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Abstract. Whisper-style ASR models provide strong zero-shot tran-
scription, but their residual errors are not evenly distributed across datasets,
recording conditions, and metadata-based groups. We study when lightweight
low-rank adaptation (LoRA) improves Whisper and whether observed
gains require group-specific adapters. Across Common Voice, LibriSpeech,
and VoxPopuli, we compare zero-shot Whisper, pooled LoRA, and group-
specific LoRA under matched within-group splits. We find that adapta-
tion is not uniformly beneficial: gains are concentrated in difficult Com-
mon Voice groups, are consistent on VoxPopuli, and largely disappear on
low-error LibriSpeech. Crucially, pooled LoRA often matches, and some-
times clearly outperforms, group-specific LoRA. Gains over zero-shot
should therefore be tested against matched pooled adaptation before be-
ing interpreted as evidence of personalization.

Keywords: Automatic Speech Recognition · Whisper · Personalization · Speaker
Adaptation · Low-Rank Adaptation · Parameter-Efficient Fine-Tuning · Com-
mon Voice · LibriSpeech · VoxPopuli

1 Introduction

Whisper-style encoder-decoder ASR models, exemplified by Whisper [15], have
made robust zero-shot transcription practical across many languages and do-
mains. However, their residual errors are not uniformly distributed. Recent
benchmarking work demonstrated that Whisper’s robustness varies substan-
tially across noise types, signal distortions, and languages, despite strong average
performance under clean conditions [8]. Particular users, microphones, accents,
recording environments, or speaking styles may still experience systematic fail-
ures. Personalization aims to reduce this residual mismatch by adapting the
recognizer using a small amount of data from the target user, speaker, or group
[2, 10].

For modern pretrained ASR, the key question is no longer whether fine-tuning
can improve an under-trained recognizer. Instead, the question is whether a com-
pact adapter, such as a low-rank adaptation (LoRA) module [4, 16], provides
reliable marginal value on top of a strong general-purpose model. This distinc-
tion matters because personalization has practical costs: collecting adaptation
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audio, storing additional parameters, selecting the correct adapter at inference
time, and avoiding degradation for groups where zero-shot recognition is already
accurate.

Another issue is that the average word error rate (WER) may obfuscate these
trade-offs, because substantial gains for difficult groups may be mixed with negli-
gible changes or small losses for easier groups. We therefore treat personalization
as a conditional intervention. Its value depends on whether the zero-shot model
still makes enough systematic errors within the target group for adaptation data
to be informative. If a dataset is clean, homogeneous, or already low-WER, adap-
tation may provide little benefit, or may even overfit. Per contra, when the errors
are concentrated in consistent group- or subset-specific conditions, a lightweight
LoRA adapter may be useful [7, 22].

A further complication is that public ASR datasets do not always provide
verified speaker identity. Common Voice includes an anonymized client_id,
which may not map cleanly to one real speaker [1]. We therefore evaluate a
metadata-group personalization setting: examples from a dataset-provided group
are used to adapt recognition on held-out examples from the same group, without
claiming that the group is a verified identity.

Our study asks two linked questions. First, under what dataset and group
conditions does LoRA adaptation improve Whisper? Second, when improvement
appears, is it truly group-specific, or can a pooled adapter trained on the same
selected data capture the same shared mismatch? This pooled comparison is
central to our evaluation. Without it, any gain over zero-shot risks being misread
as personalization, even if the adapter is only learning shared dataset, transcript,
or recording conditions.

We evaluate these questions on three English speech datasets: Common Voice
[1], LibriSpeech [13], and VoxPopuli [19]. Common Voice is crowd-sourced and
heterogeneous in speaker and recording conditions; LibriSpeech is clean read au-
diobook speech; VoxPopuli contains parliamentary speech with public-speaking
style and speaker metadata. For each selected group, we split examples into
adaptation, development, and held-out test portions. All reported results should
therefore be interpreted as personalization-protocol results rather than official
benchmark scores.

We make the following contributions:

1. We provide matched comparisons of zero-shot Whisper, pooled LoRA, and
group-specific LoRA. This allows us to separate gains that require group-
specific adapters from gains due to shared dataset or subset adaptation.

2. We identify when adaptation is beneficial by combining per-group zero-shot
WER analysis, repeated matched subsets, and Common Voice percentile dif-
ficulty bands. This allows us to separate cases where LoRA improves recog-
nition from cases where pooled adaptation is sufficient.

