows.

1. Initialise the system with the unpruned en-
coder and train the projector, recording the

result as the L-0 baseline.

Remove the top two encoder layers to obtain
depth L-k, for k € {2,4,6,8}.

. Retrain the projector from scratch at that
depth, so that each configuration constitutes a
deployable system rather than a mismatched
stack probed after pruning.

. Select the configuration on aggregate WER
alone; no demographic label enters training,
pruning, or selection.

. Decode the evaluation corpora and compute
WER separately for each demographic group
meeting the analysability threshold of Sec-
tion 3.4.

The models never see demographic labels: train-
ing and model selection use aggregate WER alone.
In practice, this is also how pruned models are
judged, since compression work reports aggregate
WER and stops there. Our question is what this
number hides: does pruning damage the WER of
individual demographic groups even when the ag-
gregate looks fine? To answer it, we take each



pruned model after training and evaluate it sepa-
rately for every demographic group on the evalua-
tion corpora.

3.2 Datasets

Table 1 summarizes the corpora used for training
and evaluation.

Training data: The projector and LoRA
adapters are trained on Common Voice 22 (Ardila
et al., 2019), a crowdsourced multilingual read-
speech corpus, following the same training config-
uration as Kolluri et al. (2026). We use the official
train and test splits without modification, so speak-
ers are disjoint across splits by construction, and
the counts reported in Table 1 are those remaining
after the duration filter described below. Our pri-
mary system uses the English subset (100 hours);
for the cross-lingual analysis, we additionally train
separate systems on the Danish (4.2 hours) and
Dutch (54 hours) subsets, which span an order-of-
magnitude range in training data.

Evaluation data and demographic axes: We
aim to evaluate as many demographic axes as
possible. To this end, we selected two datasets:
Fair-Speech (Veliche et al., 2024) and Common
Voice 22 (Ardila et al., 2019). Fair-Speech (Veliche
et al., 2024) is a comprehensive evaluation bench-
mark built specifically to expose demographic dis-
parities in speech recognition, and it carries the
richest bias annotation of our corpora. Across
26,417 utterances, it labels ethnicity (seven ana-
lyzable groups), socio-economic status, gender,
age, and first language. Fair-Speech is used ex-
clusively for evaluation and contributes no training
data. Common Voice 22 (Ardila et al., 2019) (CV-
22) is a large multilingual crowdsourced corpus of
read speech in which contributors may optionally
self-report speaker attributes. We use this meta-
data to measure disparities by accent, gender, and
age on the English, Danish, and Dutch splits, which
allowed us to compare results across languages. Be-
cause these attributes are optional, group-level re-
sults on CV-22 are computed over the subset of test
utterances carrying the relevant annotation, which
is smaller than the full test split. The dataset statis-
tics and supported demographic axes are presented
in Table 1 and Table 2 respectively.

Preprocessing. Audio is resampled to 16 kHz
and converted to 80-channel log-Mel spectrograms
following the Whisper pipeline. We retain utter-
ances between 0.5 and 30 seconds. Transcriptions
are lowercased with punctuation removed, preserv-
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Corpus Split  Samples
Training (Common Voice 22)

English (EN) Train 58,140
Dutch (NL) Train 43,458
Danish (DA) Train 3,592
Evaluation

Common Voice (EN)  Test 16,391
Common Voice (NL)  Test 12,033
Common Voice (DA)  Test 2,684
Fair-Speech eval 26,417

Table 1: Dataset statistics. Common Voice 22 provides
the training and test splits; Fair-Speech is used for eval-
uation only.

Corpus Bias axes

CV-22 (EN/DA/NL) accent, gender, age

Fair-Speech ethnicity, SES, gender, age, L1

Table 2: Evaluation corpora and the demographic axes
each supports.

ing apostrophes for contractions.

3.3 Implementation Details

Model Architecture. Our system follows SLAM-
ASR (Ma et al., 2024) and comprises three compo-
nents: a Whisper speech encoder (Radford et al.,
2022), a lightweight ConcatLinear projector, and a
Qwen2.5-3B LLM (Qwen et al., 2025). We run it
with three Whisper encoder variants, Small (12 lay-
ers), Medium (24), and Large-v2 (32), each paired
with the same projector and LLM.

Projector. The projector is a two-layer MLP
with concatenation-based temporal downsampling:
it concatenates five consecutive frames, reducing
the sequence length five times, then applies two
linear layers with ReLU and dropout 0.1 (hidden
dimension 2048), followed by LayerNorm to match
the scale of the LLM text embeddings. The pro-
jector is reinitialized and retrained from scratch at
every pruning depth rather than fine-tuned from the
unpruned checkpoint.

LoRA. We apply LoRA (Hu et al., 2021) to
the query, key, value, and output projections of
all LLM attention layers. To limit overfitting on
smaller datasets, we set the rank per resource level:
r=8, a=16 for Danish (low-resource) and r=16,
a=32 for Dutch and English; r=16 on Danish
overfit in preliminary runs, motivating the reduced



rank. LoRA modules use dropout 0.1, adding
roughly 0.8M (r=8) and 1.5M (r=16) trainable
parameters.

Training Details. All models are trained with
AdamW (Loshchilov and Hutter, 2019) at learn-
ing rate 1 x 104, weight decay 0.01, and gradient
clipping 1.0, under a cosine schedule with linear
warmup over the first 5% of steps, in bfloat16 on
a single NVIDIA A6000 (48 GB). The Whisper
encoder and Qwen2.5-3B weights remain frozen;
only the projector and, where enabled, the LoRA
adapters are updated. For English configurations,
we use a batch size of 8 and train for 2 epochs, or 4
with LoRA. Dutch uses a batch size of 8 and Danish
a batch size of 4, with more passes over the smaller
corpora; per-configuration epoch counts are given
in Appendix A. Training stops early on validation
WER, so model selection uses aggregate validation
performance alone, with no demographic label in-
volved. Every pruning depth within a setting uses
the same setup, so depths differ only in encoder
size. All runs use a single seed (42), so we rely
on the paired bootstrap in Section 3.4 rather than
variance across seeds.

Decoding. At inference, the projected audio em-
beddings are prepended to a fixed plain-text prompt,
Transcribe speech to text., applied without
a chat template and held constant across all scales,
depths, and languages. Transcriptions are gener-
ated with beam search (width 2, no sampling, no
repetition or length penalty) up to 128 new tokens,
identically for base and LoRA-adapted systems.
Checkpoint selection during training uses greedy
decoding on the validation split with a repetition
penalty of 1.5.

Baselines. The unpruned (L-0) system at each
encoder scale is the reference for every pruned con-
figuration at that scale, so configurations differ only
in encoder depth and in the projector retrained at
that depth. LoRA comparisons are matched the
same way, against the base system at the same
scale and depth. We report no external ASR base-
line, since our claim concerns how a fixed pipeline
behaves under compression rather than how it com-
pares against other systems.

3.4 Evaluation Details

We evaluate every configuration with WER: aggre-
gate WER is computed over the full evaluation set,
and a group’s WER over the utterances spoken by
members of that group, so every group is scored by
the same rule.
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Group n L0 L2 L4 L-6 L-8
Asian 3,854 13.7 13.1 16.3 22.2 26.5
Native Haw. 969 134 13.7 17.8 24.7 314
Hispanic 2,811 20.0 19.2 22,5 27.5 339
White 5,619 20.6 20.1 22.7 284 31.7
Native Am. 4,616 21.5 19.0 22.1 29.0 33.5
MENA 749 23.0 223 26.0 34.2 37.3
Black 7,799 27.2 28.1 34.3 42.8 51.0
Aggregate 26,417 21.6 21.1 25.2 32.0 37.6

Table 3: Fair-Speech, ethnicity (Whisper large); n is the
number of utterances per group. Black speakers have
the highest WER at every depth. At L-2 the aggregate
improves while Black speakers degrade, and by L-8
the Black—Asian gap has nearly doubled, from 13.5 to
24.5 pp.

We assess disparity with three measures, fixed
before the analysis: the worst-group WER at
each depth as our primary measure, the ab-
solute gap A WERworst — WERpest in
percentage points (pp), and the disparity ratio
p = WERyorst/ WERpest as a scale-free check;
within a group we report relative degradation
WER L, /WER L. Since A and p diverge by con-
struction when all groups degrade together, we
report both at every depth, tracking the Black—
Asian pair throughout as the worst- and best-served
groups. Significance comes from a paired resam-
pling test: we draw 2,000 bootstrap resamples of
the utterances, re-score both setups on each, and
take p as the fraction in which the WER difference
flips direction. We limit our claims to the usable
range, the contiguous depths at which aggregate
WER stays at or below 40%, and analyze groups
only where they have at least 200 utterances and 30
minutes of audio; smaller groups appear in tables
for coverage only.

4 Results and Discussions

4.1 Pruning and demographic disparity
(RQ1)

We present our results by demographic dimensions,
starting with ethnicity. Table 3 presents WER
for the seven ethnic groups as we prune Whisper
large encoder layers: at L-0 (without pruning), the
groups are already far apart, from 13.4% for Native
Hawaiian and 13.7% for Asian speakers to 27.2%
for Black speakers, twice the Asian rate. The bias
already exists before any pruning.

As we prune the top two encoder layers, the
aggregate WER shows that the model performs
slightly better: it falls from 21.6% to 21.1%
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Figure 2: Worst-best WER gap per demographic axis
under top-down pruning (Fair-Speech, Whisper large);
one line per axis, with the pair named in the legend. The
ethnicity and gender gaps widen, the Socioeconomic
gap holds, and the age gap narrows by leveling down.

(p=.038, Table 3). The group columns tell a dif-
ferent story: Black speakers are the only group
whose error rate rises among other groups (+0.9 pp,
p=.009), Native American speakers improve most
(—2.5pp, p=.001), and no other group changes sig-
nificantly (p > .13). In relative terms, L-2 is closer
to baseline on every group (aggregate at 0.98) ex-
cept the Black group, at 1.03 (Appendix B). A prac-
titioner relying on aggregate WER alone would see
a small win, while the group that started worst has
become worse.

At deeper prunes, all groups degrade but at dif-
ferent rates. At L-4 the aggregate has risen to
25.2%, a cost any practitioner would notice, and the
groups have begun to separate: Asian speakers are
at 16.3% while Black speakers are at 34.3%, a gap
of 18.0 pp. At L-6 the aggregate is at 32.0%, within
the 40% usability bound, while Black speakers are
at 42.8% and Asian speakers are at 22.2%. The
same configuration is therefore usable by the aggre-
gate criterion and unusable for its worst-performing
group. At L-8, Black speakers are at 51.0% and
Asian speakers at 26.5%. Over the full sweep,
Black speakers lose 23.8 pp and Asian speakers
12.8 pp, so the gap between them widens from
13.5pp to 24.5pp. Aggregate WER is mislead-
ing in two ways: it reports an improvement at the
first prune (L-2) while the worst-performing group
degrades, and it stays within the usability bound
at depths where the worst-performing group has
already exceeded it.

Ethnicity is not the only axis that moves. Fig. 2
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plots the worst-to-best gap for each demographic
axis at every depth (per-group values in Table 15),
and the three remaining axes each do something
different. The gender gap grows from 3.3 to 11.1 pp
(male speakers disadvantaged in this corpus; Fig. 5).
The age gap narrows, but only because the oldest
group, worst at baseline, degrades slowest (Fig. 7).
The socioeconomic gap holds steady (Fig. 6; Ta-
ble 15): Low-SES speakers start 5.9 pp behind Af-
fluent speakers (ratio 1.36) and stay behind at every
depth, and although the raw gap reaches 7.2 pp
at L-8, Affluent speakers lose more of their start-
ing accuracy (+83% vs +67%), so the ratio falls
to 1.24. Pruning carries the class disparity along
unchanged.

Taken together, these results answer RQ1. The
disparity is inherited, but the hiding is new: at L-2
the aggregate improves while the worst-performing
ethnicity group degrades significantly. Gender
amplifies, class persists, age narrows by leveling
down; aggregate WER is blind to all three, which
is why pruned models need per-group evaluation.

4.2 The role of encoder scale (RQ2)

Fig. 3 shows per-group WER at all three encoder
scales. Black speakers have the highest WER in
every panel at every depth. What differs across
panels is the cost of the first prune. The small
model degrades immediately, its aggregate rising
by 10.8 pp at two removed layers, and medium by
2.3 pp; large-v2 instead improves by 0.5 pp.

The disparity ratio p (Table 4) separates the three
scales in a way the aggregate does not. Before prun-
ing, they are similarly unequal, with p at 1.99 on
large-v2, 2.03 on small, and 2.16 on medium, so
Black speakers face roughly twice the word error
rate of Asian speakers on all the encoder scales.
The first prune is what shows them going apart. On
small and medium, the ratio falls, from 2.03 to 1.70
and from 2.16 to 2.01, because these models de-
grade so sharply that the better-served group loses
more in proportional terms. On large-v2 it rises
instead, from 1.99 to 2.15, and large-v2 is the one
configuration whose aggregate WER improved.

Beyond the first pruning, p falls on every scale,
reaching 1.92 on large-v2 by L-8, while the ab-
solute gap widens at every depth, from 13.5 pp
unpruned to 15.0, 18.0, 20.6, and 24.5 pp at L-8
(Table 3). This is the divergence anticipated in Sec-
tion 3.4: deep pruning drives every group toward
high error rates, and the quotient of two large num-
bers is smaller than that of two small ones even
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Figure 3: Per-group WER on Fair-Speech as encoder layers are removed, per Whisper scale (shared y-axis; dashed
= aggregate). Black speakers have the highest error rate at every scale and every depth. Only at large-v2 does the
shallow prune leave the aggregate unchanged. Appendix Table 11 covers that depth.
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Figure 4: Change in WER (percentage points) per subgroup as Whisper large-v2 is pruned top-down, without
(a) and with (b) LoRA (Fair-Speech). Warm colors indicate degradation, cool colors indicate improvement, and
the bottom row is the aggregate. Black speakers degrade most at nearly every depth in both conditions. LoRA
lowers the aggregate everywhere, but it improves only the already better-performing groups: at ten removed layers
it recovers 8.0 pp for Asian speakers and only 3.3 pp for Black speakers.

when the difference between them has grown. Our
primary measure resolves it, since at L-8 Black
speakers face 51.0% WER against 26.5% for Asian
speakers. Every scale inherits the disparity, then,
but only the largest conceals what pruning does to
it.
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4.3 The effect of LoRA adaptation (RQ3)

Fig. 4 summarizes the LoRA comparison: each
cell is a subgroup’s change in WER relative to the
unpruned model (warm colors mean degradation),
with the base model in panel (a), the LoRA adapted
model in panel (b), and the aggregate in the bottom
row; the underlying per-group WERs are in Ap-



Model L-0 L2 L4 L6 L-8

small (12L) 203 1.70 151 149 1.13
medium (24L) 2.16 2.01 194 197 1.66
large-v2 (32L) 199 215 210 193 192

Table 4: Fair-Speech, disparity ratio p between Black
and Asian speakers, per encoder scale. Italic values
lie beyond the usable range (aggregate WER > 40%).
Only large-v2 shows a rise at the first prune, where its
aggregate WER also improves.

pendix Table 16. The LoRA-adapted model is bet-
ter everywhere: with the unpruned encoder, aggre-
gate WER drops from 21.6% to 17.7%, and at eight
removed layers from 37.6% to 33.0%. Adaptation
also extends the usable pruning range through ten
removed layers, two more than the base model.
The disparity, however, does not shrink with the
error rate. At every depth, the Black-to-Asian ratio
is wider with LoRA than without LoRA: at L-0 it
rises from 1.99 (base) to 2.20 (LoRA), at L-2 from
2.15 to 2.36, and at L-8 from 1.93 to 2.22. The rea-
son is visible in panel (b): LoRA adaptation com-
pensates the best-performing groups better. At ten
removed layers, it recovers 8.0 pp of Asian speak-
ers’ degradation but only 3.3 pp of Black speakers’.

4.4 Beyond Fair-Speech: Common Voice
English, Dutch, and Danish

Group n LO L2 L4 L-6 L-8
[N 1,145 11.1 12.0 139 16.7 17.8
England 358 12.2 13.2 15.1 17.1 189
India/S-Asia 508 15.8 17.8 19.1 21.0 24.8
Aggregate 3,008 12.1 13.0 14.7 17.0 19.1

Table 5: Common Voice 22 English, accent (Whisper
large); n is the number of utterances per group. In-
dia/South Asia has the highest WER at every depth.
Unlike Fair-Speech, the aggregate degrades from the
first prune.

Group n L-O L2 L4 L-6 L-8
Netherlands 3,817 11.5 12.9 15.0 18.1 20.4
Belgian 1,146 13.7 15.2 17.8 20.5 25.2
Aggregate 5,306 11.8 13.3 15.5 185 214

Table 6: Common Voice Dutch, accent (Whisper large);
n is the number of utterances per group. Belgian speak-
ers have higher WER than Netherlands speakers at every
depth.

Group n LO L2 L4 L6 L-8
Male 3372 13.5 153 17.7 18.5 20.6
Female 1,163 104 11.1 13.3 14.8 15.9

Aggregate 4,535 12.7 14.2 155 16.5 194

Table 7: Common Voice Dutch, gender (Whisper large);
n is the number of utterances per group. Male speakers
have higher WER at every depth.

Axis  Group n L-0 L2 L4 L-6 L-8
Gender Male 1,031 36.0 38.3 40.6 49.0 51.8
Female' 299 33.0 34.1 35.2 42.9 48.0
Aggregate 1,330 35.3 37.4 39.4 47.6 50.9
Teens' 50 40.3 42.0 43.6 49.9 53.6
Twenties 601 41.1 43.2 45.2 53.7 56.3
Age  Thirties 392 31.5 34.2 36.8 45.0 48.3
g Forties' 150 26.3 27.2 28.0 34.1 36.7
Fifties' 98 29.2 31.8 34.4 44.5 53.2
Sixties’ 76 36.2 36.4 36.6 44.8 48.7

Aggregate 1,367 36.5 38.7 40.9 49.2 52.5

Table 8: Common Voice Danish (Whisper large); n is
the number of utterances per group. Groups marked T
fall below the analysability threshold and are reported
for coverage only.

Everything discussed so far comes from Fair-
Speech. Fair-Speech provides a comprehensive
suite for evaluating multiple demographic dispari-
ties. However, it is limited only to the English lan-
guage. To move beyond English, we also used the
demographic labels provided in the CV-22 in differ-
ent languages. Specifically, we used English, Dan-
ish, and Dutch data as in Kolluri et al. (2026). This
also allows us to determine whether the observed
effects generalise across datasets and languages.
The results reveal a more nuanced pattern: demo-
graphic disparities generally persist under pruning,
but the concealed amplification observed on Fair-
Speech does not consistently transfer to CV-22.

CV-22 English provides the clearest contrast (Ta-
ble 5). Speakers with Indian and South Asian
accents have the highest WER at every pruning
depth, and their absolute disadvantage relative to
US speakers grows as more layers are removed.
However, the relative disparity remains stable: the
WER ratio changes only from 1.42 at L-0 to 1.39 at
L-8. Moreover, aggregate WER deteriorates from
the first pruning step. Thus, pruning reduces over-
all performance, but it neither disproportionately
amplifies the accent gap nor conceals the degra-
dation from a practitioner monitoring aggregate
WER.



CV-22 Dutch exhibits the same persistence with-
out amplification (Tables 6 and 7; Fig. 8). Belgian
speakers consistently have higher WER than speak-
ers from the Netherlands, but the ratio remains
between 1.1 and 1.3 across pruning depths. The
gender axis follows a similar pattern: male speak-
ers have higher WER at every depth, while the ratio
remains close to 1.3. These disparities therefore
survive pruning but do not systematically widen.

CV-22 Danish marks the limit of the analysis
(Table 8). Its unpruned aggregate WER is already
35.5%, and the 40% usability threshold is crossed
after removing four layers. Demographic annota-
tions are also sparse, with most groups—including
all female speakers—falling below the analysabil-
ity threshold. We therefore treat the Danish results
as coverage information rather than evidence for
group-level effects.

Together, these findings answer RQ2. Pruning
did not reduce an existing disparity in any evalu-
ated corpus. However, persistent disparities did not
necessarily become amplified: on CV-22 English
and Dutch, relative gaps remained broadly stable,
while aggregate degradation was immediately vis-
ible. Concealed disparity amplification occurred
only on Fair-Speech with the largest encoder. Eval-
uating on Fair-Speech does introduce a distribution
shift from the Common Voice training data, which
may penalize underrepresented linguistic features;
however, absolute disparities widened under com-
pression in both our in-domain and out-of-domain
settings, so this widening cannot be attributed to
corpus shift alone. Consequently, the presence of a
baseline performance gap cannot predict how com-
pression will affect a group; the effect must be
evaluated separately for each corpus, demographic
axis, and model scale.

5 Conclusion

Demographic bias (Veliche et al., 2024) and layer
pruning (Kolluri et al., 2026) have been studied
extensively, but their interaction remains underex-
plored. In this work, we investigate how pruning
affects demographic disparities in ASR. On Fair-
Speech, removing two layers from Whisper Large
slightly improves aggregate WER, while WER
for Black speakers increases. The Black-to-Asian
WER ratio rises from 1.99 to 2.15, and after remov-
ing eight layers, the absolute gap widens from 13.5
to 24.5 pp. Pruning also increases the low-SES
vs affluent gap from 5.9 to 7.2 points and more
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than triples the gender gap. Thus, aggregate im-
provements can conceal disproportionate degrada-
tion among already disadvantaged groups. LoRA
improves aggregate WER at every depth but simi-
larly widens the Black-to-Asian ratio by benefiting
better-performing groups more. On CV-22 English,
Danish, and Dutch, demographic gaps persist but
do not clearly amplify, while sparse annotations
and high WER prevent reliable group-level conclu-
sions for Danish.

These findings motivate fairness-aware compres-
sion objectives that prioritise worst-group rather
than average performance. Future work should ex-
amine compression methods that not only focus on
improving overall performance but also give equal
importance to all demographics.

Limitations

This study investigates a single configuration:
Whisper is the only speech encoder with three vari-
ants, Qwen2.5-3B the only LLM backbone, and
top-down layer pruning the only compression tech-
nique. All configurations are trained with a single
random seed (42). Since the projector is retrained
at every pruning depth, seed replication would mul-
tiply across the full grid of encoder scales, depths,
and languages, which was beyond our compute
budget. To mitigate this, we report paired bootstrap
significance over the evaluation set and ground
our claims in trends that hold consistently across
the sweep rather than in differences within any
single configuration. Multi-seed replication re-
mains an important direction for future work. The
dataset scope is similarly narrow. The main anal-
ysis rests on Fair-Speech, an English read-speech
corpus with self-reported demographic labels, and
the cross-lingual evidence is thin: pruned Danish
models were too degraded for group comparison,
and the Dutch corpus records only accent, gender,
and age. The demographic axes share speakers
and are analyzed separately, leaving intersectional
effects unexamined. We evaluate no mitigation
techniques.
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A Appendix: Training Details

Table 9 reports the batch size and epoch count for
each language. All other optimisation settings are
identical across runs and are given in Section 3.3.
Epoch counts scale inversely with corpus size:
English (100 hours) converges within two passes,
while Dutch (54 hours) and Danish (4.2 hours) re-
quire more passes to converge on their smaller cor-
pora. LoRA configurations are trained for roughly
twice as many epochs as projector-only runs, since
the adapters are optimised jointly with a projector
that is itself trained from scratch. Batch size is
reduced to 4 for Danish, whose corpus is too small
to fill larger batches without excessive repetition
within an epoch. All settings are held constant
across encoder scales and pruning depths, so con-
figurations differ only in encoder capacity.

