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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).

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-

81



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/AA-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).
(iii) 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).

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
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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/INT8 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

algorithmic ones: both algorithms are architecture-
agnostic, but the reference libraries we tested
(gptqmodel, 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 = maxg WERg/ming WERg

and the compounding index (MMRcompressed −
MMRFP16)/MMRFP16.
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The headline metric is the temporal-taxation dif-
ferential adapted from Choi and Choi (2025). For
demographic group g in a cell with audio of mean
rate wpm words per minute,

Tg = WERg · C · wpm,

where C is the assumed cost per error in seconds.
Tg is a linear rescaling of WERg; 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 Tg 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 τ . 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),

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 (pBH = 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 +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-
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Correction time (seconds per minute of speech)

whisper-large-v3 + Wanda 50%
fs: Black/AA vs Asian

whisper-medium + Wanda 50%
fs: Black/AA vs Asian

whisper-base + Wanda 50%
cv25: indian vs canada

whisper-large-v3 + Wanda 50%
cv25: indian vs canada

whisper-small + Wanda 50%
fs: Black/AA vs Asian

whisper-tiny + INT4 HQQ
cv25: african vs canada

whisper-small + Wanda 50%
cv25: african vs canada

whisper-medium + Wanda 50%
cv25: indian vs canada

whisper-tiny + Wanda 50%
cv25: african vs canada

whisper-base + Wanda 50%
fs: Black/AA vs Asian

+111%

+88%

+70%

+69%

+52%

+39%

+35%

+32%

+29%

+24%

(a) Worst-vs-best group temporal-taxation differential

Precision class
FP16 differential, C = 5 s/edit Compressed differential, C = 5 s/edit

0 20 40 60 80 100
Relative change in differential (%)

+111%

+88%

+70%

+69%

+52%

+39%

+35%

+32%

+29%

+24%

(b) Differential expansion vs FP16

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

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%).
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(a) whisper-large-v3 + Wanda 50%, Fair-Speech
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(b) whisper-tiny + INT4 HQQ, AfriSpeech (top 25 accents by delta)

Compression concentrates WER damage on already-marginalized groups

Paired permutation result
BH-FDR significant (q < 0.05) Not significant

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 (+0.216 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

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 (pBH = 2.68 × 10−3). Hausa
(n=196) moves from 1.53% to 9.18%, a 6.0-fold
increase (pBH = 1.43 × 10−2). Yoruba (n=648)
moves from 1.23% to 6.33%, a 5.12-fold increase
(pBH = 8.62× 10−5). 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, pBH =
2.46 × 10−6). 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 τ 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
(τ = 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

86



102 103

Model parameters (millions, log scale)

−0.6

−0.4

−0.2

0.0

0.2

0.4

0.6

Co
m

po
un

di
ng

 in
de

x
(M

M
R 

sh
ift

 v
s F

P1
6)

CV25 (accent)

102 103

Model parameters (millions, log scale)

Fair-Speech (ethnicity)

102 103

Model parameters (millions, log scale)

AfriSpeech (accent)
Method
(solid: Whisper, dotted: Distil)

INT8
INT4 NF4
INT4 HQQ
Wanda 50%

Compounding is method-specific and scales with capacity

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 (INT8, 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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Figure 4: Catastrophic-loop rate under quantization and pruning compounds at edge capacity (F = BH-FDR
significant, q < 0.05). (a) whisper-tiny on AfriSpeech, top-20 accents by INT4 HQQ loop rate. (b) Fair-Speech
ethnicity loop rates for whisper-tiny + INT4 HQQ and whisper-small + 50% Wanda.
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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
(+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 (+5.63 pp under beam-5 against +7.89 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

scattered, concentrated on the whisper-medium→
distil-medium.en pair on Fair-Speech ethnicity at
every precision (gap-widening index +0.011 to
+0.151); the two near-zero shifts (distil-large-v3 +
Fair-Speech + INT4 HQQ at +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
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Distillation narrows the demographic gap on accent axes; the medium-capacity pair widens the Fair-Speech ethnicity gap

Dataset
AfriSpeech CV25 Fair-Speech

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 = (MMRstudent/MMRteacher)− 1,
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, +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 (Ogueji et al., 2022; Ahia
et al., 2021), is that Wanda’s magnitude × 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

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-
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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.

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 INT8, 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, INT8 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 τ

AfriSpeech INT8 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 INT8 1.000
Fair-Speech INT4 NF4 1.000
Fair-Speech INT4 HQQ 0.929
Fair-Speech Wanda 50% 1.000

Table 1: Kendall’s τ 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 (q <
0.05 within each cell, paired permutation vs. FP16)
over the 56 Common Voice 25 (model, accent)
pairs are: INT8, 1 of 56 significant per-accent
deltas (distil-large-v3, us, +0.40 pp); INT4 NF4,

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 q < 0.05). Counting whole cells instead,
at least one per-group delta reaches q < 0.05 in
6 of 21 INT8 cells, 18 of 21 INT4 NF4 cells, 15
of 21 INT4 HQQ cells, and 13 of 13 Wanda 50%
cells. Across all three datasets INT8 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). INT8 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 +7.89 pp (pBH ≈ 0)
while the next-largest delta is more than five times
smaller, Middle Eastern at +1.50 pp, followed by
Pacific Islander at +1.47 pp; Hispanic (+0.38 pp,
pBH = 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× activation criterion preferentially removes
weights serving rarer input distributions (Hooker
et al., 2019).

B Temporal-taxation sensitivity

Because Tg = WERg · 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, CV25 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 in 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

(rep5, 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) 4.00×? 6.67×? 6.33×?

Yoruba (648) 3.50×? 5.12×? 5.00×?

Hausa (196) 4.75×? 6.00×? 5.00×?

Swahili (521) 2.71× 3.40× 4.25×?

Igbo (355) 2.20× 2.83× 2.83×

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 q <
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
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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: gptqmodel 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 INT8 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-

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-v3 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 INT8 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 +0.22 pp (Appendix A).
The INT8-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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