3. We show that improvements over zero-shot should not by themselves be
interpreted as evidence of individual personalization, because pooled LoRA
often matches or outperforms group-specific LoRA.
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2 Related Work

Speaker adaptation is a long-standing ASR problem. Classical Hidden Markov
Model based (HMM) systems used transformations such as maximum likeli-
hood linear regression (MLLR) to adapt acoustic-model parameters from small
amounts of speaker data [9]. Neural acoustic models later introduced lighter
speaker- or environment-dependent parameterizations, including learning hidden
unit contributions (LHUC), which rescales hidden units with a small number of
adapted parameters [17]. Surveys of neural ASR adaptation organize this liter-
ature around speaker, domain, and accent adaptation, with methods based on
embeddings, parameter updates, and data augmentation [2]. These earlier meth-
ods establish the basic motivation for adaptation: users and acoustic conditions
can differ in ways that a single global recognizer does not fully absorb.

End-to-end and pretrained recognizers change the adaptation question be-
cause acoustic modeling, lexical modeling, and sequence prediction are optimized
jointly. Prior work on attention-based encoder-decoder ASR studied supervised
and unsupervised speaker adaptation with regularization to keep target-speaker
updates near the speaker-independent model [10]. Other end-to-end work showed
that adapting small parts of a conformer-transducer model, such as attention
and bias parameters, can provide rapid speaker adaptation [5]. Large pretrained
systems such as Whisper [15] raise the bar further: for many groups the zero-
shot model is already strong, so the relevant question is the marginal value of
adaptation over a robust pretrained baseline.

This shift makes parameter-efficient adaptation especially important. Stor-
ing a full model per speaker or group is usually impractical, so recent ASR work
has explored compact updates. Residual adapters have been used for atypical
and accented speech while updating less than one percent of model parame-
ters [18]. LoRA provides a general low-rank parameterization of weight updates
[4], and Whisper-focused work has used LoRA for extensible multilingual ASR
adaptation [16]. Closely related speaker-personalization studies use low-rank or
weight-decomposed low-rank updates for end-to-end ASR [7], speaker adaptation
for quantized end-to-end models [23], and speaker-adaptive mixtures of LoRA
experts [22]. While these studies show that compact adapters can be effective,
our study asks a different control question: whether group-specific adapters out-
perform a pooled adapter trained on the same selected data.

Recent personalization work also shows that adaptation is most valuable un-
der mismatch or limited coverage. Synthetic-data approaches use controllable
speech synthesis and find personalization useful when the target speaker is un-
derrepresented in global training data or when model capacity is limited [21].
Other efficient speaker-adaptation methods use gated speaker-memory adapters
to preserve general ASR performance while adapting to a target speaker [3].
Studies of atypical, impaired, or non-normative speech address settings where the
mismatch with general-population ASR can be severe, including hypernetwork-
generated updates [11], variational LoRA for impaired speech [14], and two-stage
initialization before speaker-specific fine-tuning [6]. Complementary systems ad-
dress online, incremental, or multi-talker scenarios, including PI-Whisper for
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adaptive edge ASR [12] and self-speaker adaptation for multi-talker ASR [20].
Together, these works motivate personalization, but they do not by themselves
determine when a strong zero-shot model still makes enough systematic errors
for group-specific LoRA to be worthwhile.

Dataset structure is therefore central to our evaluation. Common Voice [1],
LibriSpeech [13], and VoxPopuli [19] differ in recording conditions, speaker dis-
tribution, speaking style, and transcript conventions. We use these differences
to study whether personalization opportunity is better predicted by per-group
WER dispersion and difficult-group tails than by average WER alone. Our con-
tribution is complementary to mechanism-focused adaptation work: we keep
LoRA simple, compare zero-shot, pooled, and group-specific adaptation under
matched subsets, and use the pooled baseline to avoid over-attributing shared
dataset or subset mismatch to individualized group information.

3 Experimental Design

3.1 Metadata Groups for Personalization

We use speaker_proxy as a compact name for the dataset-provided grouping
variable:

– Common Voice 24.0: client_id is renamed to speaker_proxy.
– LibriSpeech: reader ID is renamed to speaker_proxy.
– VoxPopuli: speaker_id is renamed to speaker_proxy.

