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Abstract
Demographic bias in the performance of speech and language technology has been an active area of recent
research. A lot of studies have shown the existence of demographic biases in Automatic Speech Recognition (ASR)
systems. In this work, we propose a novel model-agnostic and demographic label-agnostic approach, called DARe, to
mitigate any existing bias in an ASR system towards certain speaker groups. We built a debiasing module that goes
between the feature extractor of an ASR and the rest of that ASR. The module includes content-group disentanglers
to separate content and group, a demographic classifier, and adversarial reweighting. To eliminate the need for
demographic labels, we generated pseudo-group labels by extracting speaker embeddings and clustering them. We
worked with three ASR systems–Wav2Vec2 base, SEW tiny, and Whisper small. We used the FAI dataset, which
contains naturalistic conversations with speakers who self-identify their demographic attributes. We used Word
Error Rate (WER) as a metric of ASR performance and a Poisson regression-based approach to evaluate the racial
fairness of the models. We compared the racial bias of the models before and after applying our proposed approach
and observed a significant improvement in fairness.

Keywords: fairness, demographic bias, automatic speech recognition (ASR), poisson regression, drop-in-
deviance testing, disentanglement, reweighting, clustering; model-agnostic mitigation, word error rate (WER).

1. Introduction

Speech and language technology have seen no-
table progress in recent years. However, they con-
tinue to struggle with fairness across speaker demo-
graphics. These demographics include individuals
who share attributes such as gender identity (e.g.,
male, female, non-binary), native language, and
other relevant characteristics. A growing body of
research highlights the presence of demographic
biases in ASR systems, spanning gender, racial,
social, and cultural dimensions. For example, Koe-
necke et al. (Koenecke et al., 2020) found that
five major ASR systems—Amazon, Apple, Google,
Microsoft, and IBM—performed disproportionately
poorly on Black speakers who use African Amer-
ican Vernacular English (AAVE) (Thomas, 2007;
Bailey and Thomas, 2021). They attributed these
disparities primarily to acoustic features rather than
language model components. Similarly, Feng et al.
(Feng et al., 2021) observed biases related to gen-
der, age, and accent in Dutch ASR systems. Other
studies (Tatman, 2017; Tatman and Kasten, 2017;
Martin and Tang, 2020; Wu et al., 2020) have fur-
ther documented accent and racial biases. Regard-
ing gender bias specifically, some systems show
improved performance for female speakers (Adda-
Decker and Lamel, 2005; Sawalha and Shariah,
2013; Koenecke et al., 2020), while others demon-
strate a preference for male voices (Garnerin et al.,
2019; Tatman, 2017; Garnerin et al., 2021), indi-
cating that such biases can vary depending on the

system and context.
We propose a novel model-agnostic demo-

graphic label-agnostic bias mitigation approach to
address the bias present in ASR systems. Our ap-
proach starts with extracting speaker embeddings
from the speech and clustering them to attain clus-
ter labels that obviate the need for demographic
labels. We experimented with several speaker en-
coders to choose the best one. Then, we propose
a debiasing module that goes between the feature
extractor and the rest of the ASR system. We ex-
perimented with three ASR systems, Wav2Vec2
base, SEW tiny, and Whisper small, on the FAI
dataset (Jahan et al., 2024). We used a Poisson
regression-based approach (Liu et al., 2022b) to
evaluate the fairness of the ASR systems. We
performed the drop-in-deviance test and used the
p-value as a fairness indicator. The experiments
show that the bias mitigation approach increases
the p-values, indicating improved fairness, while
maintaining a similar or lower WER. The following
are the contributions of this paper.

• We introduce DARe, a bias mitigation method
that:

– Is Model-agnostic, which allows the use
of this approach to mitigate any existing
demographic bias independently from the
ASR model at hand.

– Is Demographic label-agnostic, which
makes the fairness application to an ASR
independent from the dataset’s labels; it
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can be done using our method, regard-
less of whether the dataset has any de-
mographic information available.

– Correct bias in multiple attributes and
their intersectionality, since we do not
focus on any particular attribute, and
rather use cluster labels.

• We experiment with several systems for
speaker encoders and show their performance
in capturing demographic information and mit-
igating biases.

2. Previous Works

In recent years, numerous efforts have been under-
taken to address the various forms of bias present
in ASR systems. These approaches span model-
based, data-based, and hybrid strategies.