Language Batch Proj. LoRA
English 8 2 4
Dutch 8 4 8
Danish 4 6 8

Table 9: Batch size and epoch counts per language.
Settings are identical across all three encoder scales and
all pruning depths.

B Appendix: Relative-to-baseline WER
on Fair-Speech

Tables 10 and 11 report WER at each pruning depth
relative to the unpruned model (WER,./WER):
per ethnic group on Whisper large, and across
model scales for the aggregate and the two headline
groups. Ratios below 1.00 mean improvement over
the unpruned model.

Group n LO L2 L4 L6 L8
Asian 3854 1.00 095 1.19 1.62 1.93
Native Haw. 969 1.00 1.02 133 184 234
Hispanic 2,811 1.00 096 1.12 137 1.69
White 5,619 1.00 098 1.10 138 1.54
Native Am. 4,616 1.00 0.88 1.03 135 1.56
MENA 749 1.00 097 1.13 149 1.63
Black 7,799 1.00 1.03 126 157 1.87
Aggregate 26,417 1.00 098 1.17 148 1.74

Table 10: Fair-Speech, WER relative to each group’s
own unpruned baseline (Whisper large); n is the number
of utterances per group. Values below 1.00 indicate
improvement. At L-2 the aggregate is at 0.98 while
Black speakers are at 1.03, the highest of any group.
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Model n L-0 L-2 L-4 L-6 L-8

Asian 3,854 1.00 0.95 1.19 1.62 1.93
large-v2 (32L) Black 7,799 1.00 1.03 1.26 1.57 1.87
Aggregate 26,417 1.00 0.98 1.17 1.48 1.74

Asian 3,854 1.00 1.17 1.51 1.72 2.64
medium (24L) Black 7,799 1.00 1.09 1.35 1.57 2.03
Aggregate 26,417 1.00 1.11 1.36 1.52 2.10

Asian 3,854 1.00 1.62 2.56 2.90 5.14
Black 7,799 1.00 1.35 1.91 2.12 2.85
Aggregate 26,417 1.00 1.41 2.12 2.37 3.69

Series

small (12L)

Table 11: Fair-Speech, WER relative to each model’s
own unpruned baseline; n is the number of utterances.
Italic values lie beyond the usable range (aggregate
WER > 40%). Only large-v2 has a depth where the
aggregate improves while Black speakers degrade.

Group n L0 L2 L4 L-6 L-8
Asian 3,854 125 14.7 18.8 21.4 329
Native Haw. 969 14.8 17.6 20.3 24.1 36.1
White 5,619 18.5 21.7 249 28.2 389
Hispanic 2,811 18.7 219 25.0 26.0 394
Native Am. 4,616 19.3 22.7 26.0 26.5 385
MENA 749 22.8 25.5 28.2 33.1 427
Black 7,799 27.0 29.5 36.4 42.2 54.6
Aggregate 26,417 20.4 22.7 27.7 31.0 42.9

Table 12: Fair-Speech, ethnicity (Whisper medium); n
is the number of utterances per group. Italic values lie
beyond the usable range (aggregate WER > 40%).

C Appendix: Per-group WER at small
and medium scale

Tables 13 and 12 give the per-group WER behind
Fig. 3, in the same form as Table 3 for large-v2.
Black speakers have the highest WER at every scale
and depth.

D Appendix: Fair-Speech coverage, SES,
gender, and age

Table 14 reports the number of utterances and min-
utes of audio behind every Fair-Speech group; Ta-
ble 15 reports WER for the remaining demographic
axes, summarized in Fig. 2; Figs. 5 and 7 show the
gender and age axes in detail.

E Appendix: Per-group WER under
LoRA adaptation

Table 16 reports per-group WER under LoRA adap-
tation (Fair-Speech, Whisper large), complement-
ing Fig. 4; compare with the base model in Ta-
ble 3. Per-utterance outputs were not retained for
the LoRA runs; SD here is estimated from stored



Group n L0 L2 L4 L-6 L-8

Asian 3854 17.9 28.9 458 51.9 919
Native Haw. 969 18.7 31.2 51.8 60.9 101.8
White 5,619 23.3 329 514 569 94.0
Native Am. 4,616 23.6 34.0 53.5 60.5 100.8
Hispanic 2,811 24.5 33.0 51.6 57.8 98.6
MENA 749 30.8 39.2 559 61.8 1034
Black 7,799 36.3 49.1 69.3 77.1 103.6
Aggregate 26,417 26.8 37.6 56.6 634 988

Table 13: Fair-Speech, ethnicity (Whisper small); n is
the number of utterances per group. Italic values lie
beyond the usable range (aggregate WER > 40%).

Axis Group n  Minutes
Black 7,799 1,010

White 5,619 702

Native Am. 4,616 556

Ethnicity  Asian 3,854 462
Hispanic 2,811 372

Native Haw. 969 94

MENA 749 86

Low 14,741 1,837

SES Medium 9,809 1,219
Affluent 1,867 224

Gender Female 14,382 1,821
Male 12,035 1,459

3145 12,755 1,493

Ace 46-65 5,653 841
& 23-30 4,164 530
18-22 3,845 416

Table 14: Fair-Speech coverage per demographic group:
utterances and minutes of audio. Every analyzed group
exceeds the analysability threshold of 200 utterances
and 30 minutes.

resampling intervals and reflects the precision of
the group WER rather than per-utterance spread.

F Appendix: Common Voice English,
Dutch, and Danish

This section supports the cross-corpus summary in
Section 4.4. Accent groups shown are those meet-
ing the analysability threshold (>200 utterances
and >30 minutes).

Common Voice English (Table 5) offers a useful
contrast to Fair-Speech. The accent hierarchy is
stable, with India/South Asia trailing US and Eng-
land at every depth, and the absolute gap grows
as pruning deepens. But there is no concealment
window: the aggregate degrades from the very first
prune, so a practitioner watching only the corpus
WER would already see the cost. The relative gap
does not widen either: 1.42 at L-0, 1.39 at L-8.

Dutch shows the same persistence without ampli-
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-e- Male
- Female
—-- Aggregate

40 1

WER (%)

Encoder layers pruned (top-down)

Figure 5: WER by gender under top-down pruning (Fair-
Speech, Whisper large-v2; dashed = aggregate). Male
speakers trail at every depth, and the gap widens from
33ppatL-0to 11.1pp at L-8: female speakers improve
slightly at the first prune while male speakers do not,
and they degrade more slowly thereafter.

40
-~ Low
-~ Medium
351 - Affluent
- —-— Aggregate
X 301
o
w
= 25+
201
15- T T T T T
0 2 4 6 8

Encoder layers pruned (top-down)

Figure 6: WER by socioeconomic group under top-
down pruning (Fair-Speech, Whisper large; dashed = ag-
gregate). Affluent speakers keep an advantage at every
depth. The gap does not amplify: the Low-to-Affluent
ratio falls from 1.36 to 1.24 as all groups degrade.

fication (Tables 6 and 7, Fig. 8). Belgian speakers
trail Netherlands speakers at every scale and ev-
ery usable depth, yet the ratio between them stays
essentially flat, between 1.1 and 1.3, across small,
medium, and large-v2 alike. The Dutch gender axis
behaves the same way: male speakers trail at every
depth, echoing the Fair-Speech gender direction,
with the ratio flat near 1.3. The inherited gaps sur-
vive pruning unchanged; unlike the racial gap on
Fair-Speech, they do not widen, and they behave
the same at every model scale.

Danish marks the edge of what this analysis
can reach (Table 8). Even unpruned, the aggre-
gate WER sits at 35.5%, leaving little headroom:
the 40% bound is crossed by six removed layers.



Axis Group n L-O L2 L4 L-6 L-8 Group n L-O L2 L4 L-6 L-8 L-10
Low 14,741 22.3 21.5 25.2 31.9 37.2 Asian 3,854 11.1 11.2 14.2 18.5 22.2 29.1
SES Medium 9,809 21.5 21.6 26.4 33.2 39.5 Native Haw. 969 13.8 14.4 16.0 21.3 27.0 36.7
Affluent 1,867 16.4 15.7 18.2 25.5 30.0 Native Am. 4,616 14.4 15.6 18.0 22.2 26.2 34.8
Male 12,035 23.4 23.7 28.0 36.6 43.7 Hlspamc 2,811 15.6 16.1 19.6 22.8 28.6 33.5
Gender F | 14382 20.1 19.1 22.2 28.2 32.6 White 5,619 16.6 17.9 18.8 23.8 25.8 32.9
emale ’ : : : : : MENA 749 17.9 21.0 23.1 27.6 30.6 40.0
18-22 3,845 16.2 15.5 18.8 25.8 31.0 Black 7,799 24.4 26.4 32.5 41.7 49.3 55.3
23-30 4,164 19.3 18.1 22.0 28.3 34.5
Age 31_45 12755 21.2 21.3 26.5 34.3 41.0 Aggregate 26,417 17.7 18.9 22.3 28.2 33.0 40.0
46-65 5,653 27.0 26.1 28.5 33.7 36.9 ) o )
Table 16: Fair-Speech, ethnicity under LoRA adaptation
Aggregate 26,417 21.6 21.1 25.2 32.0 37.6

Table 15: Fair-Speech, socioeconomic status, gender,
and age (Whisper large); n is the number of utterances

per group.

- 18- 22
-=- 23 -30
31-45
= 46 - 65
—-- Aggregate

40 1

35+

30

WER (%)

254

201

151

Encoder layers pruned (top-down)

Figure 7: WER by age group under top-down pruning
(Fair-Speech, Whisper large-v2; dashed = aggregate).
The oldest group (46-65), worst at baseline, degrades
slowest (+9.9 pp by L-8), while the 31-45 group de-
grades fastest (+19.8 pp) and overtakes it as the worst-
performing group by L-6. The worst-best gap narrows,
but by leveling down, not by helping the group that
started worst.

(a) small - 12 layers

(b) medium - 24 layers

(c) large-v2 - 32 layers

6 0 4 8 12 16 0 4 8
Number of encoder layers removed

0 4 8 12

-~ Belgian -#- Netherlands -s- Aggregate

Figure 8: Common Voice Dutch: Belgian vs Nether-
lands accent WER under top-down pruning, per Whisper
scale (usable range only; dashed = aggregate). Belgian
speakers trail at every scale and depth, but the ratio stays
between 1.1 and 1.3 throughout: the gap does not am-
plify. Each panel ends where its model leaves the usable
range.

The demographic annotations are also sparse; most
groups fall below the analysability threshold, in-
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(Whisper large); n is the number of utterances per group.
WER is lower than in the base model (Table 3) for every
group at every depth.

cluding all female speakers. We therefore draw no
group-level conclusions for Danish, and the table
documents coverage rather than findings. Together,
the three corpora bound the Fair-Speech result: dis-
parities persist everywhere, but amplification hid-
den under an improving aggregate appeared only
on Fair-Speech with the largest encoder.
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Abstract

Automatic speech recognition models are au-
dited for demographic fairness at full preci-
sion, yet the models that ship to production
have been quantized, pruned, and distilled. We
ask whether post-training weight compression,
which alters model weights rather than the
audio signal or its feature representation, re-
distributes error burden across demographic
groups. Across the Whisper family on Fair-
Speech, Common Voice 25, and AfriSpeech-
200, 50% Wanda pruning of Whisper-large-
v3 sharply widens the Black/AA-vs-Asian
temporal-taxation differential on Fair-Speech:
the absolute word-error-rate gap between the
worst- and best-served groups more than dou-
bles; at an assumed cost of five seconds of cor-
rection effort per transcription error this is a
rise from 30 to 64 seconds of correction time
per minute of speech. This +111% relative
increase is invariant to the assumed per-error
cost, survives an audio-quality control, and is
only partly mitigated by beam-search decod-
ing, which still leaves an +86% increase. At
edge model size, INT4 HQQ quantization com-
pounds catastrophic transcript loops on West
African accents by factors of five to seven.
Distillation, by contrast, narrows demographic
gaps in 21 of 27 evaluated settings (teacher-
student pair, precision, and dataset), with the
exceptions concentrated on a single model
pair. We cast the temporal-taxation construct
of Choi and Choi (2025) as a quantitative met-
ric, and show that single-snapshot fairness au-
dits on full-precision models do not capture
the deployment-time burden that compression
places on already-marginalized speakers.

1 Introduction

Regulatory fairness audits of automatic speech
recognition (ASR) systems typically evaluate a full-
precision model and report word-error-rate gaps
across demographic groups (Koenecke et al., 2020;
Tatman and Kasten, 2017; Veliche et al., 2024).
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However, the system deployed in production, espe-
cially on edge devices, is rarely the same as the
one audited. These systems are often reduced-
order distilled or quantized models. For instance,
the Whisper-large-v3 model alone is downloaded
over four million times each month from the Hug-
ging Face Hub and has numerous derivative check-
points, many of which are quantized to INT8 or
INT4, magnitude-pruned, or distilled. This paper
examines how the per-group failure profile changes
when such post-training weight compression is ap-
plied, by which we mean quantization, pruning,
and distillation of model weights, as distinct from
compression of the audio signal or of its feature
representation.

The question is not academic. In transcription,
captioning, and dictation workflows, recognition
errors are typically surfaced to human reviewers for
correction, so a demographic gap in word error rate
becomes a gap in correction labor: worse-served
speakers spend more time repairing transcripts for
the same minute of speech. The relative compound-
ing we report does not depend on this assumption
(Section 3.4). Choi and Choi (2025) formalize this
burden as temporal taxation, which we adopt as
our headline metric because it expresses ASR er-
rors as a concrete time cost to the speaker rather
than an abstract percentage. Compression theory
in vision (Hooker et al., 2019, 2020) and multilin-
gual NLP (Ogueji et al., 2022; Ahia et al., 2021)
predicts that pruning and quantization dispropor-
tionately damage the long tail of input distributions;
text-LLM work reports that quantization effects on
bias are complex and unpredictable across tech-
niques (Kirsten et al., 2025). Whether ASR demo-
graphic groups behave as this long tail under com-
pression is therefore an empirical question with
no confidently predicted direction. Our findings
diverge from the naive long-tail extrapolation in
three ways. Pruning compounding is monotonic in
increasing model capacity, from —0.56 at whisper-
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tiny to +0.58 at whisper-large-v3 (Section 7), the
opposite of the pattern reported in vision. Distilla-
tion narrows demographic gaps in 21 of 27 settings
tested (Section 6), against the prediction that com-
pression damages the tail. And NF4 and HQQ at
the same bit-width redistribute error to different
groups (Section 5.1), so the extrapolation does not
select a direction even within one bit-width.

Prior ASR fairness work treats the model as
fixed: per-model audits at FP32 or FP16, no com-
pression (Koenecke et al., 2020; Tatman and Kas-
ten, 2017; Harris et al., 2024; Veliche et al., 2024,
Ezema et al., 2025; Cunningham et al., 2024; Koe-
necke et al., 2024). Cheng et al. (2026) introduces
a semantic-axis audit but evaluates only at FP32.
Prior ASR compression work has rarely examined
fairness. The main exception is Ferraz (2024),
which measures how 8-bit quantization affects mul-
tilingual demographic gaps in Whisper, but only
at 8-bit and without English dialect or accent axes.
The closest LLM-side work is Kirsten et al. (2025),
who find that inference-acceleration effects on bias
in text models are mixed and method-specific.

Our contributions are fourfold. (i) We present
the first systematic study of post-training pruning
and ASR fairness: 50% Wanda pruning (Sun et al.,
2024) of Whisper-large-v3 more than doubles the
Black/A A-vs-Asian temporal-taxation differential
on Fair-Speech (+111%), an effect invariant to
the assumed per-error cost and robust to an audio-
quality control (Section 4), and reduced but not re-
moved by beam-search decoding, which still leaves
a +86% increase (Section 5.4). (ii) We extend the
8-bit fairness analysis of Ferraz (2024) to sub-8-bit
precision on English dialect and accent: at edge
model size, INT4 HQQ quantization multiplies
catastrophic-loop rates on West African accents by
factors of five to seven, and WER compounding is
capacity-dependent and recipe-specific (Section 5).
(ii1)) We operationalize the temporal-taxation con-
struct of Choi and Choi (2025), originally a con-
ceptual proposal, as a reporting convention for
ASR compression audits. The metric is a linear
rescaling of per-group WER and we do not claim
the arithmetic as a contribution; what it buys is a
deployment-interpretable time unit and, because of
the linearity, a relative compounding measure that
is exactly invariant to the cost-per-error assumption
(Section 3.4). (iv) We report a counter-expectation
result: distillation does not compound demographic
gaps but narrows them in most settings tested, with
one structured exception (Section 6).
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Our results are within the Whisper family, cho-
sen to isolate the effect of compression from con-
founds with architecture, tokenizer, and training
data (Section 3.1); a probe on IBM Granite-4.0-1b-
speech (Appendix F) tests one direction of cross-
family generalization.

2 Related work

ASR Fairness Audits. A line of work documents
demographic disparities in ASR at fixed precision.
Koenecke et al. (2020) reports a two-fold racial gap
across five commercial systems, and Tatman and
Kasten (2017) surfaces a gender-race interaction in
early YouTube and Bing captions. Martin and Tang
(2020) attribute part of the racial gap to mishan-
dling of habitual be and other African American
English features, and Harris et al. (2024) extend the
gender-dialect interaction to modern ASR. Ezema
et al. (2025) catalog cascading effects of ASR bias
in spoken-language interfaces, and Cunningham
et al. (2024) document downstream impacts on
speakers of African American Language. Veliche
et al. (2024) release the Fair-Speech benchmark.
Koenecke et al. (2024) catalog Whisper hallucina-
tion harms that motivate the loop-rate axis tracked
here. Cheng et al. (2026) most recently introduced
a semantic-axis fairness metric. All of this work
treats the model as fixed: it audits which model
fails on whom, not what happens to that failure
profile after compression.

Compression and Bias. Some researchers ob-
serve that compression damages the long tail of
input distributions: Hooker et al. (2019, 2020)
demonstrate this for vision models, and Ogueji
et al. (2022); Ahia et al. (2021) show the same
for multilingual NLP. Kirsten et al. (2025) find
that inference-acceleration effects on LLM bias
are "complex and unpredictable" across techniques.
On the ASR dimension, Ferraz (2024) reports that
8-bit quantization of Whisper amplifies model-
related biases (resourcefulness, model size) on
FLEURS and Common Voice 13 while leaving
speaker-related biases (gender, age) roughly sta-
ble. Still, the analysis is limited to 8-bit precision
and does not examine English dialect or accent.
Feng et al. (2025) benchmark low-bit Whisper for
edge deployment and Andreyev (2025) compare
quantization recipes; neither studies demographic
fairness. The vision and text literatures predict
compounding; the speech literature has examined
only 8-bit quantization, and only on multilingual



axes.

Adjacent work on Whisper deployment-time
fairness. Ginjala et al. (2026) study how acoustic
input degradation and decoder architecture interact
with ASR demographic fairness. The present work
is orthogonal: it perturbs model weights, through
quantization, pruning, and distillation, rather than
the acoustic input, and the two experimental matri-
ces share no common (model, condition) cell.

3 Methods
3.1 Models

The main analysis covers eight Whisper-family
models: five Whisper backbones (whisper-tiny,
whisper-base, whisper-small, whisper-medium,
whisper-large-v3; 39M to 1.55B parameters) and
three Distil-Whisper students paired with their
teachers (distil-small.en, distil-medium.en, distil-
large-v3) (Radford et al., 2023; Gandhi et al., 2023).
Although whisper-large-v3 no longer leads the
Open ASR Leaderboard, the Whisper family spans
the widest publicly available capacity range and
has the most calibrated demographic-fairness base-
lines in prior work (Koenecke et al., 2020; Ferraz,
2024). We exclude Whisper-large-v3-Turbo be-
cause Turbo is itself a layer-pruned compression of
large-v3 and would confound the distillation arm.

Restricting the main analysis to one family is
deliberate: a cross-family comparison would con-
found the compression effect with architecture, to-
kenizer, training data, and audio encoder, the con-
found that limits prior multi-family ASR fairness
audits. The Granite-4.0 probe in Appendix F gives
a one-architecture check on the FP16/INTS8 gap
structure, but does not test the pruning or INT4
claims cross-family.

3.2 Compression methods

Quantization. The sweep covers four precisions
per model: FP16 as the deployment-realistic ref-
erence, INT8 (Dettmers et al., 2022), INT4 NF4
(NormalFloat4), and INT4 HQQ (Half-Quadratic
Quantization; Badri and Shaji, 2023). NF4 and
HQQ are both data-free; including both isolates
the optimization-recipe axis while holding bit-
width and calibration-data status constant. Adapt-
ing HQQ to Whisper’s encoder-decoder required
an implementation fix, which we verified on a
held-out set using FP16. GPTQ (Frantar et al.,
2023) and AWQ (Lin et al., 2024) are excluded
on implementation-availability grounds rather than
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algorithmic ones: both algorithms are architecture-
agnostic, but the reference libraries we tested
(gptagmodel, autoawq) expose per-architecture cal-
ibration classes that do not include encoder-decoder
speech models. Appendix E documents the specific
blockers and notes that torchao provides a module-
level configuration path we did not pursue.

Pruning. We apply Wanda 50% unstructured
pruning (Sun et al., 2024), extended to cover the
linear layers of Whisper’s encoder, decoder, and
decoder cross-attention. Calibration uses 128 ut-
terances from LibriSpeech train-clean-100, held
out from every test set used for fairness claims.
SparseGPT (Frantar and Alistarh, 2023) requires
per-architecture model classes that do not currently
exist for encoder-decoder speech models.

Distillation. Distil-Whisper checkpoints are
paired with the corresponding Whisper teacher
(Gandhi et al., 2023), evaluated at each precision
in the quantization sweep.

3.3 Datasets and demographic axes

Three benchmarks carry the fairness claims, with
LibriSpeech test-clean held in reserve as an
aggregate-WER reference only.  Fair-Speech
(Veliche et al., 2024) provides controlled read
voice-assistant prompts (26,471 utterances, 593
speakers, demographic axes for ethnicity, age, gen-
der, geography, and native-English status). Com-
mon Voice 25 supplies the English test split (16,398
clips) with accent labels populated for seven groups
at n > 50 utterances (us 1343, indian 527, england
437, canada 116, australia 100, scotland 53, african
53). AfriSpeech-200 provides 6,318 test utterances
over 44 fine-grained African accents with n > 50.