This notation avoids treating Common Voice client_id as ground-truth
speaker identity. It also narrows the experimental claim: we evaluate whether
metadata-consistent groups support adaptation, not whether the metadata per-
fectly identify real speakers.

3.2 Evaluation Splits

For all datasets, examples are split into train/dev/test portions inside each se-
lected group after excluding entries without transcript, audio, or group meta-
data. The default ratio is 60/20/20. This differs from using official dataset splits
directly, but it matches the personalization setting: a small amount of adapta-
tion data from a group is used to evaluate recognition on held-out utterances
from the same group.

The split is performed independently within each group, so every selected
group contributes both adaptation examples and held-out evaluation examples.
This avoids a mismatch with official train/test partitions, which often contain
disjoint speakers and therefore test speaker-independent generalization rather
than same-group adaptation. Our scores are personalization-protocol results,
not official benchmark scores.

For adaptation, we report matched repeated subsets. For a given dataset,
model, and random seed, zero-shot, pooled LoRA, and personalized LoRA are
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evaluated on the same groups and the same held-out utterances. This makes the
comparison local to the adapted groups: gains are computed against the zero-
shot WER of the same selected groups, not against a separate full-population
average.

3.3 Compared Systems

We compare three methods:

– Zero-shot Whisper: pretrained Whisper evaluated without adaptation.
– Pooled LoRA: one LoRA adapter trained on data pooled across selected

groups.
– Personalized LoRA: one LoRA adapter trained separately for each group.

For Common Voice, we also include an auxiliary pooled LoRA check over a
broader group population. It probes broad Common Voice mismatch, but it is
not a personalization comparison because it has no matched personalized control.

The adaptation budget is 200 training utterances for each Common Voice
group and 80 training utterances for each LibriSpeech or VoxPopuli group. Be-
cause Common Voice utterances are shorter, this gives a comparable amount of
adaptation audio across datasets. Mean utterance duration is 5.1 s for Common
Voice, 12.3 s for LibriSpeech, and 10.0 s for VoxPopuli.

For personalized LoRA, the budget is applied separately to each group adapter.
For pooled LoRA, the corresponding training examples from all selected groups
are concatenated into one adaptation set. The pooled baseline controls for ex-
posure to the same dataset, transcript style, and recording conditions while
removing the per-group adapter choice at inference time.

3.4 Models and Training Details

We evaluate the OpenAI Whisper tiny, base, small, and medium. We adapt Whis-
per with LoRA updates on the attention projections, following the parameter-
efficient adaptation rationale of LoRA and recent Whisper adaptation work [4,
16]. LoRA keeps the pretrained weights frozen and learns a low-rank update

W ′ = W +∆W, ∆W = BA,

where A and B have rank much smaller than the original weight matrix. In
our runs, LoRA is applied to the query and value projections with rank 16,
scaling factor 32, and dropout 0.1. Training is monitored with development-set
WER and uses early stopping; the checkpoint with the best development WER
is evaluated. Each reported adaptation result is averaged over five independent
runs with different sampled group subsets. Within each run, zero-shot, pooled
LoRA, and personalized LoRA are evaluated on the same held-out utterances.

Before scoring, references and hypotheses are normalized consistently within
each dataset by lowercasing text and removing punctuation and other non-lexical
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formatting differences. Recognition quality is measured with word error rate
(WER),

WER =
S +D + I

N
,

where S, D, and I are the numbers of substituted, deleted, and inserted words af-
ter alignment, and N is the number of reference words. WER values are reported
as percentages. The main adaptation metric is absolute WER gain, defined as
zero-shot WER minus adapted WER on the matched test subset; positive val-
ues indicate improvement. Repeated-subset results are reported as mean ± 95%
confidence intervals over the five sampled group subsets. For zero-shot columns
in matched adaptation tables, the interval reflects subset-selection variability
rather than stochastic decoding.

3.5 Common Voice Difficulty Analysis

For Common Voice, we additionally evaluate percentile-stratified variants of the
adaptation experiment. For each Whisper model size, eligible groups are ranked
by their zero-shot WER on the held-out split. We then form model-specific
difficulty subsets: the hardest 10%, hardest 20%, middle 40–60%, and easiest
20%. This design avoids comparing fixed WER thresholds across models with
very different baseline accuracies. It also tests whether adaptation gains shrink
as the zero-shot baseline becomes more accurate within the same dataset and
model family.