Data Augmentation: One line of work focuses
on various kinds of data augmentation. For ex-
ample, (Sarı et al., 2021) proposed a method that
mitigates bias by generating counterfactual data
latent representations disentangled from protected
attributes (e.g., gender, age). The phonetic con-
tent is preserved while the protected attribute is
modified using group-average spectrograms. The
model is trained to minimize the difference between
logits from factual and counterfactual pairs. Their
method reduces the Male-Female WER gap by 1.5
when augmenting gender data. However, the use
of average spectrograms to represent groups can
result in embeddings that do not sound realistic,
often perceived as synthetic or "dummies" by lis-
teners.

Similarly, (Zhang et al., 2022) used autoencoder-
based cross-lingual voice conversion (Chen et al.,
2021) to simulate non-native accents in Dutch.
They explored two training strategies: fine-tuning
on augmented data and domain adversarial training
(DAT) (Sun et al., 2018). DAT involved adversarial
learning to distinguish native from non-native ac-
cents. Their best model reduced the non-native
bias, measured by WER difference, for read data
from 28.83% to 13.59%, and for human-machine
interaction data from 29.49% to 12.62%. However,
voice conversion systems may fail to fully capture
the diversity of accents and may not preserve all
linguistic nuances. They used the cosine speaker
similarity method to find source speakers and target
speakers (for voice conversion) that are relatively
similar. This may lead to limited diversity in terms
of the intelligibility of the accented speech.

Another approach leveraging signal-level aug-
mentation is presented by (Fucci et al., 2023), who
simulate female speech by manipulating F0 and
formants, features known to differentiate male and
female voices (Coleman, 1976; Hillenbrand and

Clark, 2009). Their method yielded up to a 9.87%
relative WER reduction for female speakers. While
potentially effective, this approach risks reinforc-
ing gender stereotypes by treating certain acoustic
changes as universally representative of gender,
and may overlook within-group variability (Merritt
and Bent, 2022).

Speaker Group Based Approaches: Other
works have explored the use of clustering and em-
beddings to implicitly represent speaker character-
istics. Authors of (Veliche and Fung, 2023) perform
unsupervised clustering on acoustic data and use
the resulting cluster IDs as features in an RNN-T
model with an Emformer encoder (Shi et al., 2021).
During training, they mask cluster IDs in randomly
selected samples to teach the model to infer this
information, while during inference, they assign all
samples to an ‘unknown’ class to preserve speaker
privacy. Using their approach, the performance of
male speakers (under-represented) in the Casual
Conversation(Liu et al., 2022a) dataset saw a sta-
tistically significant performance gain of 11.17%.
They also showed improvements of 5% relative
WER on average across demographic groups in
the Voice Command dataset, which they collected.
This method risks penalizing underrepresented
clusters if the model prioritizes overall performance.

Relatedly, some methods embed explicit group
or cohort information into the model. Authors of
(Dheram et al., 2022) introduced one-hot cohort
embeddings (e.g., “bottom” vs. “top” performance
groups) concatenated to acoustic features, improv-
ing equity across cohorts. This method reduced the
relative WER gap between the cohorts by 31.6%.
Still, this technique is limited in scalability, as it only
handles binary groupings and would need redesign
for continuous or multi-class attributes.

Data Balancing Techniques: A straightforward
mitigation strategy is balancing training data across
demographic groups. For instance, authors of the
study (Ezema et al., 2025) fine-tuned OpenAI’s
Whisper ASR on speech data balanced across
Black and White speakers, reducing WER for both
groups and narrowing the performance gap from
37% to 26% relative difference. Likewise, (Dheram
et al., 2022) simulated WER-based cohorts and ap-
plied oversampling of underperforming groups in a
semi-supervised framework, achieving a 17.9% rel-
ative WER gap reduction between cohorts. While
effective, these strategies require group labels and
are dependent on known demographic distinctions.

Fairness-Aware Regularization: Adversarial
training has also been applied to reduce bias
in ASR. (Na and Park, 2021) employed Domain-
Adversarial Neural Networks to build accent-
invariant ASR systems, reducing disparities be-
tween standard and accented speech. Their ap-
proach decreased the WER for British and Indian
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accents by 5% and 3%. However, tuning the ad-
versarial strength (λ) is crucial— excessive regular-
ization can degrade performance. Moreover, this
approach typically relies on known domain labels
(e.g., accent, gender), limiting generalizability to
unseen or intersectional groups.