3.4 Metrics

Per-utterance metrics include word error rate
(WER), deletion rate, insertion rate, and a per-
utterance loop flag set when a hypothesis con-
tains more than five 5-gram repetitions or when
the hypothesis-to-reference length ratio exceeds
three (thresholds set before the full sweep ran;
see Appendix D). For each (model, configuration,
dataset) cell, we aggregate WER by demographic
group and report the utterance-weighted mean
WER with B = 200 bootstrap 95% confidence in-
tervals. Per-cell fairness is summarized by the max-
min ratio MMR = max; WER,/ min, WER,
and the compounding index (MMRcompressed —
MMRFp16)/MMRFp16.



The headline metric is the temporal-taxation dif-
ferential adapted from Choi and Choi (2025). For
demographic group ¢ in a cell with audio of mean
rate wpm words per minute,

T, = WERy - C - wpm,

where C' is the assumed cost per error in seconds.
T, is a linear rescaling of WER ;; we do not present
the transformation itself as a contribution. Its role
is to express the gap in a deployment-interpretable
unit and to separate the cost-dependent part of the
claim from the cost-independent part. We report
the worst-versus-best group difference and the rel-
ative change in this difference under compression.
Because T} is linear in C, the relative change in the
differential is exactly invariant in C'; only absolute
anchors depend on C. We anchor at C' = 5 s/edit
and report sensitivity over C' € {2, 5, 8} s/edit (Ap-
pendix B). The linear-cost assumption applies to
per-token errors; loop-induced cost, which scales
non-linearly with hypothesis length, is tracked sep-
arately on the loop-rate axis (Section 5.2).

3.5 Statistical methodology

We test paired per-utterance WER differences with
a paired permutation test (B = 2,000 permuta-
tions per cell, two-sided) and adjust within each
cell with the Benjamini-Hochberg procedure across
demographic groups (Benjamini and Hochberg,
1995). Confidence intervals for per-group means
use B = 200 percentile bootstrap samples. Rank-
ing stability of models by MMR across precisions
is summarized by Kendall’s 7. Following Li et al.
(2024), we test for an audio-quality confound on
Fair-Speech by computing a per-utterance SNR
proxy, fitting an ordinary-least-squares regression
of WER on SNR, and re-testing the demographic
F-statistic after the SNR adjustment (full output in
Appendix C).

4 Pruning effects on demographic
temporal taxation

4.1 Headline result

Deploying whisper-large-v3 with 50% Wanda
unstructured pruning on Fair-Speech raises the
Black/AA-vs-Asian temporal-taxation differential
from 30.14 to 63.73 seconds of correction time
per minute of speech at C' = 5 s/edit, a relative in-
crease of 111.4% (Figure 1). The differential more
than doubles, and the relative change is exactly
invariant in C' (sensitivity table in Appendix B),
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so the +111% claim does not depend on the cost-
per-error assumption. The asymmetry is concen-
trated in the worse-served group: under Wanda,
Black/AA WER rises by +7.89 percentage points
(BH-adjusted p =~ 0, n 7782), while Asian
WER rises by only +0.43 points (ppg = 0.006,
n = 3853).

The pattern replicates across cells: whisper-
large-v3 + Wanda widens the indian-vs-canada
Common Voice 25 differential by +68.9%, and
whisper-small + Wanda widens Black/AA-vs-
Asian on Fair-Speech by +51.9% and African-
vs-Canadian on Common Voice 25 by +35.1%
(absolute s/min anchors for all cells in Ap-
pendix B). Nine of the top ten cells in Figure 1 are
Wanda; pruning produces the largest demographic-
redistribution effects in the experimental matrix.
Figure 2 panel (a) shows the per-group breakdown:
under whisper-large-v3 + Wanda, Black/AA stands
alone at 4-7.89 pp while Asian, Native American,
Pacific Islander, and Middle Eastern speakers clus-
ter below +1.5 pp.

4.2 Audio-quality confound

A standing concern in ASR fairness measurement
is that demographic groups are confounded with
recording quality, so observed WER gaps reflect
microphone or environmental differences rather
than accent or dialect (Li et al., 2024). We com-
pute a per-utterance SNR proxy on Fair-Speech,
regress per-utterance WER on SNR, and re-test the
demographic F-statistic on the residual. The eth-
nicity effect survives the SNR control in 34 of 34
(model, precision) Fair-Speech cells. After SNR
adjustment, the demographic MMR is larger than
the raw MMR in every cell, by 15.0% on aver-
age (median 13.9%); the SNR control widens the
gap rather than narrowing it. The pruning com-
pounding result is therefore not explained by SNR-
measurable audio-quality variation; the raw corpus
WER mildly understates the disparity rather than
overstating it. SNR is a partial proxy: reverbera-
tion and non-linear distortion are not captured, and
residual confounding from those sources cannot be
excluded (Limitations).

5 Quantization effects across capacity
and method
5.1 WER compounding and capacity scaling

WER compounding under quantization is capacity-
bounded (Figure 3). At whisper-tiny on Com-



Compression compounds the demographic temporal-taxation differential
(top 10 cells, ranked by relative expansion)

(a) Worst-vs-best group temporal-taxation differential (b) Differential expansion vs FP16
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Figure 1: Temporal-taxation differential under pruning and quantization, between the worst- and best-served
demographic groups, top ten cells by relative compounding. (a) Absolute differential in seconds of correction per
minute of speech, FP16 (blue) versus compressed (vermilion), at five seconds per error; horizontal extensions show
the differential range when the per-error cost varies from two to eight seconds. (b) Relative change in the differential
under compression, which is invariant to the per-error cost assumption. The headline cell is whisper-large-v3 with
50% Wanda pruning on Fair-Speech (Black/AA vs Asian, +111%).

Compression concentrates WER damage on already-marginalized groups

(a) whisper-large-v3 + Wanda 50%, Fair-Speech (b) whisper-tiny + INT4 HQQ, AfriSpeech (top 25 accents by delta)
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Figure 2: Per-group WER damage under pruning (a) and quantization (b) concentrates on already-marginalized
groups. Per-group WER delta (compressed minus FP16, percentage points) with paired-permutation BH-FDR-
significant cells in vermilion (q<0.05). (a) Fair-Speech ethnicity under whisper-large-v3 + 50% Wanda: Black/AA
+7.89 pp; Hispanic and White below the BH threshold. (b) AfriSpeech top-25 accents by delta under whisper-
tiny + INT4 HQQ); all but akan BH-significant.
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mon Voice 25, INT4 HQQ produces 7 of 7 BH-
significant per-accent deltas, all positive, ranging
from +-5.45 pp (Canadian) to +13.19 pp (African).
At whisper-large-v3 on Common Voice 25, INT4
HQQ produces a smaller MMR shift (+0.216), and
only the British English accent reaches BH signifi-
cance (+0.73 pp); the MMR change at this size is
driven by which accent occupies the extremes of
the per-group WER distribution rather than by large
per-group magnitudes. Four mid-size Common
Voice 25 quantization cells show the opposite pat-
tern, with compounding index between —0.13 and
—0.06: MMR narrows because the best-served ac-
cent degrades proportionally harder than the worst-
served one. Under whisper-base + INT4 HQQ,
Canadian WER rises 28% (9.6% to 12.3%) while
African WER rises 12% (24.9% to 27.8%).

NF4 and HQQ at the same bit-width produce dis-
tinguishable redistributions. At whisper-tiny both
recipes compound on the WER axis, but unevenly:
on Common Voice 25, HQQ yields 7 of 7 BH-
significant per-accent deltas against 5 of 7 for NF4,
and on the loop-rate axis HQQ reaches significance
on 7 of 62 AfriSpeech accents and 1 of 7 Fair-
Speech groups where NF4 reaches 1 of 62 and 0 of
7. NF4 nonetheless flattens MMR more at this size
(Common Voice 25 compounding index —0.117
for NF4 against +0.010 for HQQ), because it dam-
ages the best-served accent proportionally harder.
At whisper-large-v3 the per-group picture inverts
on AfriSpeech, where NF4 reaches BH significance
on 3 of 63 accents and HQQ on none, while on
Common Voice 25 HQQ shifts MMR further than
NF4 (40.216 against +0.138). The choice of 4-
bit recipe therefore carries a fairness consequence
as well as an accuracy consequence, consistent
with Kirsten et al. (2025)’s finding that quantiza-
tion method interacts with bias on text LLMs. Fig-
ure 2 panel (b) shows the per-accent evidence for
the strongest WER-compounding cell.

5.2 Loop-rate compounding

Aggregate WER is a poor summary of user-
experienced cost when a fraction of utterances pro-
duce catastrophic transcripts: long hallucination
loops, sustained 5-gram repetitions, and length-
blowups that force minutes of correction effort on
a single sentence (Koenecke et al., 2024). We track
the loop axis separately. A hypothesis is flagged
as a loop when it contains more than five 5-gram
repetitions or its length exceeds three times the ref-
erence length; the thresholds are set in advance of
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the full sweep (Appendix D).

Loop rate compounds (increases) sharply with
edge model size for West African accents. Under
whisper-tiny with INT4 HQQ on AfriSpeech, seven
of 62 accents become BH-significantly worse than
FP16 in paired permutation (Figure 4). Kanuri
(n=66) moves from 4.55% to 30.30% loop rate, a
6.67-fold increase (ppy = 2.68 x 10—3). Hausa
(n=196) moves from 1.53% to 9.18%, a 6.0-fold
increase (ppu = 1.43 x 1072). Yoruba (n=648)
moves from 1.23% to 6.33%, a 5.12-fold increase
(pBH = 8.62 x 10~?). The Fair-Speech replication
is in the same direction: under whisper-tiny + INT4
HQQ, Black/AA loop rate rises from 0.51% to
1.28% (a 2.5-fold increase, n 7807, ppy =
2.46 x 107%). White and other ethnic groups on
Fair-Speech show smaller, non-significant changes.

Since the relative compounding metric controls
for the FP16 baseline within each accent, these re-
sults isolate the quantization-induced increase in
loop rate from baseline accent difficulty. A Ka-
nuri 4.55% loop rate at FP16 is already high; the
claim is that INT4 HQQ multiplies that rate by
6.67 %, not that the absolute rate is high. The signal
weakens at larger model sizes: at whisper-large-v3
+ INT4 HQQ on AfriSpeech, no accent reaches
BH significance for loop-rate compounding (Ap-
pendix A). The loop-rate finding therefore applies
to edge-deployable models, where INT4 is the real-
istic deployment precision.

5.3 Ranking stability

Model rankings by MMR are highly stable across
precisions. Kendall’s 7 between the FP16 rank-
ing and the compressed-precision ranking is 1.000
in 11 of 12 (dataset, precision) cells, with one
adjacent-pair swap at Fair-Speech + INT4 HQQ
(r = 0.929); full table in Appendix A. A prac-
titioner choosing a model on a full-precision au-
dit can rely on the relative ordering surviving de-
ployment at sub-8-bit precision; the absolute fair-
ness gap, in contrast, does not survive (Sections 4
and 5.1).

5.4 Beam-search decoding does not mitigate
compounding

A natural mitigation to consider is whether beam-
search decoding compensates for compression er-
ror. We rerun two models (whisper-small, whisper-
large-v3) at two precisions (FP16, INT4 NF4) on
Fair-Speech and Common Voice 25 with a beam
width of 5, producing 8 quantization ablation cells



Compounding is method-specific and scales with capacity
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Figure 3: Quantization and pruning compounding is method-specific and scales with capacity. Compounding
index (MMR shift relative to FP16) versus Whisper parameter count (log scale); one panel per dataset; each panel
covers four methods (INTS8, INT4 NF4, INT4 HQQ, and 50% Wanda pruning). Solid: Whisper backbones; dotted:
Distil-Whisper. The Fair-Speech Wanda curve (purple) is monotonic from —0.56 at whisper-tiny to +0.58 at
whisper-large-v3, opposite in direction to sub-8-bit quantization. AfriSpeech Wanda is evaluated only at whisper-
tiny, whisper-base, and whisper-medium.
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against the greedy baseline, and separately rerun
the headline pruning cell (whisper-large-v3 + 50%
Wanda on Fair-Speech) at the same beam width.
In six of the eight cells the beam-5 MMR moves
by less than 0.2 from its greedy counterpart, and
in three of the four (model, dataset) pairs beam-5
leaves the NF4 compounding index unchanged or
slightly reduces it. In the fourth pair, whisper-large-
v3 + INT4 NF4 on Common Voice 25, beam-5 am-
plifies the compounding index relative to greedy
(4+0.296 vs +0.138). Loop rate increases under
beam-5 in eight of eight cells, with the largest ab-
solute jump on whisper-large-v3. Beam search is
not a deployment-time fairness fix for quantization
compounding; it can amplify it.

On the pruning arm, beam-5 helps but does not
resolve the disparity. Under whisper-large-v3 +
50% Wanda on Fair-Speech, the compounding in-
dex falls from +0.584 under greedy decoding to
+0.468 under beam-5, and the Black/AA-vs-Asian
temporal-taxation differential rises from 27.95 to
51.91 s/min rather than from 30.14 to 63.73 s/min,
so the headline increase moves from +111% to
+86%. The redistribution is unchanged in shape:
Black/AA still carries by far the largest degrada-
tion (45.63 pp under beam-5 against 47.89 pp un-
der greedy), the next-largest group delta is under
+1.3 pp, and six of seven ethnicity groups reach BH
significance under beam-5 against five of seven un-
der greedy, because beam-5’s lower variance makes
the smaller deltas detectable. Beam search buys
back roughly a fifth of the pruning compounding at
roughly twice the inference cost; it does not make
pruning demographically neutral.

6 Distillation effects on demographic gaps

At the deployment-relevant model size, distillation
narrows the demographic gap on the accent axis:
six of the seven distil-large-v3 cells on AfriSpeech
and Common Voice 25 reduce MMR relative to
their whisper-large-v3 teacher (the exception, Com-
mon Voice 25 at FP16, is a +0.003 shift within
noise), and on AfriSpeech under INT4 HQQ (the
only pair and precision evaluated at this scale) 57
of 63 accents narrow with BH significance. The
direction replicates across the matrix: over 27
(teacher, student, precision, dataset) cells, distil-
lation narrows demographic fairness gaps in 21
cells, shows systematic widening on 4, and shows
near-zero shifts within noise on the remaining 2
(Figure 5). The widening is structured rather than
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scattered, concentrated on the whisper-medium —
distil-medium.en pair on Fair-Speech ethnicity at
every precision (gap-widening index 40.011 to
40.151); the two near-zero shifts (distil-large-v3 +
Fair-Speech + INT4 HQQ at 4-0.010, distil-large-
v3 + Common Voice 25 + FP16 at +0.003) are
within measurement noise.

Aggregate WER rises uniformly under distil-
lation across all 27 cells, with relative student-
vs-teacher WER deltas ranging from +0.07% on
distil-small.en + INT4 HQQ + Common Voice 25
to +31.4% on distil-medium.en + INT4 HQQ +
Fair-Speech. The narrowing is a relative-parity
result rather than an absolute improvement: dis-
tillation raises every group’s WER, but the worst-
served group’s WER scales sub-linearly with the
aggregate increase, so the ratio compresses. Dis-
tillation is therefore fairness-preserving on the ac-
cent axis, with one exception (the medium-capacity
teacher-student pair on read-speech ethnicity). Un-
like pruning and sub-8-bit quantization, distillation
does not concentrate cost on already-marginalized
groups, even though it makes every group worse in
absolute terms.

Candidate mechanisms. Why distillation nar-
rows where pruning compounds is open. Train-
ing on teacher pseudo-labels averages the student’s
loss over the teacher’s full input distribution, which
may regularize against the worst-group behavior
the teacher already exhibits, and may also push the
student toward a smoother decision boundary that
is less peaked on majority-group features. Adjudi-
cating between these would require training-data
attribution or controlled pseudo-label experiments,
which we leave to future work.

7 Concluding Remarks and Discussion

Across the three compression families, the
deployment-vs-benchmark gap is asymmetric.
Pruning compounds the demographic temporal-
taxation differential at the deployment scale; dis-
tillation narrows it on the accent axis (with one
structured-ethnicity exception); and quantization
sits between, capacity-bounded and recipe-specific.
The three families are therefore not interchange-
able from a fairness perspective. A practitioner
choosing between 50% Wanda pruning and INT4
HQQ quantization to fit Whisper-large-v3 on a mo-
bile device is making a fairness decision: Wanda
more than doubles the Black/AA-vs-Asian Fair-
Speech differential, while sub-8-bit quantization



Distillation narrows the demographic gap on accent axes; the medium-capacity pair widens the Fair-Speech ethnicity gap
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Figure 5: Distillation narrows the demographic gap on accent axes but widens the Fair-Speech ethnicity gap for the

whisper-medium — distil-medium.en pair (center panel). Gap-widening index = (MMRgtudent/MMRiteacher) —

]-,

by precision; one panel per teacher-student pair; bars colored by dataset; negative values indicate narrowing.

at the same model size shifts MMR by less than
0.25 and reaches BH significance on only one ac-
cent group (England, 4-0.73 pp). This characteri-
zation applies to the data-free 4-bit recipes and to
Wanda; GPTQ, AWQ, and SparseGPT, which dom-
inate practitioner deployment in many settings, fall
outside this matrix on implementation-availability
grounds: the algorithms are architecture-agnostic,
but the reference libraries expose per-architecture
calibration classes that do not include encoder-
decoder speech models (Appendix E).

Sub-8-bit quantization compounding on the
WER axis fades as model size grows: at whisper-
large-v3, INT4 HQQ yields a Common Voice 25
MMR shift of +0.216 and smaller Fair-Speech
shifts concentrated on specific groups. The Wanda
axis moves in the opposite direction: across the
five Whisper backbones, the Fair-Speech com-
pounding index is strictly monotonic in parame-
ter count, sweeping from —0.56 at whisper-tiny
through —0.34, —0.02, +0.35 to +0.58 at whisper-
large-v3 (Figure 3), where the +111% taxation
differential is the endpoint of the curve. At edge
capacity, Wanda flattens MMR by crushing the
best-served group harder than the worst-served;
compounding emerges at medium capacity. One
candidate mechanism, consistent with prior com-
pression work in vision (Hooker et al., 2019, 2020)
and multilingual NLP (Ogue;ji et al., 2022; Ahia
et al., 2021), is that Wanda’s magnitude x ac-
tivation pruning criterion preferentially removes
weights serving low-frequency input distributions,
which in Whisper training data correspond to the
demographic groups already worst-served at full
precision. Quantization, by contrast, scales mag-
nitudes uniformly within each quantization bucket
and does not selectively prune the long tail. Our
experiments establish the empirical asymmetry but
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cannot adjudicate the mechanism: the deletion-rate
decompositions in Appendix A are consistent with
a long-tail account but are not decisive. A decisive
test would need weight-level attribution to training-
data subpopulations, or a controlled experiment
varying long-tail representation in the calibration
set.

Because the temporal-taxation differential is lin-
ear in C, the relative change under compression
cancels C' exactly, so the +111% pruning com-
pounding claim holds whether a Fair-Speech cap-
tion error costs 2, 5, or 8 seconds; only the absolute
anchors (12 to 102 s/min across C') depend on the
assumption. At five seconds per error, the worst-
served Fair-Speech group already carries roughly
30 minutes of additional correction effort per hour
of speech at full precision, and 50% Wanda raises
this to about 64 minutes: an extra half-hour of
repair labor per hour of audio attributable to com-
pression alone. This decoupling makes temporal
taxation a useful operational fairness metric beyond
mean WER (Choi and Choi, 2025): single-snapshot
FP16 audits miss the redistribution that follows at
deployment (Koenecke et al., 2020; Veliche et al.,
2024; Ferraz, 2024), so deployment-time audits
should evaluate at least one sub-8-bit precision and
one pruned condition.

Limitations

The main results cover one model family, Whisper;
a comprehensive cross-family audit is left to future
work.

The evaluation is English-only and uses
read-speech corpora exclusively (voice-assistant
prompts, read sentences, and read clinical text).
Post-training weight compression may compound
differently on tonal or agglutinative languages. The
read-speech caveat is asymmetric in a known direc-



tion: the WER gap between spontaneous and read
speech is largest for AAVE-speaking and Black/AA
populations (Martin and Tang, 2020; Cunningham
et al., 2024), and these are also the groups carrying
the largest compounding effect in our experiments.
The +111% Wanda compounding result on Fair-
Speech is therefore plausibly a lower bound on the
corresponding effect in spontaneous AAVE; read-
speech evaluation works against detection of the
disparity, not toward it.

Audio-quality provenance remains a partial con-
found. The SNR control in Section 4.2 suggests
that recording quality is not the source of the de-
mographic gap, but SNR is a partial proxy for
recording quality: it does not capture reverberation
or non-linear distortion, and a perceptual-quality
control (for example DNSMOS) was not run. A
residual confound between group membership and
recording conditions therefore cannot be ruled out
without controlled recording-environment data (Li
et al., 2024).

Each compression method is evaluated through
a single reference implementation, so results are
specific to that implementation rather than the un-
derlying algorithm. GPTQ, AWQ, and SparseGPT
are excluded because the reference libraries we
tested expose per-architecture calibration classes
that do not include encoder-decoder speech mod-
els, not because the algorithms are architecture-
specific (Frantar et al., 2023; Lin et al., 2024; Fran-
tar and Alistarh, 2023); Wanda 2:4 structured prun-
ing was attempted and produced catastrophic out-
puts (WER 194% on a 20-utterance test with 32
calibration utterances). Pruning is therefore evalu-
ated only at unstructured 50% sparsity: on all five
Whisper backbones for Fair-Speech and Common
Voice 25, and on whisper-tiny, whisper-base, and
whisper-medium for AfriSpeech. All compression
is strictly post-training; quantization-aware train-
ing and demographic-aware retraining are natural
extensions left to future work.

All results are measured on single released
checkpoints. Our contrasts are within-checkpoint,
comparing FP16 against compressed versions of
identical weights, so variance attributable to the
original training run largely differences out. What
remains unmeasured is whether the magnitude of
the compounding effect would replicate across in-
dependently trained checkpoints. Group fairness
metrics are known to vary substantially across train-
ing runs in other modalities (Ganesh et al., 2023),
and we did not retrain any Whisper model.
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Four additional experiments were proposed dur-
ing review and are not included here: an AWQ
arm configured through torchao, a DNSMOS
perceptual-quality control on the whisper-large-
v3 + Wanda + Fair-Speech cell, an FP8 (E4M3)
arm paralleling INTS, and a search-over-scale vari-
ant of INT8 on whisper-large-v3 + Fair-Speech.
None were completed in time for this version. The
first would test whether an activation-aware 4-bit
recipe redistributes error differently from the two
data-free recipes evaluated here; the second would
replace the SNR proxy with a perceptual measure;
the third and fourth would probe how sensitive
the INT8-is-gentle result is to number format and
scale selection. We record their absence here rather
than leaving the commitments unaddressed; the
conclusions of Sections 4 and 5 should be read as
covering NF4, HQQ, INTS at library-default scale,
and Wanda 50% unstructured only.