We use this ranking in two ways. First, a pooled LoRA sweep shows how
adaptation changes across the WER distribution. Second, matched repeated
analyses compare pooled and group-specific adapters within the same difficulty
bands. This tests whether personalization adds value beyond adapting to a dif-
ficult subset.

4 Datasets

Table 1 summarizes the data available under our within-group protocol. These
are not official benchmark splits; adaptation experiments sample smaller re-
peated subsets from these populations.

Table 1. Dataset statistics under the within-group protocol. Audio hours are approx-
imate totals; repeated adaptation subsets are sampled separately.

Dataset Groups Utterances
Approx. audio

hours
Mean duration

(s)

Common Voice 9,139 1,376,296 1,932.7 5.06
LibriSpeech 1,949 249,787 852.9 12.29
VoxPopuli 260 106,779 295.8 9.97
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Common Voice. Common Voice English is crowd-sourced speech with diverse
speakers, recording devices, and environments. We use the anonymized client_id
as the grouping variable and create within-group splits.

LibriSpeech. LibriSpeech is clean read English audiobook speech with reader
identifiers. For same-group personalization, we create within-reader splits rather
than using the official speaker-disjoint partitions.

VoxPopuli. VoxPopuli English ASR contains parliamentary speech with public-
speaking style and speaker metadata. We use speaker_id as the grouping vari-
able and create within-group splits.

5 Per-Group WER Distributions

Our hypothesis is that personalization helps when baseline errors are sufficiently
large and group-structured.

Table 2 reports per-group zero-shot WER distributions for Whisper small.
The mean, median, P90 (90th percentile), and P99 (99th percentile) columns
summarize the distribution of group-level WER values. The last three columns
report tail mass: the percentage of groups whose zero-shot WER is above a fixed
threshold. For example, the Common Voice value of 25.5 in the WER >10%
column means that 25.5% of Common Voice groups have zero-shot WER higher
than 10%.

Table 2. Per-group zero-shot WER distributions with Whisper small. WER values
and tail masses are expressed as percentages; P90 and P99 denote the 90th and 99th
percentiles across groups.

Dataset
Mean
WER

Median
WER

P90
WER

P99
WER

WER
>10%

WER
>15%

WER
>20%

Common Voice 7.89 6.42 15.28 31.58 25.5 10.4 4.4
LibriSpeech 5.01 4.45 8.43 13.85 4.8 0.6 0.3
VoxPopuli 11.37 10.82 15.23 22.75 63.8 10.4 2.3

The datasets differ not only in average WER, but also in how that error is
distributed. LibriSpeech is easy and comparatively homogeneous. Common Voice
has a pronounced tail of difficult groups. VoxPopuli is harder on average and has
many moderately difficult groups, but its tail is less extreme than Common Voice.
Figure 1 visualizes this contrast.
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Fig. 1. Per-group zero-shot WER distributions for Whisper small. The y-axis shows
WER as a fraction. The violin shapes summarize the distribution across speaker prox-
ies, and the box plots indicate the central tendency and spread. The long upper tails
highlight difficult-group effects, especially for Common Voice.

6 Results

6.1 Overall Zero-Shot Landscape

Table 3 shows zero-shot WER percentages on the full evaluation population de-
fined by the within-group protocol: 9,139 groups for Common Voice, 1,949 for
LibriSpeech, and 260 for VoxPopuli. These numbers give broad dataset context;
they are not official benchmark scores or the matched subsets used for adapta-
tion.

The overall zero-shot results scale cleanly with model size on Common Voice
and VoxPopuli. LibriSpeech is already low-WER for all evaluated models and
leaves little room for adaptation; in this protocol, the small model is slightly
better than medium on LibriSpeech. We use LibriSpeech mainly as a low-error
control rather than as a scaling study. The adaptation comparisons below use
matched repeated subsets, so zero-shot, pooled LoRA, and personalized LoRA
are compared on the same selected groups and held-out utterances.

6.2 Adaptation Across Datasets

We first compare zero-shot Whisper, pooled LoRA, and personalized LoRA
across the three datasets. Table 4 reports matched repeated-subset zero-shot
WER alongside pooled and personalized LoRA WER.