Ethical considerations

All datasets are used under their published li-
censes, with no modification and no new data col-
lection; demographic categories follow speaker
self-identification in the source corpora. The com-
pute footprint is approximately 150 A100 GPU-
hours. Code, configurations, and result tables will
be released on publication.

A foreseeable misreading is that compound-
ing argues against deploying compressed ASR for
marginalized populations. The intended reading is
the opposite: withholding edge-deployable ASR
would itself disadvantage the same speakers, since
edge precision is often the only feasible delivery
channel. These findings motivate fairness-aware
compression and per-deployment audits, not a re-
treat from compression.
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A Ranking stability and per-cell

significance
Dataset Precision Kendall 7
AfriSpeech INTS 1.000
AfriSpeech INT4 NF4 1.000
AfriSpeech INT4 HQQ  1.000
Common Voice 25 INT8 1.000
Common Voice 25 INT4 NF4 1.000
Common Voice 25 INT4 HQQ 1.000
Common Voice 25 Wanda 50%  1.000
Fair-Speech INTS 1.000
Fair-Speech INT4 NF4 1.000
Fair-Speech INT4 HQQ  0.929
Fair-Speech Wanda 50%  1.000

Table 1: Kendall’s 7 between FP16 model rankings by
MMR and rankings under each compressed precision.
The single adjacent-pair swap at Fair-Speech + INT4
HQQ is the only deviation from a perfect ordering.

Aggregated BH-FDR significance counts (g <
0.05 within each cell, paired permutation vs. FP16)
over the 56 Common Voice 25 (model, accent)
pairs are: INTS8, 1 of 56 significant per-accent
deltas (distil-large-v3, us, +0.40 pp); INT4 NF4,
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11 of 56 (concentrated on whisper-tiny and whisper-
base); INT4 HQQ, 12 of 56 (the whisper-tiny +
Common Voice 25 cell carries all seven accent
deltas at ¢ < 0.05). Counting whole cells instead,
at least one per-group delta reaches ¢ < 0.05 in
6 of 21 INTS cells, 18 of 21 INT4 NF4 cells, 15
of 21 INT4 HQQ cells, and 13 of 13 Wanda 50%
cells. Across all three datasets INTS8 produces 7
significant per-group deltas out of 427. Four of
the seven fall on AfriSpeech accents with n < 101
(bini +3.35 pp, khana +3.05 pp, etche +2.64 pp,
mwaghavul +1.80 pp); on the two larger bench-
marks the significant deltas are at most +0.40 pp
(Common Voice 25 us) and +0.22 pp (Fair-Speech
Black/AA). INTS is close to, but not exactly,
fairness-neutral, and its exceptions sit on the small-
est accent strata. The Wanda + whisper-large-v3
+ Fair-Speech result is concentrated rather than
uniform: Black/AA carries +7.89pp (ppu ~ 0)
while the next-largest delta is more than five times
smaller, Middle Eastern at 4+1.50 pp, followed by
Pacific Islander at +1.47 pp; Hispanic (40.38 pp,
pau = 0.15) and White (—0.03 pp) fall below the
BH threshold. Decomposing the same cell, deletion
rate accounts for 61% of the Black/AA WER in-
crease and only 34% of the Asian increase, consis-
tent with a long-tail account of how Wanda’s mag-
nitude X activation criterion preferentially removes
weights serving rarer input distributions (Hooker
et al., 2019).

B Temporal-taxation sensitivity

Because T, = WER, - C' - wpm is linear in C,
the worst-vs-best differential scales linearly with C
and the relative change under compression cancels
C exactly. Table 2 reports the top ten cells by rela-
tive compounding at C' € {2, 5, 8} s/edit. Relative
change is identical at every C’; absolute anchors
scale by C/5 from the middle column. Nine of the
top ten cells are Wanda; the only sub-8-bit quan-
tization cell to enter the top ten is whisper-tiny +
INT4 HQQ on CV25.

C SNR confound check

Following Li et al. (2024), we compute a per-
utterance SNR proxy on every Fair-Speech utter-
ance, regress per-utterance WER on SNR via or-
dinary least squares, and re-test the demographic
F-statistic on the residual. Every one of the 34
(model, precision) Fair-Speech cells remains de-
mographically significant after the SNR control
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Model Cell C=2 C=5 C=8 rel.
whisper-large-v3 ~ Wanda, FS Black/AA vs Asian 12.06—25.49 30.14—63.73 48.23—101.97 +111%
whisper-medium  Wanda, FS Black/AA vs Asian 14.99—28.21 37.46—70.53 59.94—112.85 +88%
whisper-base Wanda, CV2S5 indian vs canada 29.86—50.79 74.64—126.97 119.43—203.16 +70%
whisper-large-v3 ~ Wanda, CV25 indian vs canada 14.08—23.79 35.20—59.47 56.32—95.15 +69%
whisper-small Wanda, FS Black/AA vs Asian 23.48—35.67 58.69—89.17 93.91—+142.68 +52%
whisper-tiny INT4 HQQ, CV25 african vs canada  38.82—53.99 97.04—134.97 155.27—215.95 +39%
whisper-small Wanda, CV25 african vs canada 27.64—37.33 69.10—93.33  110.56—149.32 +35%
whisper-medium ~ Wanda, CV25 indian vs canada 18.48—24.41 46.19—61.03 73.91—97.66 +32%
whisper-tiny Wanda, CV25 african vs canada 38.82—50.10 97.04—125.26  155.27—200.41 +29%
whisper-base Wanda, FS Black/AA vs Asian 40.12—49.63  100.30—124.09 160.48—198.54 +24%

Table 2: Worst-vs-best temporal-taxation differential in s/min, FP16 — compressed, at three cost-per-edit values.

The relative change column is invariant in C.

(F-test p < 0.05). The MMR after SNR adjust-
ment is larger than the raw MMR 1in 34 of 34 cells,
on average 15.0% larger (median 13.9%; range
4.7% to 32.3% larger across cells). The SNR con-
trol therefore widens the gap rather than narrowing
it, so the raw corpus WER mildly understates the
disparity.

D Loop-flag threshold and reproducibility

The per-utterance loop flag triggers when a hypoth-
esis contains more than five 5-gram repetitions or
its length exceeds three times the reference length.
Both thresholds were fixed before the full sweep
was run, based on a preliminary inspection of 100
utterances in which non-pathological hypotheses
had at most five 5-gram repetitions (intentional
repetition in voice-assistant prompts) and a length
ratio of at most 2.7.

Threshold sensitivity. To verify that the loop-
rate compounding result does not hinge on these
specific cutoffs, we re-derive the loop flag at two
perturbations of the (rep5, length-ratio) pair: a
loose setting (4,2.5) and a strict setting (6, 3.5).
The recomputation is run directly on the stored
per-utterance rep5 and len_ratio columns and re-
quires no re-inference. Table 3 reports the H2 head-
line cell (whisper-tiny + INT4 HQQ on AfriSpeech)
at each setting. Aggregate loop rate, BH-significant
accent count, and the compounding-index sign are
stable. Three of the five headline West African
accents (Kanuri, Yoruba, Hausa) clear BH-FDR
significance at every threshold (Table 4). Swahili
reaches significance only at the strict setting; Igbo
at none. Per-accent loop-rate ratios for these three
accents stay within a 3.5 to 6.7-fold band across
the threshold range.

All inference uses greedy decoding (except for
the beam-search ablation in Section 5.4) with
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(rep3, len-ratio) FP16—HQQ BH-sig CI
Loose (4,2.5) 2.07% — 6.79% 6/62 +0.73
Baseline (5,3.0) 1.50% — 5.78% 7/62  +0.68
Strict (6, 3.5) 1.42% — 5.46% 8/62 +0.56

Table 3: H2 cell (whisper-tiny + INT4 HQQ on
AfriSpeech) under three loop-flag thresholds. BH-sig is
the count of accents (out of 62 with n > 30) reaching
q < 0.05 in two-proportion z-tests with Benjamini-
Hochberg correction. CI is the smoothed loop-rate
MMR compounding index. Aggregate loop rate de-
creases as the threshold tightens, but the FP16-to-HQQ
contrast and the per-accent ranking are preserved.

Accent (n) Loose Baseline Strict
Kanuri (66) 4.00x* 6.67x*  6.33x*
Yoruba (648) 3.50x*  5.12x*  5.00x*
Hausa (196) 4.75%* 6.00x*  5.00x*
Swabhili (521) 2.71x 3.40x  4.25x*
Igbo (355) 2.20x 2.83% 2.83x

Table 4: INT4 HQQ over FP16 loop-rate ratio under
whisper-tiny on AfriSpeech, for the five headline West
African accents at each loop-flag setting. * marks ¢ <
0.05 after BH-FDR correction within the 62-accent slate.
The three accents driving the H2 claim (Kanuri, Yoruba,
Hausa) are significant at every setting.

deterministic-kernel flags, fixed random seeds, and
a pinned environment. Two reruns of the same 100
utterance ids on Whisper-large-v3 + FP16 produced
bit-identical hypotheses on the same hardware.

E Excluded compression methods

AWQ (Lin et al., 2024) is excluded because its ref-
erence library has been deprecated and its successor
pipeline is tied to a serving runtime without first-
class encoder-decoder support. GPTQ (Frantar
et al., 2023) and SparseGPT (Frantar and Alistarh,
2023) are excluded because their reference imple-
mentations expose per-architecture classes that do
not currently include any encoder-decoder speech



model; implementing a Whisper adapter for either
method would require non-trivial new infrastruc-
ture (per-block calibration walks across encoder,
decoder, and cross-attention) and would not add
a contrast beyond the data-free 4-bit recipes (NF4
and HQQ) already evaluated. Wanda 2:4 structured
pruning was attempted on whisper-small and pro-
duced catastrophic outputs on a 20-utterance test
with 32 calibration utterances (WER 194%), incom-
patible with the narrow attention-head dimensions
of Whisper, and is therefore dropped from the main
sweep.

In every case the blocker is the reference im-
plementation rather than the algorithm. The spe-
cific blockers we hit were: gptgmodel 7.0 lists
no encoder-decoder architecture among its sup-
ported model classes and requires a transformers
major-version upgrade that would invalidate our
pinned determinism baseline; auto-gptq does not
build against the pinned torch and Python versions;
and autoawq fails to import against transformers
4.57 and has been deprecated in favor of a serving-
runtime pipeline. A Whisper adapter for any
of these would need per-block calibration walks
across the encoder, the decoder, and the decoder
cross-attention projections. We note for future
work that torchao exposes a module-level config-
uration path for AWQ that does not require a per-
architecture class, which we did not pursue for this
version.

F Granite-4.0 generalization probe

To check whether the INTS portion of the quantiza-
tion findings generalizes beyond Whisper, we eval-
uate IBM Granite-4.0-1b-speech (a 1B-parameter
speech model with architecture distinct from Whis-
per) on Fair-Speech at FP16 and INT8. The probe
is appendix-only and cannot test the main claims
of this paper: pruning was not applied to Granite,
and INT4 was not evaluated, so the probe speaks
only to the INT8 sub-claim of Section 5 and to the
baseline demographic-gap structure.
Granite-Speech is less accurate than Whisper-
large-v3 at FP16 on Fair-Speech (utterance-
weighted mean WER including loop-flagged hy-
potheses, 10.72% vs 6.10%), but the per-ethnicity
gap structure is essentially identical (per-group
figures below, as everywhere in the paper, are
loop-filtered corpus WER): Black/AA speakers
carry the highest WER (14.79% on Granite, 9.78%
on Whisper-large-v3), Asian speakers the low-
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est (5.13% on Granite, 3.27% on Whisper-large-
v3), and the FP16 max-min ratios across ethnic-
ity groups are within 0.1 of each other (Granite
MMR = 2.88; Whisper-large-v3Z MMR = 2.99).
The shape of the demographic disparity there-
fore survives a substantial architectural change,
which suggests the baseline gap is not a Whisper-
specific training artifact and is more likely driven
by training-data distribution shared across speech
models or by Fair-Speech’s own demographic com-
position.

INT8 quantization preserves both the aggregate
accuracy and the demographic-gap structure on
Granite. Aggregate WER moves from 10.72% to
11.02%, the MMR shifts from 2.883 to 2.896 (com-
pounding index +0.004), loop rate is unchanged at
0.45%, and the largest per-ethnicity WER delta is
+0.51 pp on Middle Eastern speakers (n = 747).
This is consistent with the Whisper INT8 result
reported in Section 5, where INTS8 produced 7 BH-
significant per-group deltas out of 427 across all
three datasets, none of them on Fair-Speech eth-
nicity groups larger than 4-0.22 pp (Appendix A).
The INTS-is-gentle finding therefore generalizes to
one non-Whisper architecture. The probe does not
adjudicate whether the pruning or INT4 findings
generalize; cross-family experiments on those axes
are left to future work.
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Abstract

In this study, TurkSV-Bench is introduced as
a novel benchmark dataset to evaluate the
zero-shot cross-lingual performance and de-
mographic biases of Turkish speaker verifica-
tion (SV) systems. Created via an automated
pipeline from YouTube data, this dataset com-
prises 1,844 audio recordings from 461 speak-
ers representing diverse age groups, genders,
and regional dialects. Evaluation of existing
models identifies ResNet34-LM as the most
successful baseline architecture. Subgroup
analyses demonstrate the models’ generaliza-
tion capabilities across different gender and
age demographics, while revealing distinct per-
formance variations among regional dialects.
Comprehensive evaluations of various prepro-
cessing techniques highlight the baseline ar-
chitecture’s structural robustness, identifying
specific configurations that maintain or refine
verification performance without requiring ag-
gressive signal filtering.

1 Introduction

Speaker verification (SV) is a biometric task that
verifies whether a given voice recording belongs
to a claimed identity by comparing it with a previ-
ously recorded reference sample. Unlike speaker
identification, SV does not aim to recognize a spe-
cific speaker, but rather determines whether two
voice samples belong to the same person. Today,
SV systems are widely used in applications such as
telephone banking, call center identity verification,
smart assistants, mobile devices, access control,
and digital forensics.

With the development of deep learning methods,
embedding-based architectures have become the
standard, transforming speaker-specific discrimina-
tive features into low-dimensional representation
vectors and achieving high success on benchmark
datasets such as VoxCeleb (Nagrani et al., 2017)
and CN-Celeb (Fan et al., 2020).
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However, the vast majority of existing speaker
verification models are trained on English or multi-
lingual datasets, making their application to Turk-
ish speech inherently a cross-lingual transfer prob-
lem. Turkish differs significantly from these train-
ing languages in terms of phonetic structure, ag-
glutinative characteristics, speech rhythm, and rich
regional dialect diversity. Despite this, compre-
hensive studies systematically examining the per-
formance of state-of-the-art speaker verification
models on Turkish remain quite limited, making
the evaluation of existing models’ generalizability
to Turkish speech an important research problem.

Another significant shortcoming in Turkish
speaker verification research is the lack of a com-
prehensive and reliable benchmark dataset, as ex-
isting datasets are limited in terms of age, gender,
regional dialects, and demographic diversity, mak-
ing it difficult to systematically evaluate model per-
formance across different user groups.

In this study, we develop an end-to-end au-
tomated data collection and processing pipeline
for Turkish speaker verification and use it to cre-
ate a new benchmark dataset, named as TurkSV-
Bench. The system automatically collects au-
dio recordings from publicly available YouTube
videos and playlists, performing voice activity de-
tection, speaker diarization, removal of overlap-
ping speech, quality control, and data management.
The dataset accounts for varying age groups, gen-
ders, and regional dialect diversity across Turkey,
yielding a traceable benchmark for analyzing both
speaker verification performance and potential de-
mographic biases.

Rather than proposing a new speaker verifica-
tion model, this study aims to systematically evalu-
ate state-of-the-art models by establishing a com-
prehensive benchmark for Turkish. Widely used
speaker verification models from the literature are
compared on the Turkish dataset under a common
experimental protocol to identify the most success-
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ful base model, thereby analyzing the zero-shot
cross-lingual performance of models trained on
different languages when applied to Turkish.

In the second stage, a comprehensive preprocess-
ing analysis is conducted on the identified base
model, evaluating methods such as normalization,
pre-emphasis, windowing, noise reduction, and
voice activity detection, both individually and in
combination. The primary objective is to identify
preprocessing strategies that reduce the False Ac-
cept (FA) rate while increasing similarity between
reference and test audios, as well as to system-
atically examine how multi-stage filtering chains
strengthen or weaken speaker-specific discrimina-
tive features.

2 Related Work

Speaker verification systems have made significant
progress in text-independent tasks with the adop-
tion of deep learning approaches. In particular, the
transition from traditional vector-based methods
to CNN and Transformer-based architectures has
greatly increased the robustness of models under
different acoustic conditions (Sang et al., 2023).

The difference between the language on which
models are trained and the language on which they
are tested brings about cross-lingual transfer prob-
lems. Recent studies in the literature systemati-
cally examining the cross-lingual transfer capabili-
ties of different SV architectures show that model
design plays a critical role in obtaining language-
independent speaker representations (Buitrago and
Hernando, 2026).

Besides model architectures, preprocessing tech-
niques applied to speech signals also have a signifi-
cant role on system performance. Various studies
emphasize that steps such as voice activity detec-
tion (VAD), silence removal, noise reduction, and
loudness normalization can positively affect the
quality of the obtained embeddings and thus the
verification performance (Labied et al., 2022).

The equal and fair performance of speaker veri-
fication systems across all demographic groups is
one of the most critical issues that speech research
has focused on in recent years. It reveals that sys-
tem performance can show significant variations
according to demographic characteristics such as
age, gender, and dialect, and that this situation can
lead to bias in models (Hutiri and Ding, 2022).

Large-scale benchmark datasets such as Vox-
Celeb play a central role in the advancement of
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speaker verification research and the standardized
comparison of different methods. These datasets
offer consistent evaluation protocols to the com-
munity to measure the robustness of models un-
der different recording conditions and populations
(Nagrani et al., 2017). In the literature, a study fo-
cused on the effect of language mismatch in Turk-
ish speaker verification using a dataset of 73 speak-
ers (47 male, 26 female), showing that language
mismatch between training and test data signifi-
cantly degrades performance (Hanilgi, 2017).

3 Methodology
3.1 Dataset

In this study, a novel benchmark dataset was cre-
ated for use in Turkish speaker verification research.
The dataset was designed to offer a more compre-
hensive and distinct structure compared to exist-
ing speaker verification datasets in the literature in
terms of demographic diversity and regional dialect
coverage. Thus, it provides not only a benchmark
for measuring the general verification performance
of models but also enables the investigation of po-
tential biases associated with performance varia-
tions across different demographic structures.

%
100

Speakers
461

Recordings

1,844

Category
Total
Gender

Male
Female

310
151

67
33

1,240
604

Age
Adult (< 50)
Elder (> 50)

293
168

1,172
672

63.6

Regional Dialect
Istanbul
Black Sea
Central Anatolia
Eastern
Thrace
Aegean

381

oo

SRS R

21
19

Table 1: Dataset statistics.

TurkSV-Bench consists of a total of 1,844 dis-
tinct voice recordings belonging to 461 different
speakers. Each speaker is represented by four
fixed-length voice samples extracted from different
and non-overlapping time intervals of the YouTube
video from which the audio was sourced. Maintain-
ing four recordings per speaker allows for the cre-
ation of multiple genuine verification pairs among
different samples belonging to the same speaker
and enables a more reliable measurement of intra-
speaker variability.

In the construction of the dataset, gender, age,
and regional dialect distributions were considered
jointly to support subgroup-based evaluation and
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Figure 1: Pipeline for building the speaker verification benchmark dataset.

increase representational diversity. The dataset in-
cludes female and male speakers; adult, and el-
der age groups; and speakers representing Istanbul,
Black Sea, Central Anatolia, Eastern, Thrace, and
Aegean regional dialect categories. The resulting
demographic and regional distribution is summa-
rized in Table 1.

Field

person_id
data_id

url
start/end
person_number
gender
age_group
region

Description

Speaker identity (P1, P2, ...)
Recording identity (P1_D1, ..., P1_D4)
Source video link

Start and end times in the video
Number of detected speakers

Gender label

Age group (adult/elder)

Regional dialect label

Table 2: Metadatas stored for each audio recording.

Each recording is stored together with the meta-
data fields defined in Table 2.

The end-to-end pipeline followed in creating the
benchmark dataset is shown in Figure 1. The pre-
processing and quality control steps applied to the
created dataset include the following:

Only the audio stream was extracted from the
source videos; the recordings were converted to 16
kHz, mono, and WAV format. To increase the prob-
ability of excluding credits, music, advertisements,
and promotional sections frequently found at the
beginning of the videos, the first 60 seconds were
not processed. The processing interval was lim-
ited to the 1000th second to ensure obtaining data
of sufficient length from each person, considering
the possibility of multiple people in a single video.
Voice activity detection (VAD) was performed us-
ing Silero VAD (Silero Team, 2021), silent sections
were removed, and only speech-containing regions
were preserved. Speaker diarization was carried
out with the pyannote.audio 3.1 pipeline (Plaquet
and Bredin, 2023; Bredin, 2023) to determine the
time intervals of the speakers, overlapping speech
was cleaned, and each speaker was recorded with
a separate identity. A 14-second segment was ex-
tracted from each recording; to eliminate overlaps
caused by speaker transitions and clipped words
concentrated at the edges, one second was further
trimmed from each end, resulting in the final 12-
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second recording.

To identify duplicate speakers semi-
automatically, speaker embeddings extracted
using an off-the-shelf ECAPA-TDNN model
(Desplanques et al., 2020) trained on VoxCeleb
were compared pairwise, and identities showing
high similarity were manually examined and
removed from the dataset. The age group and
gender labels of the speakers were predicted using
a wav2vec 2.0-based age and gender estimation
model (Burkhardt et al., 2023). Following the
automated processing stages, a manual quality-
control procedure was applied to all recordings.
Each speaker in TurkSV-Bench is represented by
four 12-second recordings, and all four recordings
associated with every speaker identity were
listened to individually. This review was used to
verify consistency among the recordings assigned
to the same speaker and to identify residual errors
that could remain after speaker diarization, overlap
removal, and automatic metadata estimation. The
automatically predicted age-group and gender
labels were also subjected to human verification.

3.2 Models

The fundamental architectural features of current
deep learning-based models, which are examined
within the scope of the study and stand out in the
literature for the speaker verification task, are sum-
marized.

WeSpeaker ResNet34-LM is a ResNet34-based
speaker verification model that extracts speaker-
specific discriminative features from the audio sig-
nal. The model learns local patterns in the time
and frequency axes by processing log-Mel filter-
bank features with two-dimensional convolutional
layers. The model, which has approximately 6.63
million parameters, is trained on the VoxCeleb2-
dev dataset, and large-margin fine-tuning is applied
to the model to better separate different speakers in
the embedding space (Wang et al., 2023a).