The cross-dataset results do not reduce to a single win/loss pattern. VoxPop-
uli benefits most consistently, especially from pooled LoRA for the base and small
models. LibriSpeech behaves like a low-error control: both pooled and person-
alized adapters remain close to the matched zero-shot baseline, with negligible
gains or losses. Common Voice is harder to summarize with one average because
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Table 3. Overall zero-shot Whisper performance under the within-group protocol.
WER values are percentages; these population-level numbers provide context for the
matched adaptation subsets in Table 4.

Dataset Model WER%

Common Voice tiny 18.71
Common Voice base 13.76
Common Voice small 9.02
Common Voice medium 6.89

LibriSpeech tiny 9.65
LibriSpeech base 6.92
LibriSpeech small 5.01
LibriSpeech medium 5.36

VoxPopuli tiny 15.25
VoxPopuli base 12.83
VoxPopuli small 11.10
VoxPopuli medium 9.97

Table 4. Adaptation across datasets. WER values are percentages; bold marks the
best adapted condition in each row.

Dataset Model
Matched

zero-shot WER
Pooled

LoRA WER
Personalized
LoRA WER

Common Voice tiny 19.66 ± 2.85 19.31 ± 0.95 18.69 ± 1.12
Common Voice base 14.29 ± 2.11 14.13 ± 0.77 14.10 ± 0.62
Common Voice small 9.38 ± 1.64 9.12 ± 0.53 9.47 ± 0.50
Common Voice medium 7.11 ± 1.40 6.75 ± 0.50 6.94 ± 0.55

LibriSpeech tiny 11.62 ± 1.20 11.61 ± 1.09 11.65 ± 1.24
LibriSpeech base 8.14 ± 0.58 8.05 ± 0.70 8.09 ± 0.68
LibriSpeech small 5.54 ± 0.30 5.59 ± 0.39 5.51 ± 0.35
LibriSpeech medium 6.36 ± 0.54 6.74 ± 0.88 6.17 ± 0.58

VoxPopuli tiny 15.30 ± 0.35 14.18 ± 0.33 14.20 ± 0.24
VoxPopuli base 12.93 ± 0.70 11.27 ± 0.29 12.02 ± 0.19
VoxPopuli small 11.13 ± 0.38 8.65 ± 0.29 10.37 ± 0.26
VoxPopuli medium 10.24 ± 0.43 9.81 ± 0.41 9.80 ± 0.43
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the matched subsets combine easy and difficult groups, so we next separate it
by baseline difficulty.

The matched zero-shot column should be read separately from the overall
zero-shot table. Adaptation requires enough same-group audio, so repeated sub-
sets are drawn from eligible groups rather than from the entire population. Com-
mon Voice and LibriSpeech are also stratified by zero-shot WER to avoid sam-
pling only easy or difficult groups. This distinction is strongest for LibriSpeech,
where the eligibility filter favors harder readers. Thus Table 3 describes the
broader population, while Table 4 gives the matched baseline for the adaptation
comparison.

6.3 Adaptation Gains on Common Voice

Table 5 shows a pooled LoRA sweep over Common Voice difficulty percentiles.
Within each model size, proxies are ranked by zero-shot WER and grouped into
hard, middle, and easy bands. The absolute WER reduction is largest in the
high-error tail and becomes small for easier groups. Percentage-point reduction
is the most direct measure of adaptation benefit in these high-error groups.

Table 5. Pooled LoRA on Common Voice difficulty bands. WER columns are percent-
ages; gain is the absolute percentage-point improvement over zero-shot.

Model
Difficulty

band
Zero-shot

WER
Pooled
WER

Gain
(pp)

tiny Hardest 10% 48.81 38.94 +9.88
base Hardest 10% 38.00 31.30 +6.70
small Hardest 10% 26.29 22.21 +4.09
medium Hardest 10% 19.71 17.49 +2.22

tiny Hardest 20% 38.13 32.44 +5.69
base Hardest 20% 29.02 24.93 +4.09
small Hardest 20% 19.31 17.47 +1.83
medium Hardest 20% 14.43 13.48 +0.95

tiny Middle 40–60% 14.86 13.00 +1.86
base Middle 40–60% 10.59 9.59 +1.00
small Middle 40–60% 6.86 6.20 +0.66
medium Middle 40–60% 5.32 4.73 +0.58

tiny Easiest 20% 7.77 7.55 +0.22
base Easiest 20% 5.35 4.87 +0.48
small Easiest 20% 3.41 3.01 +0.40
medium Easiest 20% 2.62 2.27 +0.35