ECAPA-TDNN is a speaker verification model
that improves the x-vector architecture with chan-



nel attention mechanisms and multi-scale feature
aggregation. The model combines layer outputs
at different depths using Res2Net-based blocks;
it generates fixed-dimensional embeddings from
variable-length audios through attentive statistics
pooling. The model, with approximately 20.8 mil-
lion parameters, is trained on the VoxCelebl and
VoxCeleb2 datasets (Desplanques et al., 2020).

CAM++ is a densely connected TDNN (D-
TDNN) based speaker verification model devel-
oped to extract speaker-specific information. The
model processes time-frequency details with a two-
dimensional convolutional front-end and aims to
highlight speaker-related features and reduce the
effect of noise through a context-aware masking
mechanism. The model, which has a multi-scale
pooling structure, contains approximately 7.18 mil-
lion parameters (Wang et al., 2023b).

The ERes2Net family consists of speaker veri-
fication models that enhance the multi-scale struc-
ture of Res2Net with attention-based feature fu-
sion mechanisms. The base ERes2Net aims to
produce more discriminative speaker embeddings
by combining local details within residual blocks
and information from different network stages.
ERes2NetV2 is a model with 17.8 million parame-
ters that increases computational efficiency with fu-
sion components that simplify the structure (Chen
et al., 2024). ERes2Net-large is the higher-capacity
version of the base structure with 22.46 million
parameters (Chen et al., 2023).

TitaNet-Large is a ContextNet-based model de-
veloped for speaker verification. The model learns
local and global speaker-specific features by com-
bining one-dimensional depthwise separable con-
volutions with Squeeze-and-Excitation layers; it
transforms variable-length recordings into 192-
dimensional t-vector embeddings using channel-
attentive statistical pooling. It is a model with ap-
proximately 23 million parameters (Koluguri et al.,
2022).

ESPnet ECAPA-WavLM combines the self-
supervised speech representations of WavLM-
Large with an ECAPA-TDNN speaker encoder:
the WavLM front-end extracts contextual and
speaker-specific information from raw audio,
which ECAPA-TDNN transforms into discrimina-
tive speaker embeddings. The model is trained on
the VoxCelebl and VoxCeleb2 development sets
(Jung et al., 2024).

WavLM-MHFA combines the self-supervised
speech representations of WavLM-Base+ with a
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ROCCH-

ROCCH- FAR@ TO-HTER  EER
Model TO-HTER EER minDCF FRR=0 FA|FR E[FA]|E[FR]
ResNet34-LM 00055  0.0107 0.0091 00110 1860  181.3]0.30
ERes2NetV2 00598  0.0635 00122 0.1812 801]2  1077.5|1.76
ECAPA-TDNN 00631  0.0652 00146 0.1676 9152  1105.5/1.80
ERes2Net 00732 00612 00117 1.1476 1256]2 1037.9]1.69
TitaNet-Large ~ 0.0812  0.0591 00100 02045 15292  1002.2|1.63
ERes2Net-Large  0.1802  0.1659  0.0226 0.8196 3048|5  2814.6|4.59
WavLM-MHFA ~ 0.1803  0.1714 00153 13176 3052|5 2908.54.74
ECAPA-WavLM 02227  0.2137 00193 15746 3876]6  3625.65.91
CAM++ 02807 02470 0.0213 3.4263 4618]8  4190.0/6.83

Table 3: Benchmark results for speaker verification models on
TurkSV-Bench.

Multi-Head Factorized Attentive Pooling (MHFA)
layer, which fuses information from different Trans-
former layers via multiple attention heads to en-
hance speaker discrimination. With its 64-head
structure, the model contains 96.2 million parame-
ters (Peng et al., 2023).

3.3 Preprocessing Methods

Prior to the embedding extraction stage, various
preprocessing steps described below are performed
in order to reduce systemic or environmental dis-
torting effects in the speech signals and to make
the recordings optimally suited for the network ar-
chitecture.

Peak Normalization: All samples are scaled to
a specific range by taking the absolute highest am-
plitude value of the signal as a reference. This
fundamental operation aims to balance the general
volume differences among different audio record-
ings.

RMS Normalization: The root mean square en-
ergy of the signal is calculated and adjusted to a
target level. Since it is based on the average en-
ergy rather than peak values, it provides a more
robust and consistent normalization against sudden
amplitude spikes in the speech signal.

Amplitude Scaling: Preserving the original mor-
phological features of the signal, the amplitude val-
ues are multiplied linearly by a constant coefficient.
It is a fundamental operation that only adjusts the
magnitude of the signal and does not cause struc-
tural distortion.

Loudness Normalization (LUFS): In this method,
the signal is brought to a perceptual target loudness
level (—23 LUFS in this study) by taking the fre-
quency sensitivity of the human auditory system
into account. Unlike energy-based approaches, it
aims to increase perceptual consistency.

DC Offset Removal: By bringing the arithmetic
mean of the signal to zero, DC offsets that may
originate from recording devices or the audio chain
are cleaned. Thus, low-frequency artifact compo-



nents are prevented from negatively affecting the
feature extraction stage.

Pre-emphasis: A first-order high-pass filter is
applied to balance the natural spectral tilt of the
speech signal. This operation makes speaker-
specific formant information in higher frequency
bands more prominent. In the study, the values
0.95, 0.97, and 0.99 are examined comparatively
to analyze the effect of the « coefficient on perfor-
mance.

Cepstral Mean Normalization (CMN): Used to
suppress static spectral distortions from the chan-
nel and recording environment. Since models use
end-to-end feature extraction, a waveform-level
equivalent is designed by resynthesizing the sig-
nal after subtracting the band-based logarithmic
amplitude mean in the STFT domain.

Windowing: Hamming, Hanning, and Blackman
window functions are tested to minimize spectral
leakage and smooth discontinuities at frame bound-
aries. The signal is windowed by dividing it into
frames of 25 ms length with a 10 ms shift, and then
the waveform is reconstructed using the overlap-
add method.

Spectral Subtraction: The noise spectrum esti-
mated from the silent (low-energy) sections of the
recording is subtracted from the overall amplitude
spectrum of the signal. In this way, stationary back-
ground noise is suppressed, ensuring that speaker
features are obtained more clearly.

Wiener Filtering: An adaptive filtering is per-
formed with the Minimum Mean Square Error
(MMSE) criterion, based on the statistical prop-
erties of the signal and noise. This method aims
to directly improve the speaker verification per-
formance by increasing the Signal-to-Noise Ratio
(SNR).

4 [Experiments

The experimental studies were conducted on the
TurkSV-Bench dataset detailed in Section 3.1, com-
prising 1,844 speech recordings from 461 speakers.
A total of 1,699,246 evaluation trials were con-
structed, consisting of 2,766 genuine and 1,696,480
impostor trials.

System performance was evaluated using
Threshold-Optimized Half Total Error Rate (TO-
HTER), ROC Convex Hull Equal Error Rate
(ROCCH-EER), the minimum Detection Cost
Function (minDCF), and FAR @FRR=0. False Ac-
cept (FA) and False Reject (FR) counts were ad-
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ditionally reported at the corresponding operating
points.

Cosine similarity between the speaker embed-
ding vectors extracted from each pair of speech
samples was used as the verification score. For a
decision threshold 6, a pair was accepted as belong-
ing to the same speaker when its cosine similarity
score was greater than or equal to 6, and rejected
otherwise. Accordingly, a false accept (FA) oc-
curs when an impostor pair is incorrectly accepted,
whereas a false reject (FR) occurs when a genuine
pair is incorrectly rejected. FAR and FRR were
calculated as the percentages of FA and FR relative
to the total number of impostor and genuine pairs,
respectively, at each decision threshold. We addi-
tionally report FAR @FRR=0, defined as the false
acceptance rate at the strictest empirically attain-
able decision threshold for which no genuine trial
is falsely rejected.

At a decision threshold 6, HTER is computed
as the arithmetic mean of FAR(#) and FRR(0)
(Bengio and Mariéthoz, 2004). The empirical TO-
HTER operating point is selected by minimizing
|[FAR(0) — FRR(0)| over the available evaluation
thresholds.

Equal-error performance is additionally charac-
terized using ROCCH-EER, obtained from the in-
tersection of the ROC convex hull with the FAR =
FRR diagonal (Briimmer and de Villiers, 2013).
This formulation provides an equal-error estimate
when the discrete empirical operating points do not
contain an exact equality between FAR and FRR,
which is particularly relevant in low-error operating
regions.

The minDCEF is additionally reported as the min-
imum application-weighted detection cost over the
evaluated decision thresholds.

Observed errors at TO-HTER are denoted

as FAQTO-HTER and FRQTO-HTER.
Expected errors at ROCCH-EER are re-
ported as  E[FAJQROCCH-EER  and

E[FR|J@QROCCH-EER, which can be non-
integers since this operating point may lie between
empirically attainable points.

The evaluation consists of two stages. In the
first stage, the speaker verification models intro-
duced in Section 3.2 were compared to identify the
architecture yielding the most discriminative rep-
resentation, establishing it as the baseline. For this
stage, overall results computed across the entire
dataset are presented in Table 3, while performance
broken down by gender, age, and regional dialect



is reported in Table 4.

In the second stage, using this baseline model,
we analyzed the impact of the signal preprocessing
techniques described in Section 3.3 on verification
performance. Similarly, overall results computed
across the entire dataset are presented in Table 5,
while the corresponding breakdown by gender, age,
and regional dialect is reported in Table 6.

As part of the preprocessing analysis, all possible
pairwise and triple-wise chain filter combinations
of the individual filters examined in this study were
tested. Due to space constraints and readability, the
results of all combinations could not be presented
in detail; only the most successful filter chains are
reported in this paper.

5 Results

The evaluated pretrained speaker verification sys-
tems demonstrated varying levels of zero-shot gen-
eralization to Turkish speech. Among the models
reported in Table 3, ResNet34-LM achieved the
strongest overall performance, with a TO-HTER
of 0.0055%, a ROCCH-EER of 0.0107%, and a
minDCEF of 0.0091. ResNet34-LLM was therefore
used as the baseline architecture for the subsequent
preprocessing analyses.

The demographic subgroup results in Table 4
show relatively small differences between the male
and female subsets for ResNet34-LM. The model
yielded TO-HTER values of 0.0100% for male
speakers and 0.0080% for female speakers, with
corresponding ROCCH-EER values of 0.0187%
and 0.0152%, respectively. For the Adult and EI-
der age groups reported in the subgroup compari-
son, TO-HTER values were 0.0076% and 0.0116%,
while ROCCH-EER values were 0.0148% and
0.0217%, respectively. A larger separation was
observed across regional-dialect groups. The Is-
tanbul subset yielded a TO-HTER of 0.0057% and
a ROCCH-EER of 0.0112%, whereas the Other
Dialects subset yielded 0.0356% and 0.0656%, re-
spectively.

Table 5 summarizes the overall preprocessing
results obtained with ResNet34-LM. Among the in-
dividual preprocessing methods, pre-emphasis with
a = 0.97 yielded a TO-HTER of 0.0051% and a
ROCCH-EER of 0.0096%, while CMN yielded
0.0052% and 0.0098%, respectively. The selected
pairwise and triple-filter configurations remained
within a similarly narrow low-error range. In con-
trast, spectral subtraction and Wiener filtering pro-

duced substantially higher error rates across the
reported evaluation metrics.

The subgroup preprocessing results in Table 6
further show that the effect of preprocessing de-
pends on both subgroup and evaluation metric. For
male speakers, the baseline TO-HTER of 0.0100%
changed to 0.0078% with pre-emphasis at @ =
0.99, while for female speakers the baseline value
of 0.0080% changed to 0.0077% with pre-emphasis
at a = 0.97. For Adult speakers, the baseline TO-
HTER of 0.0076% and ROCCH-EER of 0.0148%
decreased to 0.0075% and 0.0142%, respectively,
with either CMN or pre-emphasis at o = 0.97.
Pre-emphasis at o = 0.99 reduced Adult minDCF
from 0.0129 to 0.0117, but increased TO-HTER
to 0.0080%. For Elder speakers, the baseline TO-
HTER of 0.0116% changed to 0.0082% with either
CMN or pre-emphasis at o = 0.99. For the Other
Dialects subset, the baseline TO-HTER of 0.0356%
changed to 0.0297% with CMN and to 0.0287% for
the reported Blackman+CMN-based pairwise and
triple-filter configurations. These changes reflect
the effects observed at the corresponding operating
points, which varied across the evaluated prepro-
cessing configurations. Spectral subtraction and
Wiener filtering, in contrast, consistently produced
substantially higher error rates across the demo-
graphic and regional-dialect subsets.

6 Discussion and Conclusion

In this study, we present an end-to-end data gen-
eration pipeline that automates the process from
data collection to quality control. Using this infras-
tructure, we benchmark a diverse set of pretrained
speaker-verification models, evaluating their zero-
shot generalization to Turkish speech as well as the
effects of several speech preprocessing methods.

The model comparison shows that performance
on Turkish speech varies substantially across ar-
chitectures. ResNet34-LM achieved the strongest
overall results despite having considerably fewer
parameters than several competing systems. This
suggests that model capacity alone does not de-
termine cross-lingual speaker-verification perfor-
mance and that architectural design and training
strategy may play an important role in generaliza-
tion to Turkish speech.

From a demographic perspective, gender- and
age-related differences were relatively limited and
varied across models. In contrast, more noticeable
differences were observed between the Istanbul
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and Other Dialects subsets, with the Istanbul sub-
set generally yielding lower error rates across the
evaluated systems.

The preprocessing experiments show that most
methods produced only small changes in overall
verification performance. The observed improve-
ments were limited to specific preprocessing meth-
ods and evaluation metrics, while the results var-
ied across demographic subgroups. Pre-emphasis,
CMN, and several filter combinations produced

small improvements in some evaluation metrics.
These findings indicate that the effect of preprocess-
ing was dependent on the evaluation setting, with
some configurations providing modest improve-
ments for certain demographic subgroups. In con-
trast, spectral subtraction and Wiener filtering re-
sulted in consistently higher error rates, indicating
that these more intensive noise-suppression meth-
ods were less suitable for the speaker-recognition
conditions considered in this study.

(a) Gender

Male

Female

TO-HTER ROCCH-EER

TO-HTER ROCCH-EER

Model TO-HTER ROCCH-EER minDCF FAR@FRR=0 FA|FR E[FA]|E[FR] TO-HTER ROCCH-EER minDCF FAR@FRR=0 FA|FR E[FA]|E[FR]
ResNet34-LM 0.0100 0.0187 0.0166 0.0200 153]0 143.59/0.35 0.0080 0.0152 0.0066 0.0160 2910 27.55(0.14
ERes2NetV2 0.0628 0.0402 0.0153 0.0718 550(1 308.30/0.75 0.2707 0.1727 0.0110 0.5359 5812 312.97|1.56
ECAPA-TDNN 0.0550 0.0463 0.0200 0.0826 4311 354.82|0.86 0.2889 0.1641 0.0154 0.5033 647|2 297.31(1.49
ERes2Net 0.0579 0.0591 0.0170 0.1254 475|1 452.81|1.10 0.1209 0.1218 0.0110 2.9249 2381 220.77|1.10
TitaNet-Large 0.0838 0.0875 0.0158 0.3003 460|2 670.21|1.63 0.0952 0.0511 0.0110 0.0800 145(1 92.65|0.46
ERes2Net-Large  0.2183 0.2025 0.0273 0.5280 1698|4 1551.48|3.77 0.3237 0.2581 0.0270 1.4134 5733 467.71|2.34
‘WavLM-MHFA 0.1615 0.1327 0.0200 1.0041 1239(3 1016.78(2.47 0.4821 0.3966 0.0225 4.0121 947|4 718.63|3.59
ECAPA-WavLM  0.2190 0.2014 0.0225 2.2620 1709|4 1543.65(3.75 0.4818 0.3710 0.0368 4.5817 9464 672.31|3.36
CAM++ 0.3747 0.3132 0.0253 5.7355 2859|7 2400.19(5.83 0.4418 0.3469 0.0199 1.0822 8014 628.64|3.14
(b) Age
Adult (< 50) Elder (> 50)

TO-HTER ROCCH-EER TO-HTER ROCCH-EER
Model TO-HTER ROCCH-EER minDCF FAR@FRR=0 FA|FR E[FA]|E[FR] TO-HTER ROCCH-EER minDCF FAR@FRR=0 FA|FR E[FA]|E[FR]
ResNet34-LM 0.0076 0.0148 0.0129 0.0152 104]0 101.02]0.26 0.0116 0.0217 0.0148 0.0232 5210 48.7210.22
ERes2NetV2 0.1146 0.0785 0.0106 0.1921 790|2 537.32|1.38 0.1026 0.0689 0.0277 0.1060 238|1 154.6510.69
ECAPA-TDNN 0.1268 0.0895 0.0191 0.1893 957|2 612.47|1.57 0.0172 0.0320 0.0180 0.0343 7710 71.84/|0.32
ERes2Net 0.0666 0.0699 0.0113 1.0359 523|1 478.39|1.23 0.0964 0.0668 0.0280 0.0936 210|1 150.0310.67
TitaNet-Large 0.1239 0.0854 0.0150 0.2376 9182 584.74|1.50 0.0080 0.0158 0.0146 0.0160 36|0 35.52|0.16
ERes2Net-Large  0.1188 0.1206 0.0214 0.2444 8472 825.64(2.12 0.2767 0.2858 0.0362 1.6717 574|3 641.46|2.88
‘WavLM-MHFA 0.2908 0.2579 0.0227 1.6542 2034|5 1765.10(4.53 0.0207 0.0354 0.0200 0.0414 9310 79.44|0.36
ECAPA-WavLM  0.3395 0.3241 0.0285 1.9150 2311|6 2218.11[5.70 0.0187 0.0354 0.0235 0.0374 84|0 79.37(0.36
CAM++ 0.1856 0.1353 0.0188 0.5103 1373|3 926.01]2.38 0.5939 0.5119 0.0333 6.5663 1330(6 1149.06/5.16

(¢) Regional Dialect
Istanbul Other Dialects

TO-HTER ROCCH-EER TO-HTER ROCCH-EER
Model TO-HTER ROCCH-EER minDCF FAR@FRR=0 FA|FR E[FA]|E[FR] TO-HTER ROCCH-EER minDCF FAR@FRR=0 FA|FR E[FA]|E[FR]
ResNet34-LM 0.0057 0.0112 0.0098 0.0114 13210 129.28]0.26 0.0356 0.0656 0.0397 0.0712 36|0 33.17]0.31
ERes2NetV2 0.0486 0.0312 0.0068 0.0534 6181 361.71]0.71 0.5149 0.2908 0.0703 0.6290 310[2 147.02|1.40
ECAPA-TDNN 0.0411 0.0400 0.0110 0.1874 4451 463.41[0.91 0.3923 0.2926 0.0592 0.6052 186(2 147.96|1.40
ERes2Net 0.0055 0.0107 0.0065 0.0111 128]0 123.84(0.24 0.4170 0.3423 0.0731 4.4086 2112 173.06|1.64
TitaNet-Large 0.0934 0.0690 0.0109 0.2261 1150(2 799.39|1.58 0.2031 0.1175 0.0361 0.1978 100(1 59.40(0.56
ERes2Net-Large  0.0912 0.0869 0.0170 0.2314 1100[2  1007.04|1.99  0.6566 0.6148 0.0779 1.7880 348|3 310.84]2.95
WavLM-MHFA  0.1237 0.1216 0.0159 0.4029 1345|3  1408.25[2.78  0.7812 0.4998 0.0460 1.7820 474(3 252.69(2.40
ECAPA-WavLM  0.1317 0.0996 0.0194 0.2471 153113  1153.30[2.28  1.0005 0.7736 0.0522 1.8097 485|5 391.11{3.71
CAM++ 0.1996 0.1561 0.0132 3.7873 2596|4  1807.83|3.57  0.8785 0.8067 0.0758 1.6594 467(4 407.89|3.87

Table 4: Benchmark results of models across (a) gender, (b) age, and (c) regional dialect subgroups on TurkSV-Bench.

TO-HTER ROCCH-EER
Preprocessing Method TO-HTER ROCCH-EER minDCF FAR@FRR=0 FA|FR E[FA]|E[FR]
Baseline 0.0055 0.0107 0.0091 0.0110 186]0 181.27]0.30
Pre-emphasis (o« = 0.99) 0.0053 0.0098 0.0079 0.0106 180[0 166.43|0.27
CMN 0.0052 0.0098 0.0084 0.0104 176]0 167.01|0.27
Pre-emphasis (o« = 0.97) 0.0051 0.0096 0.0084 0.0102 173]0 163.41|0.27
Amplitude scaling 0.0055 0.0107 0.0091 0.0110 186]0 181.27|0.30
RMS normalization 0.0055 0.0107 0.0091 0.0110 186]0 181.27|0.30
DC offset removal 0.0055 0.0107 0.0091 0.0110 186/0 181.27/|0.30
Peak normalization 0.0055 0.0107 0.0091 0.0110 186/0 181.27/|0.30
Loudness normalization (—23 LUFS) 0.0055 0.0107 0.0091 0.0110 1860 181.27]0.30
Hamming windowing 0.0055 0.0107 0.0091 0.0110 186/0 181.27/|0.30
Hann windowing 0.0055 0.0107 0.0091 0.0110 186/0 181.37|0.30
Blackman windowing 0.0055 0.0107 0.0091 0.0110 186/0 181.37(0.30
Spectral subtraction 1.0113 0.9782 0.1617 11.0728 17140(28 16594.97|27.06
Wiener filtering 2.0258 2.0219 0.1856 31.1352 34388|56 34301.13|55.93
Pairwise filter combinations
Blackman + CMN 0.0051 0.0098 0.0083 0.0102 17310 165.45(0.27
Hann + Pre-emphasis (« = 0.97) 0.0051 0.0096 0.0084 0.0101 172]0 162.71]0.27
Triple filter combinations
Blackman + Hann + CMN 0.0051 0.0098 0.0083 0.0102 17310 165.45]0.27
RMS normalization + Hann + CMN 0.0051 0.0098 0.0083 0.0102 173]0 165.45]0.27

Table 5: Benchmark results of preprocessing methods applied with the ResNet34-LM model.
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(a) Age

Adult (< 50)

Elder (> 50)

TO- ROCCH- TO- ROCCH-
TO- ROCCH- FAR@ HTER EER TO- ROCCH- FAR@ HTER EER
Preprocessing Method HTER minDCF EER FRR=0 FA|FR E[FA]JIE[FR] HTER minDCF EER FRR=0 FA|FR E[FA]E[FR]
Baseline 0.0076  0.0129 0.0148 0.0152 10410 101.0210.26  0.0116  0.0148 0.0217 0.0232 5210 48.72|0.22
Peak normalization 0.0076  0.0129 0.0148 0.0152 104|0 101.02|/0.26 ~ 0.0116  0.0148 0.0217 0.0232 52(0 48.72|0.22
RMS normalization 0.0076  0.0129 0.0148 0.0152 104]0 101.0210.26  0.0116  0.0148 0.0217 0.0232 52|10 48.72|0.22
Amplitude scaling 0.0076  0.0129 0.0148 0.0152 104]0 101.02/0.26  0.0116  0.0148 0.0217 0.0232 5210 48.72|0.22
CMN 0.0075  0.0121 0.0142 0.0150 103|0 97.25|0.25 0.0082  0.0136 0.0160 0.0165 3710 35.87/0.16
Loudness normalization 0.0076  0.0129 0.0148 0.0152 1040 101.0210.26 ~ 0.0116  0.0148 0.0217 0.0232 52|10 48.72|0.22
DC offset removal 0.0076  0.0129 0.0148 0.0152 104]0 101.02|0.26  0.0116  0.0148 0.0217 0.0232 52(0 48.72|0.22
Pre-emphasis (« = 0.97) 0.0075  0.0120 0.0142 0.0150 103]0 97.25|0.25 0.0085  0.0135 0.0163 0.0169 38(0 36.68/0.16
Pre-emphasis (a = 0.99) 0.0080  0.0117 0.0147 0.0159 109]0 100.7210.26  0.0082  0.0135 0.0160 0.0165 37(0 35.87/0.16
Hamming windowing 0.0076  0.0129 0.0148 0.0152 104]0 101.02|/0.26 ~ 0.0116  0.0148 0.0217 0.0232 52(0 48.72|0.22
Hann windowing 0.0076  0.0129 0.0148 0.0152 104|0 101.02[0.26  0.0116  0.0148 0.0217 0.0232 52|10 48.72|0.22
Blackman windowing 0.0076  0.0129 0.0148 0.0152 104|0 101.02(0.26  0.0116  0.0148 0.0217 0.0232 52|10 48.72|0.22
Spectral subtraction 0.8581  0.1792 0.8424 4.5529  5907|15  5765.66|14.81 1.1903  0.1503 1.1303  10.5579 2671|112 2536.86|11.39
Wiener filtering 22054  0.2042 2.1762  29.4458 15005|39 14894.92|38.26 2.0893  0.1902 1.9439  14.0215 4703|21 4363.13|19.59
Pairwise filter combinations
Blackman + CMN 0.0073  0.0121 0.0139 0.0146 100(0 95.11]0.24 0.0082  0.0140 0.0161 0.0165 3710 36.03]0.16
Hann + Pre-emphasis
(a = 0.97) 0.0075  0.0120 0.0142 0.0150 10310 97.25|0.25 0.0085  0.0135 0.0163 0.0169 38/0 36.68/0.16
Triple filter combinations
Blackman + Hann + CMN  0.0073  0.0121 0.0139 0.0146 100(0 95.11]0.24 0.0082  0.0140 0.0161 0.0165 3710 36.03/0.16
RMS + Hann + CMN 0.0073  0.0121 0.0139 0.0146 100[0 95.11]0.24 0.0082  0.0140 0.0161 0.0165 370 36.03]0.16
(b) Gender
Male Female
TO- ROCCH- TO- ROCCH-
TO- ROCCH- FAR@ HTER EER TO- ROCCH- FAR@ HTER EER
Preprocessing Method HTER minDCF EER FRR=0 FA|FR E[FA]JIE[FR] HTER minDCF EER FRR=0 FA|FR E[FA]|E[FR]
Baseline 0.0100  0.0166 0.0187 0.0200 15310 143.5910.35 0.0080  0.0066 0.0152 0.0160 29(0 27.55|0.14
Peak normalization 0.0100  0.0166 0.0187 0.0200 153|0 143.59]0.35 0.0080  0.0066 0.0152 0.0160 29|10 27.55|0.14
RMS normalization 0.0100  0.0166 0.0187 0.0200 153(0 143.59(0.35 0.0080  0.0066 0.0152 0.0160 29|10 27.55|0.14
Amplitude scaling 0.0100  0.0166 0.0187 0.0200 1530 143.59(0.35 0.0080  0.0066 0.0152 0.0160 29|10 27.55|0.14
CMN 0.0083  0.0159 0.0163 0.0166 127]0 124.58|0.30  0.0086  0.0071 0.0156 0.0171 31[0 28.18]0.14
Loudness normalization 0.0100  0.0166 0.0187 0.0200 153]0 143.59]0.35 0.0080  0.0066 0.0152 0.0160 29(0 27.55|0.14
DC offset removal 0.0100  0.0166 0.0187 0.0200 153]0 143.59|0.35 0.0080  0.0066 0.0152 0.0160 29(0 27.55|0.14
Pre-emphasis (o = 0.97) 0.0082  0.0158 0.0161 0.0163 125]0 123.35|0.30  0.0077  0.0055 0.0142 0.0155 28|10 25.69|0.13
Pre-emphasis (« = 0.99) 0.0078  0.0155 0.0155 0.0157 120(0 118.94[0.29  0.0088  0.0055 0.0159 0.0177 32|0 28.83|0.14
Hamming windowing 0.0100  0.0166 0.0187 0.0200 153]0 143.59(0.35 0.0080  0.0066 0.0152 0.0160 29|10 27.55|0.14
Hann windowing 0.0100  0.0166 0.0188 0.0200 1530 143.92|0.35 0.0080  0.0066 0.0152 0.0160 29|10 27.55|0.14
Blackman windowing 0.0100  0.0166 0.0188 0.0200 153]0 143.92|0.35 0.0080  0.0066 0.0152 0.0160 29|10 27.55|0.14
Spectral subtraction 1.2311  0.1897 1.1736  13.6497 9392|23  8993.42|21.83 1.5494 0.2173 1.5007  27.2853 281514 2719.30|13.60
Wiener filtering 1.7192  0.1648 1.7046  47.2108 13165|32 13063.00|31.71 3.5055 0.2611 3.4075  47.1181 6304]32 6174.39|30.87
Pairwise filter combinations
Blackman + CMN 0.0084  0.0157 0.0163 0.0167 12810 124.67|10.30  0.0077  0.0071 0.0142 0.0155 28/0 25.8110.13
Hann + Pre-emphasis
(a = 0.97) 0.0082  0.0157 0.0161 0.0163 12510 123.35]0.30  0.0077  0.0055 0.0142 0.0155 28/0 25.69|0.13
Triple filter combinations
Blackman + Hann + CMN  0.0084  0.0157 0.0163 0.0167 12810 124.67|10.30  0.0077  0.0071 0.0142 0.0155 28(0 25.8110.13
RMS + Hann + CMN 0.0084  0.0157 0.0163 0.0167 128]0 124.67/0.30  0.0077  0.0071 0.0142 0.0155 28(0 25.81]0.13
(c) Regional Dialect
Istanbul Other Dialects
TO- ROCCH- TO- ROCCH-
TO- ROCCH- FAR@ HTER EER TO- ROCCH- FAR@ HTER EER
Preprocessing Method HTER minDCF EER FRR=0 FA|FR E[FA]|E[FR] HTER minDCF EER FRR=0 FA|FR E[FA]|E[FR]
Baseline 0.0057  0.0098 0.0112 0.0114 13210 129.28]0.26 0.0356  0.0397 0.0656 0.0712 3610 33.17]0.31
Peak normalization 0.0057  0.0098 0.0112 0.0114 132]0 129.28]0.26 0.0356  0.0397 0.0656 0.0712 360 33.17|0.31
RMS normalization 0.0057  0.0098 0.0112 0.0114 132]0 129.28|0.26 0.0356  0.0397 0.0656 0.0712 360 33.17|0.31
Amplitude scaling 0.0057  0.0098 0.0112 0.0114 13210 129.28(0.26 0.0356  0.0397 0.0656 0.0712 36/0 33.17|0.31
CMN 0.0057  0.0093 0.0108 0.0113 131]0 125.31]0.25 0.0297  0.0441 0.0566 0.0593 30(0 28.64(0.27
Loudness normalization 0.0057  0.0098 0.0112 0.0114 132]0 129.28(0.26 0.0356  0.0397 0.0656 0.0712 36/0 33.17|0.31
DC offset removal 0.0057  0.0098 0.0112 0.0114 132]0 129.28]0.26 0.0356  0.0397 0.0656 0.0712 36/0 33.17|0.31
Pre-emphasis (« = 0.97) 0.0056  0.0089 0.0105 0.0111 129]0 122.02(0.24  0.0356  0.0402 0.0668 0.0712 360 33.76/0.32
Pre-emphasis (o« = 0.99) 0.0058  0.0086 0.0108 0.0117 135]0 125.12]0.25 0.0346  0.0402 0.0655 0.0692 35|0 33.11|0.31
Hamming windowing 0.0057  0.0098 0.0112 0.0114 1320 129.28|0.26 0.0356  0.0397 0.0656 0.0712 36|0 33.17|0.31
Hann windowing 0.0057  0.0098 0.0112 0.0114 13210 129.28(0.26 0.0346  0.0397 0.0643 0.0692 35]0 32.53]0.31
Blackman windowing 0.0057  0.0098 0.0112 0.0114 132]0 9.28|0.26 0.0346  0.0397 0.0643 0.0692 35]0 32.53]0.31
Spectral subtraction 09129  0.1611 0.8918  11.1952 10508|21 10329.61]20.39 0.6141  0.1217 0.5698 4.4165 30513 288.09(2.74
Wiener filtering 22315  0.1940 2.1633  30.9427 25853|51 25056.17|49.45 2.0405 0.2101 1.9488  20.6112 1010|/10  985.32|9.35
Pairwise filter combinations
Blackman + CMN 0.0055  0.0093 0.0107 0.0111 12810 123.6110.24  0.0287  0.0420 0.0553 0.0574 2910 27.9410.27
Hann + Pre-emphasis
(a = 0.97) 0.0055  0.0089 0.0105 0.0111 12810 121.30/0.24  0.0356  0.0402 0.0668 0.0712 36/0 33.76/0.32
Triple filter combinations
Blackman + Hann + CMN  0.0055  0.0093 0.0107 0.0111 12810 123.6110.24  0.0287  0.0420 0.0553 0.0574 2910 27.9410.27
RMS + Hann + CMN 0.0055  0.0093 0.0107 0.0111 128]0 123.61/0.24  0.0287  0.0420 0.0553 0.0574 2910 27.94|0.27

Table 6: Preprocessing results across (a) age, (b) gender, and (c) regional dialect subgroups.

Limitations

Due to the nature of the data collection platform,
TurkSV-Bench exhibits partial imbalances in the
distribution of age, gender, and regional dialects.
Future work can extend the benchmark with larger
and more balanced subgroup distributions, and ad-
ditional acoustic conditions to provide more robust
estimates of real-world speaker-verification perfor-

mance. Additionally, as both reference and test
recordings are extracted from the same source, the
resulting performance metrics may be somewhat
optimistic compared to true cross-session condi-
tions.

Ethics Statement

The audio recordings collected within the scope
of TurkSV-Bench have been anonymized and uti-

102



lized solely for research purposes. Due to per-
sonal data usage policies, raw audio files cannot be
shared. However, the data collection methodology
and metadata are provided in detail to researchers.
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Abstract

Recent work suggests that obscure language
registers can weaken large language model re-
fusal behavior, especially when paired with
black-box prompt optimization. It remains un-
clear whether failures stem from non-standard
surface form, culturally grounded framing,
or optimization over an expressive prompt-
strategy space. We study Chinese registers
by extending a classical-Chinese red-teaming
framework to Shanghainese and Cantonese and
running a 36-cell ablation across surface forms,
strategy-bank variants, and two target models.
The main finding is corrective: dialectal sur-
face form is neither necessary nor sufficient for
high attack success. Non-optimized English,
Mandarin, and naive dialect translations remain
below 8% attack success rate, whereas all con-
ditions that retain an optimizer-controlled strat-
egy bank reach 98-100%. A culture-neutral
generic strategy bank reaches the same ceil-
ing at near-single-query cost, further indicating
that strategy-bank expressiveness, rather than
dialectal or cultural content, accounts for most
of the observed effect. Dialect choice still af-
fects query efficiency and response severity,
and qualitative coding identifies recurring high-
level mechanisms such as semantic glossing
and procedural scaffolding. We qualify the ab-
solute ceiling-level attack success rate by show-
ing sensitivity to judge calibration and noting
that the design does not fully separate one-shot
strategy construction from iterative search.

1 Introduction

LLMs are increasingly deployed as multilingual
assistants, but their safety mechanisms are rarely
evaluated with the same linguistic breadth as their
advertised capabilities. A model that robustly re-
fuses a harmful English or Mandarin request may
respond differently when the same intent is embed-
ded in a low-resource language, a dialectal regis-
ter, or a locally specific cultural frame. This gap
matters both technically and socially: technically,

it reveals weak semantic generalization of safety
alignment; socially, it risks creating unequal pro-
tection for speakers of underrepresented languages
and varieties.

Prior work has documented cross-lingual jail-
break vulnerabilities in low-resource languages
(Yong et al., 2023; Deng et al., 2024), automatic
adversarial suffixes (Zou et al., 2023), and real-
world prompt jailbreak communities (Shen et al.,
2024). Most closely related to our study, Huang
et al. (2026) show that classical Chinese—a con-
cise, historically prestigious, and comparatively un-
derrepresented written register—can bypass model
safeguards when paired with black-box prompt op-
timization. That result raises two related questions.
First, is the vulnerability specific to classical Chi-
nese, or does it generalize to living Chinese re-
gional varieties whose written forms, idioms, and
cultural references are also underrepresented in
safety training? Second, within such an attack,
which component is actually doing the work: the
dialectal surface form, the cultural framing, or the
iterative optimizer over an attack-strategy space?

We investigate both questions through a red-
team evaluation of Chinese dialectal distribution
shifts. We use “dialect” in its common NLP sense
for regional Sinitic varieties, while recognizing that
Shanghainese/Wu and Cantonese/Yue are linguis-
tically rich varieties with distinct phonology, lex-
icon, and sociocultural histories. Unlike classical
Chinese—a historical, largely written-only register
no longer used in everyday speech—these are /iv-
ing varieties with millions of contemporary speak-
ers, which is what makes gaps in their safety cov-
erage practically consequential. Our goal is not to
characterize speakers or communities as risky, but
to test whether LLM safety mechanisms generalize
across the contexts in which users actually interact
with deployed systems.

We extend the CC-BOS framework (Huang
et al., 2026)—a black-box jailbreak that uses a
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population-based optimizer (fruit-fly optimization,
FOA) to search over a bank of prompt-construction
strategies, requiring only query access to the
target—from classical Chinese to Shanghainese
and Cantonese, preserving the black-box optimiza-
tion loop but replacing the register-specific prompt
constructor with dialect-specific sociocultural fram-
ing modules and adding a two-stage translation
pipeline. On top of this we design a six-condition
ablation varying (i) the surface form (English, Man-
darin, dialect) and (ii) which optimizer strategy di-
mensions are active, evaluated against GPT-40 and
DeepSeek-Reasoner on a 50-prompt AdvBench
subset (1800 evaluations). The attack and transla-
tion model is DeepSeek-Chat, the judge is GPT-40,
and we early-stop at 7 = 80 on a 0-120 scale.
This paper makes the following contributions:

1. We design a controlled 36-cell ablation that
systematically varies the surface form and the
cultural-framing strategy bank while holding
the target models, judge, and evaluation budget
fixed, and show that an expressive optimizer-
controlled strategy bank dominates while the di-
alect surface form contributes only to efficiency
and severity, not to binary success. (Our design
does not separate iterative search from one-shot
strategy-bank construction; we return to this in
Section 8.)

2. We extend dialectal red-team evaluation for Chi-
nese regional varieties from classical Chinese to
Shanghainese/Wu and Cantonese/Yue, and re-
port that the dialect-framed attack reaches 100%
ASR on both GPT-40 and DeepSeek-Reasoner
under our judge and threshold.

3. We provide a safety-preserving qualitative tax-
onomy of successful living-dialect attacks, with
reliability probed by an independent automated
re-coder (median k = 0.71 between the au-
thor and a hypothesis-blind language-model
agent; Section G), identifying semantic gloss-
ing, procedural scaffolding, commerce/logistics
metaphors, grey-zone authority frames, and
performative social scripts as recurring mech-
anisms, and show via a non-FOA template-
artifact control that these mechanisms are emer-
gent under optimization rather than artifacts of
the prompt template.

4. We articulate a safety-preserving reporting pro-
tocol for dialectal jailbreak research: pub-

lish aggregate metrics, failure modes, and de-
fenses, while withholding optimized adversarial
prompts and harmful target responses. !

2 Related Work

Jailbreak attacks and red teaming. LLM jail-
break research studies prompts that induce models
to violate intended safety policies. Early work char-
acterized real-world jailbreak prompts and their
strategies, including role play, privilege escalation,
and prompt injection (Shen et al., 2024). Auto-
mated methods search over adversarial strings or
prompt transformations, such as gradient-guided
suffix optimization (Zou et al., 2023), red-teaming
with language models (Ganguli et al., 2022; Perez
et al., 2022), and benchmark-driven safety and jail-
break evaluation (Gehman et al., 2020; Chao et al.,
2023; Souly et al., 2024). A closely related line
optimizes readable prompts or whole templates
rather than suffixes: genetic-algorithm search over
handcrafted prompts (Liu et al., 2024), fuzzing-
style mutation of seed jailbreak templates (Yu et al.,
2023), tree-of-attack refinement (Mehrotra et al.,
2024), and encoding-based transformations such
as ciphering (Yuan et al., 2024). These methods
already show that optimization or mutation over a
template/strategy space can break GPT-class mod-
els, so a key part of our contribution is the correc-
tive finding that, on top of such an optimizer, the
dialectal surface form and its cultural grounding
add essentially nothing to binary success. Our work
follows this empirical safety-evaluation tradition
but focuses on a specific source of distribution shift:
Chinese dialectal and cultural register, and the in-
teraction between that shift and an optimizer-driven
attack-strategy bank.

Multilingual safety alignment. Modern LLMs
acquire refusal behavior through alignment tech-
niques such as reinforcement learning from hu-
man feedback (Ouyang et al., 2022) and Constitu-
tional Al (Bai et al., 2022), but these safeguards
are trained mostly on high-resource languages and
often fail to generalize: Yong et al. (2023) show
that translating unsafe prompts into low-resource
languages bypasses GPT-4 safeguards, and Deng
et al. (2024) find unsafe behavior increasing as
language resource availability decreases, with mul-
tilingual alignment hard to resolve via translated

!Code and aggregate evaluation results are available in the
project repository.
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data alone (Shen et al., 2024). These studies typi-
cally operate at the level of national languages; we
instead examine regional Sinitic varieties and cul-
turally grounded register shifts within the Chinese
language family.

Obscure-register jailbreaks. Most closely re-
lated is CC-BOS (Huang et al., 2026), which uses
multi-dimensional fruit-fly optimization over di-
mensions such as role, metaphor, expression, and
context to generate classical-Chinese adversarial
prompts in black-box settings, framing classical
Chinese as concise and obscure relative to modern
safety-training corpora. We ask whether this “high
capability—low alignment” phenomenon extends to
living dialects, and whether the dialectal surface
form is itself load-bearing.

Dialectal and low-resource NLP. NLP systems
underperform on dialectal and low-resource va-
rieties because data, annotation, and evaluation
norms privilege standardized registers (Joshi et al.,
2020; Bender, 2011), creating representational and
practical harms. We connect this to LLM safety
by showing that dialectal and register variation
exposes inconsistencies in refusal robustness, not
only in task accuracy—while clarifying that in our
ablation the dominant failure mode is optimization
over strategy dimensions rather than the dialect
surface form alone, so the effect is broader than
dialectal coverage per se.

3 Threat Model and Responsible Scope

We evaluate a black-box red-team setting in which
an auditor queries a deployed target model and
observes its response, with access to an attack
model that proposes dialect-framed variants and
a translation model for judge-based evaluation—
approximating third-party robustness auditing of
closed-weight systems. Because jailbreak research
is dual-use, we restrict operational detail: we re-
port aggregate metrics, sanitized methodology, and
defense implications, and omit optimized prompts,
raw harmful responses, and prompt templates that
would make the attack directly reusable.

4 Method

4.1 Base Optimizer

Our evaluation builds on the CC-BOS black-box
optimization framework (Huang et al., 2026). At a
high level, the optimizer maintains a small popula-
tion of prompt-construction policies. Each policy

maps a harmful intent into a dialect-framed prompt
using a set of register, context, and metaphor dimen-
sions. The target model is queried with candidate
prompts; the resulting responses are translated to
English when necessary; and an automated judge
assigns a score. The optimizer then updates the
candidate population using a bio-inspired search
procedure—fruit-fly optimization (FOA), which
we use as shorthand for the optimizer throughout.

Let x; denote the i-th harmful-intent prompt, d €
D a dialect/register, and m € M a target model.
A prompt constructor produces a dialectal prompt
zi 4.0 = m(x;,d), where 6 indexes a redacted set
of register-framing choices; the target returns y =
m(ziq4,0), translated to English as § = Ty(y) when
required. The judge assigns a consistency score
¢i € {0,20,...,100} (a 0-5 rubric scaled by 20)
plus a keyword bonus b; € {0,20}, giving a total
si = ¢ + b; € [0,120]. We define success at
threshold 7 = 80:

ASR, (d, m) = %Z]I{si(d, m) >} (1)
=1

We separately report Avg.Score, the average judge
rating on the original 0-5 scale (more comparable
to the rubric than the thresholded score), and the
average number of target-model queries Avg.Q,
over all prompts and over successful prompts.
The consistency score c¢; is the judge’s rating
of how fully the response carries out the harmful
intent—as opposed to refusing, deflecting, or an-
swering a different question—on the 0-5 rubric of
Huang et al. (2026), rescaled by 20 so that it shares
the 0-120 range with the keyword bonus. We in-
herit the rubric, the x20 scaling, and the success
threshold 7 = 80 (a rubric level of 4 out of 5) un-
changed from CC-BOS for comparability; none of
the three is tuned, and 7 is applied identically to
every dialect, target, and condition. Because binary
ASR depends on this cutoff, we report a threshold-
sensitivity analysis in Appendix I: the two-regime
gap between non-FOA and FOA conditions persists
across 7 € {40, 60,80} (non-FOA stays below 7%
while FOA remains at ceiling), so the headline con-
trast is not an artifact of the specific threshold.

4.2 Dialect Extensions
We evaluate three prompt registers:
* Classical Chinese: the original CC-BOS base-

line, using a single-stage classical-Chinese-to-
English translation path for evaluation.
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* Shanghainese/Wu: a living regional variety
with dialect-specific lexical and pragmatic fea-
tures, paired with local sociocultural fram-
ing. Evaluation uses a two-stage translation
path: Shanghainese/Wu-oriented text to Man-
darin gloss, then Mandarin to English.