The hardest-10% rows make the dependence on baseline difficulty visible.
For Whisper medium, the full Common Voice zero-shot WER is 6.89%, yet the
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hardest eligible groups have a zero-shot WER of 19.71% and gain 2.22 percentage
points from pooled LoRA. The medium hardest-20% band gains only 0.95 points.
At the easy end, the absolute gains are much smaller: tiny improves by 0.22 points
in the easiest-20% band versus 9.88 points in the hardest-10% band, and base
improves by 0.48 points versus 6.70 points. Small and medium still improve in
the easiest-20% rows, but by less than half a point. Adaptation value is tied to
local baseline difficulty, not only to dataset-average WER.

6.4 Pooled and Personalized Adaptation in Difficult Groups

The pooled sweep shows where adaptation is beneficial, but not whether the
adapter needs to be group-specific. Table 6 compares pooled and personalized
LoRA within the same Common Voice difficulty bands. To keep the table focused,
we report gains rather than adapted WER.

The two Common Voice analyses answer different questions. Table 5 measures
how pooled adaptation varies across fixed zero-shot difficulty bands, whereas
Table 6 uses matched repeated subsets to compare pooled and group-specific
adapters on the same sampled groups and held-out utterances. Thus, Table 6 is
not intended to reproduce the pooled sweep in Table 5 exactly. Instead, it tests
whether group-specific adapters provide additional benefit beyond a matched
pooled adapter within the same difficulty regime.

Table 6. Common Voice difficulty-band comparison of pooled and personalized LoRA.
Values are absolute WER gains in percentage points.

Model Method
Hardest

10%
Middle
40–60%

Easiest
20%

tiny Pooled +12.61 ± 0.44 +1.47 ± 0.11 +0.35 ± 0.06
tiny Personalized +11.36 ± 0.22 +1.43 ± 0.05 +0.37 ± 0.04

base Pooled +10.91 ± 0.19 +0.87 ± 0.02 +0.43 ± 0.02
base Personalized +8.77 ± 0.15 +0.59 ± 0.07 +0.15 ± 0.03

small Pooled +8.08 ± 0.24 +0.62 ± 0.05 +0.51 ± 0.03
small Personalized +6.22 ± 0.24 +0.17 ± 0.03 +0.08 ± 0.02

medium Pooled +6.66 ± 0.11 +0.70 ± 0.04 +0.51 ± 0.02
medium Personalized +5.06 ± 0.12 +0.31 ± 0.03 +0.06 ± 0.04

The matched difficulty runs lead to the same conclusion. The largest absolute
gains occur in the hardest band: pooled LoRA improves hardest-10% WER by
12.61, 10.91, 8.08, and 6.66 percentage points for tiny, base, small, and medium,
respectively. In the middle and easiest bands, the gains are much smaller. Pooled
LoRA is also stronger than personalized LoRA for all hardest-10% rows and for
most middle and easy rows. The gain should not be read as purely individual
personalization; much of it is captured by adapting once to a difficult subset.
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7 Conclusion

Our results show that Whisper adaptation should be treated as a selective in-
tervention rather than a uniform personalization step. Using a matched within-
group protocol on Common Voice, LibriSpeech, and VoxPopuli, we find that
LoRA adaptation is most useful when zero-shot Whisper still makes stable,
group-structured errors. VoxPopuli shows consistent benefits from pooled LoRA,
while Common Voice gains are concentrated in the high-error tail and shrink for
easier groups and stronger model sizes. LibriSpeech serves as a low-error control
condition, with adapted models remaining close to the zero-shot baseline.

The pooled baseline is essential for interpreting these gains. Because pooled
LoRA often matches or outperforms group-specific LoRA, improvements over
zero-shot are not sufficient evidence of individual personalization. In several
cases, the gains are better explained as adaptation to shared dataset, transcript,
recording, or difficult-subset conditions. Practical personalization studies should
therefore compare against matched pooled adapters, inspect per-group WER dis-
tributions, and focus adaptation on groups with measurable and stable baseline
errors.