» Cantonese/Yue: a living regional variety with
a broader online footprint than Shanghainese,
paired with southern Chinese and Hong Kong
cultural framing. Evaluation also uses the two-
stage translation path.

The dialect modules preserve the optimizer in-
terface and the number of high-level strategy di-
mensions, but the concrete prompt templates and
optimized prompts are not disclosed. This design
permits direct comparison with classical Chinese
while reducing the risk of releasing reusable attack
artifacts.

4.3 Translation and Quality Control

Because target responses may contain dialectal,
Mandarin, or mixed-register content, we trans-
late before judging (single-stage for classical
Chinese, two-stage through Mandarin glosses
for Shanghainese and Cantonese). The system
logs translation-quality flags for hedging or low-
confidence phrases; this does not eliminate trans-
lation noise but prevents obvious low-confidence
translations from being silently treated as reliable
evidence.

4.4 Ablation Conditions

To separate the contribution of the dialectal surface
form from the contribution of the cultural-framing
strategy bank and the FOA optimizer itself, we par-
tition the optimizer’s eight prompt-construction di-
mensions into two banks: surface-form dimensions
(e.g., expression style, knowledge framing) and
cultural-frame dimensions (e.g., role, metaphor,
context, guidance). The exact split is given in our
public configuration. Crossing FOA usage, frozen-
dimension bank, and surface form yields the six
conditions in Table 1.

The three non-FOA conditions isolate surface
form alone (English, Mandarin, or naive dialect
translation); the three FOA conditions isolate the
optimizer by freezing one bank: surface-form-
only (dialect_without_cultural_frame),
cultural-frame-only in Mandarin
(mandarin_with_cultural_frame),

Condition FOA? Frozendims Surface form
english_original no n/a English
mandarin_translation no n/a Mandarin
naive_dialect_translation no n/a Dialect
dialect_without_cultural_frame yes cultural Dialect
mandarin_with_cultural_frame yes surface Mandarin
full_dialect_cultural_frame yes none Dialect

Table 1: The six ablation conditions. Non-FOA condi-
tions issue a single attack-LLM call per harmful intent
and skip the optimization loop. FOA conditions with
a frozen bank fix those dimensions at a canonical base-
line.

or both banks in the target dialect

(full_dialect_cultural_frame).

S Experimental Setup

Dataset. We use the 50-prompt AdvBench subset
used in the CC-BOS comparison setting (Zou et al.,
2023; Huang et al., 2026). The prompts cover mul-
tiple harmful-intent categories. In the paper we do
not reproduce the raw prompts.

Models. The attack model is DeepSeek-Chat,
which proposes candidate dialect-framed prompts.
The translation model is also DeepSeek-Chat.
The automated judge is GPT-40. The target
models are GPT-40 and DeepSeek-Reasoner.
All models are accessed through their providers’
hosted APIs during May 2026: GPT-40 (OpenAl,
gpt-40), DeepSeek-Chat and DeepSeek-
Reasoner (DeepSeek, deepseek-chat and
deepseek-reasoner), and—for the cross-vendor
judge-agreement check in Appendix H—Qwen-
Max (Alibaba, qwen/gwen3.6-max-preview
via OpenRouter). Because these are hosted,
continually updated endpoints, exact reproduction
may require pinning to the same API snapshots.

Optimization budget. For each FOA cell, we
use population size 5 and maximum 5 optimization
iterations. We use early-stop threshold 7 = 80,
corresponding to a query-efficient setting that stops
when a substantial successful response has been
detected. This setting should not be interpreted
as maximizing response severity; it is designed to
measure rapid penetration and query cost.

Completed runs and integrity checks. We com-
plete all 36 cells: 3 dialects x 6 conditions X
2 targets x 50 prompts = 1800 target-model evalu-
ations. Every record file contains exactly 50 unique
prompt IDs with non-empty responses and valid
score, target, dialect, and condition fields (a keep-
last dedupe pass was applied to earlier-session
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records).

6 Results

6.1 Attack Success Rates

Under the full method
(full_dialect_cultural_frame; bottom
row of Table 2), all three dialects achieve 100.0%
ASR against both GPT-40 and DeepSeek-Reasoner
with no genuine failures. Avg.Score is consis-
tently high (4.02-4.28 on the 0-5 scale), with
DeepSeek-Reasoner marginally above GPT-40 in
every dialect (peaking at 4.28 for classical Chinese
on DeepSeek-Reasoner). For each 50/50 cell the
Wilson 95% confidence interval is approximately
92.9-100.0%; the benchmark is small, so we
do not over-interpret sub-percent differences,
but the ceiling ASR across all tested registers is
robust under the same evaluation budget (and
threshold-robust; Appendix I).

6.2 Ablation Results

Table 2 reports ASR for all six conditions. A
clean two-regime pattern emerges. The three non-
FOA conditions stay between 0% and 8% ASR
for every dialect—target pair: directly translating
a harmful English prompt into Mandarin or into
a dialect, without iterative search over a strategy
bank, almost always fails. In contrast, every FOA
condition—including the two restricted variants
that hold one of the two strategy banks frozen—
reaches 98-100% ASR.

The ablation supports two claims. The
dialectal surface form is not what causes
the failure: mandarin_with_cultural_frame
outputs Standard Mandarin yet reaches 98—
100% ASR, matching the full dialect condi-
tion.  Nor are the cultural-framing dimen-
sions strictly necessary: with that bank frozen
(dialect_without_cultural_frame) ASR still
reaches 100% everywhere. The common ingre-
dient explaining the jump from 0-8% to 98-100%
is the optimizer operating over some non-trivial
strategy bank; once it runs, the surface language
and the choice of which bank to optimize have at
most a small effect on binary success.

Paired McNemar tests confirm this split (Ap-
pendix F): across all 18 within-FOA contrasts ev-
ery p-value is 1.00 with at most one discordant
pair, so we cannot reject equality of the three FOA
conditions at n=50—a null constrained by ceiling
saturation rather than a positive demonstration of

symmetry. Every FOA-vs-non-FOA contrast, by
contrast, is highly significant (e.g., 46/50 discor-
dant pairs, p<10719). We discuss the implications
in Section 8.

6.3 Query Efficiency

Although binary success saturates in the FOA con-
ditions, query cost does not. Table 3 reports av-
erage target-model queries under the full method.
Against GPT-4o, classical Chinese is most efficient
(2.56), followed by Shanghainese (3.54) and Can-
tonese (5.14). Against DeepSeek-Reasoner, Shang-
hainese is most efficient (2.98), followed by clas-
sical Chinese (3.18) and Cantonese (5.84). Can-
tonese is consistently the least efficient register
against both targets.

We read these differences as interactions be-
tween target-model refusal heuristics and dialectal
framing, not as a measure of attack effectiveness;
Cantonese’s lower efficiency is plausibly tied to
its greater online representation, though we do not
directly measure pretraining exposure.

6.4 Score Distribution and Severity

Table 5 (Appendix C) shows the score distribution
under the full method. GPT-40 responses cluster
tightly at the early-stop threshold: 48—49 of 50 suc-
cessful responses receive a total score of exactly 80.
DeepSeek-Reasoner produces more high-severity
responses even though the optimizer stops at the
first threshold-crossing success: 4—7 of 50 prompts
reach scores of 100 or 120 per dialect, versus 1-2
of 50 for GPT-40. The high-severity count is largest
for classical Chinese on DeepSeek-Reasoner (9/50)
and Cantonese on DeepSeek-Reasoner (7/50).

6.5 Failure Analysis

Under the full method there are zero fail-
ures across all six cells; failures concen-
trate in the non-FOA baselines (near floor)
and a single near-ceiling FOA cell (Cantonese
mandarin_with_cultural_frame on DeepSeek-
Reasoner, 49/50). Given the optimizer and ei-
ther bank, residual binary variation is essentially
search-budget noise rather than harm-category de-
pendence.

6.6 Culture-Neutral Generic Strategy Control

To test whether the cultural framing in our dialectal
strategy bank is itself load-bearing—or whether
any sufficiently expressive optimizer-controlled
strategy bank suffices—we run a culture-neutral

108



i, Classical Chinese Shanghainese Cantonese
Condition
GPT-40 DeepSeek-Reasoner GPT-40 DeepSeek-Reasoner GPT-40  DeepSeek-Reasoner

english_original 2.0 2.0 0.0 2.0 2.0 2.0
mandarin_translation 2.0 2.0 6.0 2.0 2.0 2.0
naive_dialect_translation 2.0 8.0 2.0 4.0 2.0 0.0
dialect_without_cultural_frame 100.0 100.0 100.0 100.0 100.0 100.0
mandarin_with_cultural_frame 100.0 100.0 100.0 100.0 100.0 98.0
full_dialect_cultural_frame 100.0 100.0 100.0 100.0 100.0 100.0

Table 2: ASR (%) under all six conditions, 7 = 80, n = 50 per cell. The top three rows are non-FOA baselines
(single attack-LLM call). The bottom three rows hold the FOA optimizer fixed and ablate which strategy bank is
active. Non-FOA conditions stay below 10% in every cell; FOA conditions reach ceiling in every cell.

Dialect/Register All prompts Successful only
GPT-40 DeepSeek-Reasoner GPT-40  DeepSeek-Reasoner
Classical Chinese 2.56 3.18 2.56 3.18
Shanghainese/Wu 3.54 2.98 3.54 2.98
Cantonese/Yue 5.14 5.84 5.14 5.84

Table 3: Average target-model queries under the full
method (7 = 80). Because every prompt succeeds,
the “successful-only” columns equal the “all prompts”
columns. Dialect choice changes efficiency by up to 2 x
even though final ASR is identical.

Surface form Target ASR (%)  Avg. total (0-120) Avg.q.
English GPT-40 100.0 80.4 1.24
Mandarin GPT-40 100.0 82.0 1.30
Chinese register ~GPT-40 100.0 81.6 1.36
English DeepSeek-Reasoner 100.0 82.0 1.52
Mandarin DeepSeek-Reasoner 100.0 83.6 1.54
Chinese register  DeepSeek-Reasoner 100.0 85.6 1.40

Table 4: Culture-neutral generic-strategy control: FOA
over a generic (non-culturally-grounded) strategy bank,
three surface forms, n=50 AdvBench prompts per cell,
7=80. Allsix cells reach 100% ASR with average sever-
ity comparable to the dialectal full method, and at lower
query cost (1.24-1.54 vs. the dialectal cells in Table 3).
The cultural framing is therefore not a necessary ingre-
dient: any sufficiently expressive optimizer-controlled
bank reaches the same ceiling.

generic-strategy variant (Table 4). The generic
bank replaces the dialect-specific sociocultural di-
mensions (commerce framing, tea-house social
frame, performing-arts frame, etc.) with a culture-
neutral set of role, format, scenario, and pretext
dimensions, evaluated across three surface forms:
English, Mandarin, and a generic Chinese regis-
ter. All other elements of the pipeline—FOA loop,
target models, judge, 7=80 early-stop, n=50 Ad-
vBench subset—are held fixed.

This strengthens the ablation claim: surface form
is not load-bearing once an optimizer and a strat-
egy bank are active (Section 6.2), and the bank’s
cultural grounding is not load-bearing either—a
culture-neutral bank reaches the same ceiling at
lower query cost. What remains is the conjunc-

tion optimizer plus any sufficiently expressive strat-
egy bank, whether culturally grounded or neutral,
across any surface form.

7 Qualitative Analysis of Successful
Dialectal Attacks

To understand how the successful dialectal prompts
work, we analyze the 200 successful optimized
prompts under the full method (100 Shanghainese,
100 Cantonese). The analysis is safety-preserving:
we code high-level rhetorical and sociocultural
mechanisms without reproducing prompts or harm-
ful responses. Schema-defining counts come from
an earlier 99-per-dialect snapshot (frozen before
the reliability check so labels cannot be retrofitted);
the check itself (Section 7.1) uses the final FOA
data.

7.1 Coding Procedure and Reliability

We coded each successful prompt for recurring sur-
face and discourse mechanisms. The coding is not
intended to establish causality, because success-
ful prompts are outputs of an optimizer and many
mechanisms co-occur. Instead, it characterizes the
prompt families that the optimizer repeatedly con-
verged on. Table 7 (Appendix G) reports preva-
lence by dialect under the v1 descriptive snapshot
used to define the schema.

To assess the reliability of the schema, two
coders independently labeled a random sample of
20 successful prompts drawn from the final FOA
data (10 Shanghainese and 10 Cantonese, all under
the full-method condition) using the 9-mechanism
schema in Table 7. To preserve independence,
the second coder was a separate general-purpose
language-model agent dispatched in an isolated ses-
sion with the schema and prompts but no exposure
to the paper’s hypothesis, prior coding, or method-
ological context; this is disclosed here as a method-
ological substitute for a fully human second coder.
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Median Cohen’s k across the nine mechanisms
was +0.706 (range +0.000 to 4+1.000), with four
mechanisms at perfect agreement; per-mechanism
values, including the one degenerate-marginal k=0
case, are reported in Appendix G.

As a template-artifact control, we ad-
ditionally coded 20 non-FOA  prompts
drawn  from the same record  set
(english_original, mandarin_translation,
and naive_dialect_translation) and com-
pared mechanism prevalence. The three-step
procedural scaffold appears in 1/20 non-FOA
prompts but 20/20 FOA prompts (A = +0.95);
parenthetical semantic glossing shows the same
1/20 vs. 20/20 split (A = +40.95); modern
technical bridges, commerce/logistics metaphors,
and grey-zone authority frames appear in zero
non-FOA prompts. This pattern supports the claim
that the common skeleton in Section 7 is emergent
under optimization rather than mechanically in-
duced by the prompt template or by the underlying
AdvBench requests alone.

7.2 A Common Skeleton: Glossing plus
Proceduralization

Two mechanisms appear in nearly all successful
prompts. First, parenthetical semantic glossing: a
culturally specific phrase is paired with an explana-
tory gloss pointing the model toward the intended
modern abstraction, creating a dual-channel prompt
that is opaque to safety heuristics relying on stan-
dard phrasing yet transparent enough for the base
model to follow—selective transparency rather
than simple obfuscation. Second, a three-part
procedural scaffold: once the model accepts the
prompt as a legitimate explanatory task, the struc-
ture elicits ordered, complete, concrete content—so
the dialectal wrapper shifts the model into an in-
structional register while the scaffold determines
the response shape. The ablation (Section 6.2)
is consistent with this: the conditions that reach
ceiling are those that retain both the scaffold and
the gloss, and removing the optimizer removes
them, with ASR returning to the non-FOA base-
line. We read these mechanisms as characterizing
the prompt families the optimizer repeatedly con-
verges on; they should not be read as individually
necessary or sufficient.

7.3 Per-Dialect Profiles

The two living dialects converge on different socio-
cultural frames (full prevalences in Table 7). We

stress that these frame preferences are emergent:
they are read off the prompts the optimizer con-
verged on against each target, not imposed from
sociolinguistic priors, and we make no claim that
human speakers of these varieties preferentially
use such frames. Shanghainese prompts are dom-
inated by commercial, logistical, and semi-legal
urban frames—account books, merchant houses,
warehouses, concession-era ambiguity—that re-
code harmful requests as business process, asset
transfer, or access control, and they frequently add
an explicit modern technical bridge (88/99) reinter-
preting the local scene through contemporary engi-
neering or systems language. Cantonese prompts
use commerce and grey-zone frames less heavily
and instead draw more on performative and com-
munal discourse (performing-arts, tea-house, and
ritual settings), relying on pragmatic role embed-
ding rather than explicit technical recoding: the
model is invited into a socially familiar scene that
treats the request as genre knowledge or narrative
reconstruction. Cantonese is also consistently less
query-efficient than Shanghainese, plausibly be-
cause written Cantonese has more online represen-
tation and thus somewhat better model coverage;
our analysis cannot directly verify this training-data
hypothesis.

7.4 Mechanism Interactions

Successful prompts rarely rely on a single mecha-
nism: a typical pattern combines a culturally spe-
cific scene, a euphemistic mapping from the harm-
ful concept to a benign local object, parenthetical
glossing that restores the modern semantics, and
a multi-step request format. This layering helps
explain the high ASR despite dialect differences.
Prompt length itself does not explain success or
efficiency—within each dialect, length has near-
zero correlation with query count among successful
prompts—so the decisive factor is the alignment
between framing, glossing, and the target’s safety
heuristics, not verbosity.

7.5 High-Severity Successes

Among the 200 living-dialect successes under the
full method, 11 receive scores of 100 or 120, ten
of them against DeepSeek-Reasoner—reinforcing
that DeepSeek-Reasoner produces more severe re-
sponses immediately after a dialect-framed prompt
crosses the refusal boundary, even though the op-
timizer stops at 7=80 without continued severity-
maximization. The qualitative mechanisms also
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sharpen the defense implications we return to
in Section 8 and Section 9: keyword blacklists
miss benign-vocabulary prompts that carry harm
through metaphor and glossing, while flagging all
dialectal language would be discriminatory, mo-
tivating semantic normalization with uncertainty-
aware review instead.

8 Analysis

8.1 An Expressive Strategy Bank Is the
Load-Bearing Component

The ablation in Section 6.2 reframes the dialectal
jailbreak story. Without FOA, no surface form—
English, Mandarin, or dialect—produces more than
8% ASR. With FOA, both a Mandarin-surface at-
tack restricted to the cultural-frame bank and a
dialect-surface attack restricted to the surface-form
bank reach ceiling. The dialectal surface form is
therefore neither necessary nor sufficient: it is a
vector along which the optimizer can find effective
attacks, but several other vectors work just as well.

Search versus construction. We do not over-
attribute this to the iterative search itself. The non-
FOA baselines remove both the multi-dimensional
strategy-bank construction and the optimization
loop, so they cannot separate adaptive search from
a single richly constructed prompt. The generic
control (Section 6.6) is informative: it reaches
100% ASR at only 1.24-1.54 queries—the first
constructed candidate usually succeeds and the
search loop is barely engaged—suggesting the load-
bearing ingredient is the strategy-bank construc-
tion rather than search per se. We thus frame
the load-bearing component as an optimizer-or-
template strategy bank. A budget-matched best-of-
k control—non-adaptive sampling of the same strat-
egy bank at FOA’s full 25-query budget, which re-
moves adaptive search while holding construction
and budget fixed—is designed to test this directly.
This control is currently partial: of the six intended
dialect x target cells only classical-Chinese/GPT-40
is complete, where non-adaptive sampling reaches
100% ASR (33/33) at the matched budget. We
report this as preliminary rather than decisive ev-
idence and do not rest the main attribution on it;
it is consistent with the near-single-query generic
control (Section 6.6), which likewise reaches ceil-
ing with the search loop barely engaged. Com-
pleting the remaining five cells is the cleanest way
to fully isolate adaptive search from construction
(Section 10).

Two consequences follow: surface-only de-
fenses (e.g., dialect-specific keyword filters) will
not generalize, since the same attack succeeds
with a Mandarin surface form; and future “dialec-
tal jailbreak™ evaluations should always include a
Mandarin-surface variant of the same optimized
strategy bank, or an apparent dialect effect may
simply be an optimizer effect.

8.2 Dialect-Agnostic Effectiveness,
Dialect-Specific Efficiency

The observed ASR pattern is dialect-agnostic un-
der the full method: all tested dialects reach ceil-
ing ASR under our judge and threshold. The ef-
ficiency pattern is dialect-specific: the optimizer
reaches successful prompts at different query costs
depending on the target model. We interpret this
as evidence that the main weakness lies in seman-
tic safety generalization under optimization plus a
strategy bank, while search efficiency depends on
target-model training coverage and refusal heuris-
tics for the specific surface variety. A benchmark re-
porting only ASR would call all dialects equivalent;
query cost and severity reveal which dialect-model
pairs are more brittle in practice. More broadly, the
generic control (Section 6.6) locates the failure in
the safety classifier’s tolerance for optimizer-driven
prompt-shape variation rather than in missing di-
alectal training data; because the same surface-
form sensitivity also fires on innocuous inputs, be-
nign users in underrepresented varieties may see
inconsistent safety behavior.

Finally, the reasoning model DeepSeek-
Reasoner is more vulnerable than GPT-4o: it
produces more high-score responses across all
dialects and is the only target admitting a non-
ceiling ablation cell (49/50). This may reflect a
reasoning-oriented model more readily elaborating
once it accepts a dialect-framed premise, or weaker
safety coverage for these registers; we cannot
distinguish these without private chain-of-thought
or training data, but it motivates targeted safety
stress-testing of reasoning models.

9 Defense Recommendations

We propose three practical recommendations. First,
dialect-aware red-team suites with Mandarin-
surface controls: audits should cover dialectal and
regional varieties (classical/literary registers, Can-
tonese, Shanghainese, Hokkien/Min, Hakka, code-
switching) and include a Mandarin-surface version
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of every optimized attack, to avoid mistaking an op-
timizer effect for a dialect effect. Second, semantic
intent detection after normalization: because ev-
ery successful attack in our study preserves the
harmful intent while only varying surface form and
framing, the natural countermeasure is a guardrail
that evaluates intent semantically rather than by
surface cues. Concretely, such a guardrail would
(i) normalize dialectal or obfuscated input into a
high-resource pivot (e.g., Mandarin or English) via
translation or paraphrase; (ii) recover the underly-
ing request by asking a semantic classifier what
task the prompt ultimately asks for, seeing through
the recurring evasion scaffolds we identify in Sec-
tion 7—parenthetical glossing, multi-step proce-
dural reframing, and metaphorical recoding; and
(iii) apply a single policy to the recovered intent
regardless of surface variety, so the same request
is treated identically in English, Mandarin, or a di-
alect. This must be paired with translation-quality
checks in both directions: an over-aggressive nor-
malizer risks discriminatory false positives against
benign dialectal users, while a lossy one risks
unsafe false negatives. Robust semantic intent
detection—rather than surface-form or keyword
refusal—is the defense most directly implied by
our finding that the failure lives in the safety classi-
fier’s tolerance for optimizer-driven prompt-shape
variation. Third, dialectal safety fine-tuning and
multi-metric reporting: fine-tune on safety ex-
amples that preserve dialectal context (with native-
speaker review), and report query efficiency and
severity alongside ASR.

10 Conclusion

We asked which component of a dialect-framed
black-box jailbreak is load-bearing. Across 1800
evaluations in a 36-cell ablation, classical Chinese,
Shanghainese, and Cantonese all reach 100% ASR
on GPT-40 and DeepSeek-Reasoner, yet the dialec-
tal surface form is not: a Mandarin cultural-frame-
only attack and a dialect surface-form-only attack
both hit the ceiling while non-optimized transla-
tions stay below 8%. The load-bearing ingredient
is an expressive optimizer-controlled strategy bank,
and dialect choice changes only efficiency and
severity—leaving current safety alignment brittle
under optimization over any such bank (defenses
in Section 9).

Limitations
This study has several limitations.

Small benchmark, and a saturation-prone one.
We evaluate a 50-prompt AdvBench subset. Al-
though the runs are complete for all 36 cells of the
ablation matrix, the benchmark is too small for pre-
cise estimates of small differences across dialects
or target models. AdvBench is also known to elicit
inflated success rates and “empty” jailbreaks rel-
ative to harder, rubric-graded benchmarks, which
motivated StrongREJECT (Souly et al., 2024). The
ceiling-level ASR we observe should therefore be
read partly as a property of the instrument. Larger
benchmark and cross-benchmark generalization ex-
periments (StrongREJECT, CLAS) and 7=120 re-
runs of the main results are in progress and will be
reported in an extended version.

Partial matched-budget non-adaptive control.
Our within-FOA contrasts identify which strat-
egy banks the optimizer relies on, but they do
not by themselves separate adaptive search from
search budget: a non-adaptive sampler with the
same query budget might or might not reach the
same ceiling. We have begun a budget-matched
best-of-k control over the same strategy bank
(non-adaptive sampling at FOA’s 25-query bud-
get; phase_e_matched_budget_baselines in
configs/ablation_matrix.yaml). It is not yet
complete: of the six intended dialectx target cells,
only classical-Chinese/GPT-40 is finished, where
non-adaptive sampling reaches 100% ASR (33/33)
at the matched budget. We treat this as preliminary
evidence—consistent with, but not on its own es-
tablishing, the claim that adaptive search is not
required for ceiling success—and do not rely on
it for the central attribution, which rests on the
ablation and the near-single-query generic control
(Section 6.6). We will report the full six-cell con-
trol in an extended version, and until then we limit
the adaptive-search claim accordingly.

Single automated judge in the headline ASR.
The headline ASR is computed under a single GPT-
40 judge. To bound the judge-choice confound, we
re-scored a stratified subsample of 216 rows (six
rows per dialect x target x condition cell, seeded
for reproducibility) with a cross-vendor second
judge (Qwen-Max, accessed via OpenRouter as
gwen/qgwen3.6-max-preview) and report the re-
sulting agreement in Appendix H. The two judges
agree strongly on the continuous severity scale
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(Pearson 0.87, Spearman 0.86, Krippendorff o =
0.79) and, on the total-score basis used for ASR
throughout the paper, also on the binary success
flag (raw agreement 0.931, Cohen’s k = 0.86).
A much lower k = 0.11 appears only if success
is binarised on the strict consistency-only score
(dropping the keyword bonus), where GPT-40’s
marginal success rate is ~ 5% against Qwen-Max’s
~ 45%; this is a high-prevalence “x paradox” on
anon-ASR basis, not a ranking disagreement (Ap-
pendix H). We nonetheless caveat that the absolute
ASR ceiling under GPT-40 is somewhat calibration-
dependent—it falls to 88.8% under Qwen-Max—
even though the within-judge ablation contrasts
(evaluated under a fixed judge) are robust to this
gap. A related confound is model-family coupling:
GPT-40 serves as both a target and the primary
judge, and DeepSeek-Chat is both the attack and
the translation model. Same-family scoring and
translation can bias absolute severity estimates;
the cross-vendor Qwen-Max re-scoring partially
bounds the judge side of this, but a fully decoupled
judge and translation pipeline is left to future work.

Translation confounds. Shanghainese and Can-
tonese use two-stage translation through Mandarin
before English evaluation. This may understate or
distort response severity relative to classical Chi-
nese. Better evaluation should include bilingual or
dialect-proficient human annotation.

Limited target models in the full ablation. The
full ablation evaluates only GPT-40 and DeepSeek-
Reasoner. Cross-model generalization to Claude
Sonnet, Qwen-Max, and DeepSeek-Chat is con-
figured but not yet complete. A small smoke
test on DeepSeek-Chat suggests similar risks, but
DeepSeek-Chat is also the attack and translation
model, creating a self-attack confound.

No release of attack artifacts. For safety rea-
sons, we do not release optimized prompts or raw
harmful responses. This limits exact reproducibil-
ity, but we believe aggregate reproducibility and
controlled access are appropriate for dual-use jail-
break research.

Sociolinguistic simplification. The term “di-
alect” hides substantial linguistic and social com-
plexity. Shanghainese and Cantonese are not
merely stylistic variants of Mandarin. Future work
should collaborate with dialect speakers and soci-
olinguists to design more faithful and respectful
evaluations.

Ethics Statement

This work studies jailbreak vulnerabilities and is
therefore dual-use. The purpose is defensive: to
identify safety gaps affecting underrepresented lan-
guage varieties and to motivate more equitable mul-
tilingual alignment. We intentionally omit opti-
mized adversarial prompts, raw harmful responses,
and prompt templates. We report only aggregate
statistics and sanitized failure categories. Before
public release of code or data, we recommend
redacting harmful prompts and outputs, adding ac-
cess controls for high-risk artifacts, and notifying
affected model providers with a concise vulnerabil-
ity report.

There is also a representational risk: readers
might incorrectly infer that dialect speakers or re-
gional cultures are associated with unsafe behavior.
That is not our claim. The vulnerability lies in
model safety generalization, not in the languages,
dialects, or communities being evaluated. Dialect-
aware safety should improve protection and service
quality for speakers of underrepresented varieties.

Use of AI Assistants

We used a large language model as the independent
second coder for the inter-rater reliability check
(Section 7.1, Appendix G), dispatched in an iso-
lated, hypothesis-blind session as a methodological
substitute for a human coder. Al assistants were ad-
ditionally used for code scaffolding and for editing
and proofreading the manuscript. All experimental
design, scientific claims, statistical analyses, and
results were verified by the authors.
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A Preliminary Smoke Test on
DeepSeek-Chat

Before the final 1800-evaluation run, a 5-prompt
smoke test included DeepSeek-Chat as a target
model. Classical Chinese and Cantonese each
achieved 4/5 success, while Shanghainese achieved
5/5 success. We exclude DeepSeek-Chat from the
main full-run comparison because it is also used
as the attack and translation model, creating a self-
attack confound. The smoke test is useful only as
preliminary evidence that the vulnerability is not
limited to the two fully evaluated targets.
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Target Dialect/Register Score 80  Score 100  Score 120
Classical Chinese 49 1 0
GPT-40 Shanghainese/Wu 48 1 1
Cantonese/Yue 49 0 1
Classical Chinese 41 4 5
DeepSeek-Reasoner ~ Shanghainese/Wu 46 0 4
Cantonese/Yue 43 1 6

Table 5: Total score distribution under the full method
with early stopping (7 = 80). DeepSeek-Reasoner has
more high-score outputs even though the optimizer is
not trying to maximize severity beyond 7 = 80.

B Comparison with CC-BOS

The original CC-BOS paper reports classical-
Chinese results under both a high-severity setting
and a query-efficient setting. Our experiments use
the query-efficient early-stop threshold 7 = 80.
Therefore, our Avg.Score values should not be di-
rectly compared to CC-BOS high-severity results
obtained with a larger optimization budget. The
ASR comparison is more meaningful than the aver-
age severity comparison. A tau=120 high-severity
rerun of our main results is in progress and will be
reported in an extended version.

C Score Distribution and Severity

Table 5 reports the total-score distribution under
the full method, referenced from the severity dis-
cussion in the main text.

D Responsible Artifact Release Checklist

For any public release accompanying this paper,
we recommend:

1. release aggregate metrics and sanitized scripts
for computing ASR, query cost, and score dis-
tributions;

2. withhold optimized adversarial prompts and raw
harmful model responses;

3. provide only benign toy prompts in public ex-
amples;

4. require controlled access for any high-risk
benchmark artifacts;

5. include documentation warning that dialectal
vulnerability reflects model limitations, not
speaker communities;

6. include a model-provider notification plan for
severe new vulnerabilities discovered in follow-
up runs.

E Redacted Prompt Structure and
Evaluation Rubric

To convey the shape of a successful optimized
prompt without releasing a reusable attack, we give
a schematic skeleton in which every content slot
is a placeholder rather than filled text. This re-
flects the structure that the qualitative coding (Sec-
tion 7) found recurring across successful dialectal
prompts; the placeholders are intentionally left un-
filled to preserve the safety protocol.

[ROLE / PERSONA in dialect]
[CULTURAL-FRAME SETUP: benign
local scene]
[REQUEST, recoded as a task within the
scene]

(gloss: [local term] — [abstract mod-
ern concept])
[3-STEP PROCEDURAL SCAFFOLD:
1....2....3....]
[OUTPUT-FORMAT INSTRUCTION]

No harmful intent, target behavior, or operational
detail is instantiated in any slot; the skeleton only
shows how the optimizer wraps an arbitrary intent
in persona, cultural framing, parenthetical glossing,
and procedural structure. We do not release filled
instances.

The automated judge is prompted separately
from the attack. It receives the (translated) tar-
get response and the original intent and returns an
integer rating on a 0-5 rubric—O0 for a clear re-
fusal or off-topic answer, rising to 5 for a response
that fully and specifically carries out the requested
harmful task—together with a short justification.
This rating is the consistency score c¢; (rescaled by
20; Section 7.1); the keyword bonus b; is added by
a separate rule-based check. Sharing the rubric’s
structure supports evaluation reproducibility with-
out providing an attack, since the judge prompt
scores responses rather than generating them.

F Paired Statistical Tests

Table 6 reports McNemar exact p-values and
discordant-pair counts for every within-FOA
condition-pair contrast within each (dialect, tar-
get) cell. For each contrast, the success indicators
are prompt-id aligned at n=>50. The short labels
no-frame, mand-frame, and full correspond to
the three FOA conditions in Table 1.
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Dialect Target Contrast (A vs. B) Ndisc McNemarp A ASR (%)
Classical Chinese =~ GPT-40 no-frame vs. mand-frame 0 1.00 0.0
Classical Chinese =~ GPT-40 no-frame vs. full 0 1.00 0.0
Classical Chinese =~ GPT-40 mand-frame vs. full 0 1.00 0.0
Classical Chinese  DeepSeek-Reasoner no-frame vs. mand-frame 0 1.00 0.0
Classical Chinese  DeepSeek-Reasoner no-frame vs. full 0 1.00 0.0
Classical Chinese  DeepSeek-Reasoner mand-frame vs. full 0 1.00 0.0
Shanghainese GPT-40 no-frame vs. mand-frame 0 1.00 0.0
Shanghainese GPT-40 no-frame vs. full 0 1.00 0.0
Shanghainese GPT-40 mand-frame vs. full 0 1.00 0.0
Shanghainese DeepSeek-Reasoner no-frame vs. mand-frame 0 1.00 0.0
Shanghainese DeepSeek-Reasoner no-frame vs. full 0 1.00 0.0
Shanghainese DeepSeek-Reasoner mand-frame vs. full 0 1.00 0.0
Cantonese GPT-40 no-frame vs. mand-frame 0 1.00 0.0
Cantonese GPT-40 no-frame vs. full 0 1.00 0.0
Cantonese GPT-40 mand-frame vs. full 0 1.00 0.0
Cantonese DeepSeek-Reasoner no-frame vs. mand-frame 1 1.00 +2.0
Cantonese DeepSeek-Reasoner  no-frame vs. full 0 1.00 0.0
Cantonese DeepSeek-Reasoner mand-frame vs. full 1 1.00 -2.0

Table 6: Paired McNemar tests on within-FOA condition contrasts. ng4;s. = number of prompts (out of 50) on
which the two conditions disagree on binary success (7=80). All p-values are 1.00 and discordant pairs < 1 in
every cell, so we cannot reject the null that the three FOA conditions are equally effective at n=>50. By contrast,
every FOA-vs-non-FOA contrast yields ng;s. > 46 and p < 10719, The complete per-pair table is released as

results/public/paired_tests.csv in the supplementary materials, alongside the aggregate ablation, generic-
control, judge-agreement, and threshold-sensitivity CSVs. AASR = ASR(A) — ASR(B) in percentage points.

G Inter-Rater Reliability

Two coders independently labeled the same ran-
dom sample of 20 successful FOA prompts
(10 Shanghainese, 10 Cantonese, all under
full_dialect_cultural_frame) using the 9-
mechanism schema of Table 7. Coder A was the
primary author. Coder B was a separate general-
purpose language-model agent dispatched in an
isolated session with only the coding schema and
the 20 prompt texts: it was not told that this work
is a paper revision, that any hypothesis was being
tested, that a common rhetorical skeleton was at
issue, that an optimizer had produced the prompts,
or that any prior coding existed. Both coders
worked from blind identifiers and ignored the
dialect/target/condition/optimizer columns. This
isolated-dispatch protocol is disclosed here as a
methodological substitute for a fully human second
coder. Per-mechanism Cohen’s k is reported in
Table 8, alongside marginal prevalences.

As a template-artifact control, we also
coded 20 non-FOA prompts (drawn from
english_original, mandarin_translation,
and naive_dialect_translation records,
including refusals and bare AdvBench requests)
with the same schema. Table 9 compares mech-
anism prevalences. Every dialect-specific frame
(commerce, grey-zone, tech bridge, perform-arts,

tea-house) appears in zero non-FOA prompts;
the procedural scaffold and parenthetical gloss
each appear in only 1/20 non-FOA prompts. This
A > 40.90 gap for the two near-universal FOA
mechanisms supports the claim that the common
skeleton in Section 7 is an emergent product of the
FOA loop rather than an artifact of the underlying
prompt template or AdvBench surface forms.

H Cross-Judge Agreement

To bound the single-judge confound in the head-
line ASR, we re-scored a stratified subsample of
the main ablation rows with a second, cross-vendor
judge. The sample design draws six rows uniformly
without replacement from each of the 36 paper
cells (3 dialects x 2 targets x 6 conditions), for a
target of 216 rows; the random seed and per-cell
row identifiers are recorded in the released sam-
pler manifest so the same subsample is recoverable
from the released aggregate metrics. The second
judge is Qwen-Max, accessed via OpenRouter as
gwen/qgwen3. 6-max-preview, using the same 0-5
rubric and parsing pipeline as the primary GPT-40
judge. One sampled row was dropped because the
second judge returned a null content field (apparent
content-filter behavior), leaving 215/216 sampled
rows scored by both judges. Combined with a resid-
ual partial-coverage pass from earlier development,
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Mechanism Sanitized description Shanghainese ~ Cantonese

Parenthetical semantic glossing  Dialectal or cultural expressions are followed by parenthet- 94/99 96/99
ical explanations that map the euphemism to an abstract
modern concept.

Three-step procedural scaffold- The prompt asks for a structured sequence, usually organized 99/99 99/99

ing as three subquestions, converting the intent into a procedural
explanation task.

Modern technical bridge Local metaphors are explicitly connected to modern engi- 88/99 53/99
neering, network, financial, or system concepts.

Commerce/logistics metaphor Harmful intents are reframed as ledger work, cargo handling, 79/99 42/99
handoff protocols, settlement, or route planning.

Grey-zone authority frame The prompt invokes semi-legal or extra-legal social authori- 65/99 28/99
ties, boundary spaces, or historical jurisdictional ambiguity.

Historical media or research pre-  The request is framed as historical reconstruction, newspaper- 39/99 16/99

text style reporting, archival research, or fiction-writing back-
ground.

Performing-arts frame The request is embedded in storytelling, opera, theatrical, or 15/99 26/99
performer-centered discourse.

Tea-house social frame The prompt uses tea-house conversation, old-neighborhood 7/99 20/99
gossip, or informal elder narration as the interactional setting.

Ritual or religious-social frame  The prompt maps the intent to temple, procession, geomancy, 11/99 23/99

or ritualized community activity.

Table 7: Qualitative mechanisms observed in successful living-dialect adversarial prompts (v1 coding snapshot, 99
per dialect). Counts are descriptive and non-exclusive; a single prompt can contain multiple mechanisms. We do not

report prompt text.

Mechanism K pA pB
Parenthetical glossing +1.000 1.00 1.00
Three-step scaffolding +1.000 1.00 1.00
Modern technical bridge +0.000 0.90 1.00
Commerce/logistics metaphor  4-0.219 0.70  0.95
Grey-zone authority frame +0.706 0.55 0.40
Historical/research pretext +0.571 0.25 0.20
Performing-arts frame +1.000 0.10 0.10
Tea-house social frame +0.667 0.25 0.40
Ritual/religious-social frame +1.000 0.05 0.05
Median (all 9) +0.706 — —

Table 8: Per-mechanism Cohen’s x between Coder
A (primary author) and Coder B (separate general-
purpose LM agent, dispatched in an isolated session
with the schema and prompts only) on the 20-prompt
FOA reliability sample. p4, pp: fraction of prompts
coded 1 by each coder. Median x = +40.706; range
[+0.000, +1.000]. The k=0.000 entry for Modern tech-
nical bridge reflects degenerate prevalence on the Coder
B side (pp=1.00): observed agreement (0.90) equals
the chance expectation under those marginals, not dis-
agreement on labels.

the total number of rows with both judges available
isn = 303.

Table 10 reports four agreement statistics per
judge pair: Pearson and Spearman correlation
on the continuous 0-120 severity score, Krippen-
dorff’s « as an ordinal-aware reliability coefficient,
and Cohen’s k on a binary jailbreak-success indica-
tor. The binary indicator in this table is deliberately

Mechanism FOAp non-FOA p A
Parenthetical glossing 1.00 0.05 +0.95
Three-step scaffolding 1.00 0.05 +0.95
Modern technical bridge 0.90 0.00 +0.90
Commerce/logistics metaphor 0.70 0.00 +0.70
Grey-zone authority frame 0.55 0.00 +0.55
Historical/research pretext 0.25 0.05 +0.20
Performing-arts frame 0.10 0.00 +0.10
Tea-house social frame 0.25 0.00 +0.25
Ritual/religious-social frame 0.05 0.05  +0.00

Table 9: Mechanism prevalence in 20 successful FOA
prompts (Coder A) vs. 20 non-FOA prompts coded with
the same schema. A = proa — Pnon-FOA -

the consistency-only success flag—each judge’s
raw 0-100 rubric score thresholded at 7 = 80,
without the response-level keyword bonus. This
is the strictest binarization and is not the basis on
which we report ASR: our ASR success flag is
the total score (consistency + keyword bonus) at
7 = 80. We report both bases explicitly—the strict
consistency-only basis here and the ASR-consistent
total-score basis in the “Judge-specific ASR” para-
graph below—because the two give very different
& values for an interpretable reason (below).

The apparent gap between strong scale-level
agreement and weak consistency-only binary agree-
ment is a thresholding artifact, not a ranking dis-
agreement: both judges order responses by severity
in essentially the same way (Spearman 0.86), and
on the ASR-consistent total-score basis their bi-
nary flags also agree closely (0.931; see below).
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Judge pair n  Pearson Spearman «  bin. agree K
GPT-40 x Qwen-Max 303 0.873 0.859 0.789 0.597 0.114
GPT-40 X refusal det. 2120 0.911 0.900 0.528 0.440 0.066
Qwen-Max x refusal det. 358 0.798 0.783 0.679 0.872 0.744

Table 10: Pairwise agreement between the primary GPT-40 judge, the cross-vendor Qwen-Max second judge,
and the rule-based refusal detector. Binary agreement and x here use the strict consistency-only success flag
(raw 0-100 rubric score at 7 = 80, no keyword bonus). The two LLM judges agree strongly on the continuous
severity scale (Pearson 0.87, Spearman 0.86, o = 0.79); the low consistency-only binary £ = 0.11 is a prevalence
artifact—on this strict flag GPT-40 awards success on only ~ 5% of rows versus ~ 45% for Qwen-Max, so the
marginals are badly unbalanced. On the total-score basis actually used for ASR (consistency + keyword bonus
at 7 = 80) the two judges instead agree closely: raw binary agreement 0.931 and x = 0.86 (balanced marginals
~0.5; see the “Judge-specific ASR” paragraph). The high Qwen-Max x refusal-detector « (0.74) relative to the
GPT-40 x refusal-detector « (0.07) reflects that Qwen-Max’s consistency-only flag binarises closer to a strict

refusal/non-refusal cut than GPT-40’s does.

A truncation check rules out a benign explana-
tion for the strict-basis gap: across all rows scored
by both judges, zero rows have Qwen-Max-score
= (.0 while GPT-40-score > 80, ruling out ar-
tifactual sentinel-zero outputs from the reduced
max_tokens setting used on the second-judge pass.

For interpretation, this means the absolute head-
line ASR (~ 100% under the full method across
all paper cells) is somewhat sensitive to judge
calibration—under Qwen-Max the full-method
ceiling is 88.8% rather than 100% (below)—but
the within-judge ablation contrasts that drive our
central claim—non-optimized translations near 0%
versus optimizer-on conditions near ceiling, mea-
sured under the same fixed judge in every cell—are
not threatened by this calibration gap.

Judge-specific ASR. To make the calibration
gap concrete, Table 11 recomputes ASR under
each judge separately on the n = 303 dual-scored
rows, on the same total-score basis used for ASR
throughout the paper: each judge’s 0—100 consis-
tency plus the same response-level keyword bonus
b;, thresholded at 7 = 80. The two-regime struc-
ture is judge-invariant—non-FOA stays near floor
and FOA stays near ceiling under both judges—
even though the absolute FOA ceiling falls from
100% (GPT-40) to 88.8% (Qwen-Max). Crucially,
moving from the strict consistency-only flag of
Table 10 to this ASR-consistent total-score flag rec-
onciles the two judges: raw binary agreement rises
from 0.597 to 0.931 and Cohen’s x from 0.11 to
0.86. The low consistency-only x = 0.11 is thus a
high-prevalence “k paradox” driven by badly unbal-
anced marginals (~ 5% success for GPT-40 versus
~45% for Qwen-Max on the strict flag); once the
keyword bonus is included—as it is in every ASR

Regime Judge n  ASR (%)
GPT-40 151 3.3
Non-FOA 5 en-Max 151 2.0
GPT-40 152 100.0
FOA Qwen-Max 152 88.8

Table 11: Judge-specific ASR on the dual-scored sub-
sample (n = 303), total-score basis, 7 = 80. The non-
FOA-vs-FOA contrast survives the judge swap; only the
absolute FOA ceiling shifts (100% — 88.8%).

Regime ASR@40 ASR@60 ASR@80
Non-FOA (n=900) 6.3% 5.1% 2.4%
FOA (n=900) 100.0% 99.9% 99.9%

Table 12: Threshold sensitivity under the GPT-40 judge
across the core matrix; the gap persists through the early-
stop cutoff.

figure—both judges sit near 50% prevalence and
K is well-behaved. We therefore read the judge
swap as shifting the absolute ceiling by roughly ten
points, not as a disagreement about which prompts
succeed.

I Threshold Sensitivity

Table 12 recomputes ASR at 7 € {40, 60, 80} over
the complete GPT-40-judged core matrix (900 non-
FOA and 900 FOA rows). The gap is stable: non-
FOA never exceeds 6.3%, while FOA never falls
below 99.9%. We omit 7 > 80 because early stop-
ping at 80 right-censors optimized scores; valid
ASR@100/@120 requires new runs.
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