Several limitations remain. First, the grouping variable is a metadata proxy
rather than verified identity, especially for Common Voice. Second, the within-
group protocol produces personalization-oriented results rather than official bench-
mark scores. Third, the adaptation budgets are only approximately matched
across datasets, and we do not separately analyze acoustic factors such as SNR,
channel, or reverberation.

The Common Voice matched difficulty repeats should also be interpreted
diagnostically. They cover selected percentile bands rather than all possible
bands, and difficulty-band selection in deployment would need to rely on de-
velopment data or historical zero-shot performance, not on held-out test perfor-
mance. These limitations reinforce the main recommendation: personalization
should be treated as a selective intervention, not as a uniform post-processing
step.

Acknowledgments. This work was partially supported by computational resources
provided by CINECA. We acknowledge the CINECA award under the ISCRA initiative
for the availability of high-performance computing resources and support.

References

1. Ardila, R., Branson, M., Davis, K., Kohler, M., Meyer, J., Henretty, M., Morais,
R., Saunders, L., Tyers, F.M., Weber, G.: Common voice: A massively-multilingual
speech corpus. In: Proceedings of the Twelfth Language Resources and Evaluation
Conference. pp. 4218–4222. European Language Resources Association, Marseille,
France (2020), https://aclanthology.org/2020.lrec-1.520/

2. Bell, P., Fainberg, J., Klejch, O., Li, J., Renals, S., Swietojanski, P.:
Adaptation algorithms for neural network-based speech recognition: An
overview. IEEE Open Journal of Signal Processing 2, 33–66 (2021).
https://doi.org/10.1109/OJSP.2020.3045349



Personalization Gains in Whisper ASR 13

3. Gu, Y., Du, Z., Zhang, S., Han, J., He, Y.: Personality-memory gated adap-
tation: An efficient speaker adaptation for personalized end-to-end automatic
speech recognition. In: Proceedings of Interspeech. pp. 2870–2874 (2024).
https://doi.org/10.21437/Interspeech.2024-1621

4. Hu, E.J., Shen, Y., Wallis, P., Allen-Zhu, Z., Li, Y., Wang, S., Wang, L.,
Chen, W.: LoRA: Low-rank adaptation of large language models. In: Pro-
ceedings of the International Conference on Learning Representations (2022).
https://doi.org/10.48550/arXiv.2106.09685, https://openreview.net/forum?id=
nZeVKeeFYf9

5. Huang, Y., Ye, G., Li, J., Gong, Y.: Rapid speaker adaptation for conformer trans-
ducer: Attention and bias are all you need. In: Proceedings of Interspeech. pp.
1309–1313 (2021). https://doi.org/10.21437/Interspeech.2021-1884

6. Jiang, S., Qi, J., Huo, C., Gao, Y., Chen, Q.: Two-stage adapta-
tion for non-normative speech recognition: Revisiting speaker-independent
initialization for personalization. arXiv preprint arXiv:2603.15261 (2026).
https://doi.org/10.48550/arXiv.2603.15261

7. Joseph, G., Baby, A.: Speaker personalization for automatic speech recognition
using weight-decomposed low-rank adaptation. In: Proceedings of Interspeech. pp.
2875–2879 (2024). https://doi.org/10.21437/Interspeech.2024-1434

8. Katkov, S., Liotta, A., Vietti, A.: Speech recognition in adverse conditions: syn-
thetic transformations and real environmental noise. Journal on Audio, Speech, and
Music Processing 2026, 28 (2026). https://doi.org/10.1186/s13636-026-00458-1

9. Leggetter, C.J., Woodland, P.C.: Maximum likelihood linear regression for speaker
adaptation of continuous density hidden Markov models. Computer Speech & Lan-
guage 9(2), 171–185 (1995). https://doi.org/10.1006/CSLA.1995.0010

10. Meng, Z., Gaur, Y., Li, J., Gong, Y.: Speaker adaptation for attention-
based end-to-end speech recognition. In: Proceedings of Interspeech (2019).
https://doi.org/10.21437/Interspeech.2019-3135

11. Müller-Eberstein, M., Yee, D., Yang, K., Mantena, G.V., Lea, C.: Hy-
pernetworks for personalizing ASR to atypical speech. Transactions of
the Association for Computational Linguistics 12, 1182–1196 (2024).
https://doi.org/10.1162/tacl_a_00696, https://aclanthology.org/2024.
tacl-1.65/

12. Nassereldine, A., Liu, D., Xu, C., Qin, R., Shi, Y., Xiong, J.: PI-
whisper: Designing an adaptive and incremental automatic speech recog-
nition system for edge devices. arXiv preprint arXiv:2406.15668 (2024).
https://doi.org/10.48550/arXiv.2406.15668

13. Panayotov, V., Chen, G., Povey, D., Khudanpur, S.: LibriSpeech: An ASR corpus
based on public domain audio books. In: Proceedings of ICASSP. pp. 5206–5210
(2015). https://doi.org/10.1109/ICASSP.2015.7178964

14. Pokel, N., Moure, P., Boehringer, R., Liu, S.C., Gao, Y.: Variational low-
rank adaptation for personalized impaired speech recognition. arXiv preprint
arXiv:2509.20397 (2025). https://doi.org/10.48550/arXiv.2509.20397

15. Radford, A., Kim, J.W., Xu, T., Brockman, G., McLeavey, C., Sutskever,
I.: Robust speech recognition via large-scale weak supervision. In: Pro-
ceedings of the 40th International Conference on Machine Learning. Pro-
ceedings of Machine Learning Research, vol. 202, pp. 28492–28518. PMLR
(2023). https://doi.org/10.48550/arXiv.2212.04356, https://proceedings.mlr.
press/v202/radford23a.html



14 S. Katkov and A. Liotta

16. Song, Z., Zhuo, J., Yang, Y., Ma, Z., Zhang, S., Chen, X.: LoRA-whisper:
Parameter-efficient and extensible multilingual ASR. In: Proceedings of Inter-
speech. pp. 3934–3938 (2024). https://doi.org/10.21437/Interspeech.2024-892

17. Swietojanski, P., Li, J., Renals, S.: Learning hidden unit contributions
for unsupervised acoustic model adaptation. IEEE/ACM Transactions
on Audio, Speech, and Language Processing 24(8), 1450–1463 (2016).
https://doi.org/10.1109/TASLP.2016.2560534

18. Tomanek, K., Zayats, V., Padfield, D., Vaillancourt, K., Biadsy, F.: Residual
adapters for parameter-efficient ASR adaptation to atypical and accented speech.
In: Proceedings of the 2021 Conference on Empirical Methods in Natural Lan-
guage Processing. pp. 6751–6760 (2021). https://doi.org/10.18653/v1/2021.emnlp-
main.541, https://aclanthology.org/2021.emnlp-main.541/

19. Wang, C., Rivière, M., Lee, A., Wu, A., Talnikar, C., Haziza, D., Williamson,
M., Pino, J., Dupoux, E.: VoxPopuli: A large-scale multilingual speech corpus for
representation learning, semi-supervised learning and interpretation. In: Proceed-
ings of the 59th Annual Meeting of the Association for Computational Linguis-
tics and the 11th International Joint Conference on Natural Language Process-
ing. pp. 993–1003 (2021). https://doi.org/10.18653/v1/2021.acl-long.80, https:
//aclanthology.org/2021.acl-long.80/

20. Wang, W., Park, T., Medennikov, I., Wang, J., Dhawan, K., Huang, H.,
Koluguri, N.R., Balam, J., Ginsburg, B.: Speaker targeting via self-speaker
adaptation for multi-talker ASR. In: Proceedings of Interspeech (2025).
https://doi.org/10.21437/Interspeech.2025-2142

21. Yang, K., Hu, T.Y., Chang, J.H.R., Swetha Koppula, H., Tuzel, O.:
Text is all you need: Personalizing asr models using controllable speech
synthesis. In: ICASSP 2023 - 2023 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP). pp. 1–5 (2023).
https://doi.org/10.1109/ICASSP49357.2023.10096971

22. Zhao, Q., Sun, G., Zhang, C., Xu, M., Zheng, T.F.: SAML: Speaker adaptive
mixture of LoRA experts for end-to-end ASR. In: Proceedings of Interspeech. pp.
777–781 (2024). https://doi.org/10.21437/Interspeech.2024-1006

23. Zhao, Q., Sun, G., Zhang, C., Xu, M., Zheng, T.F.: Speaker adaptation for
quantised end-to-end ASR models. arXiv preprint arXiv:2408.03979 (2024).
https://doi.org/10.48550/arXiv.2408.03979