Data-Centric Approaches: Some bias mitiga-
tion efforts focus on data curation and evaluation.
(Meyer et al., 2020) proposed an expert-validated
subset of the Common Voice dataset (Mozilla)
containing demographic information. They used
this dataset for finetuning, which did not improve
WER difference for gender (0.08 increase in gap)
but did improve for accent (5.67 decrease in
gap). While designed to evaluate ASR bias, the
dataset includes sparse and often missing demo-
graphic labels, especially for accents, and lacks
controls for intra-group speaker diversity. Similarly,
(Liu et al., 2022a) released the Casual Conversa-
tions dataset—an 846-hour corpus labeled by age,
gender, and skin tone. Although they achieved
lower overall WER after fine-tuning models on this
dataset, the subgroup disparities did not decrease.
These data-driven methods require significant re-
sources for data collection, validation, and annota-
tion.

Beyond data quantity, diversity within groups is
also critical. The studies (Feng et al., 2024, 2021)
differentiate between direct (balancing dataset size)
and indirect (increasing diversity within groups)
methods of bias reduction. However, both ap-
proaches demand extensive data engineering.

Finally, there is growing recognition that bias is
not purely a data issue. Authors of (Markl, 2022)
emphasize the importance of treating datasets as
infrastructure. Drawing from (Paullada et al., 2021;
Bender and Friedman, 2018; Hutchinson et al.,
2021), they argue for documentation practices that
anticipate and mitigate bias, including annotator
diversity and awareness of differing values. Fur-
thermore, (Hooker, 2021) stresses that model ar-
chitecture itself can introduce or amplify bias, high-
lighting the need for holistic evaluation beyond just
data collection.

In our method, we try to tackle the bias intro-
duced by ASR model architectures. The existing
model-based approaches are often tailored for a
particular model, our proposed approach will work
for any end-to-end model. Our method also does
not require specific labels. Also, several of the dis-
cussed works only show improvement in WER of
each demographic group compared to the baseline,
overlooking the relative improvement and the sta-
tistical significance. Through our experiments, we
make sure the demographic bias is reduced and
the reduction is statistically significant.

3. Materials: Data and Pre-trained
ASR Models

We used the following three ASR systems from
Hugging Face1 for our experiments.

• Wav2Vec 2.0 Base (Baevski et al., 2020)
(w2v2):
Model Name: facebook/wav2vec2-base-960h
Number of Parameters: ~95 million
Pretraining Dataset: LibriSpeech (960 hours
of labeled speech for fine-tuning) and Libri-
Light (53K hours of unlabeled audio for pre-
training)
Description: Developed by Facebook AI, this
model is based on the Wav2Vec 2.0 architec-
ture, which learns speech representations in
a self-supervised fashion from raw audio. It
achieves strong performance in ASR tasks
with minimal labeled data.

• Whisper Small (Radford et al., 2023) (whis-
per):
Model Name: openai/whisper-small
Number of Parameters: ~244 million
Pretraining Dataset: 680,000 hours of multi-
lingual and multitask supervised data collected
from the web
Description: Whisper is OpenAI’s sequence-
to-sequence ASR model trained on a large
and diverse dataset. It supports multilingual
transcription, translation, and language iden-
tification. The “small” version offers a good
balance between accuracy and efficiency.

• SEW-Tiny (Wu et al., 2022) (sew):
Model Name: asapp/sew-tiny-100k-ft-ls100h
Number of Parameters: ~6 million
Pretraining Dataset: Pretrained on 100k
hours of unlabeled audio from VoxPopuli; fine-
tuned on LibriSpeech 100h
Description: SEW stands for Speech-
Equivalent Wav2Vec. This "Tiny" version
is highly compact and efficient, targeting
resource-constrained environments. Despite
its small size, it delivers solid ASR perfor-
mance due to effective self-supervised pre-
training.

Dataset: to adapt and evaluate the ASRs, we
used the FAI dataset described in (Jahan et al.,
2024). This is an English speech corpus featur-
ing 526 speakers (145.2 hours of audio) who self-
identify or are identified by others in real-life conver-
sation as belonging to various racial, ethnic, and
national origin groups. The available labels include-
race, ethnicity, and national origin of the identified
speaker, the type of identification (by speaker or

1https://huggingface.co/
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by someone else), and the sentence or segment
where the identification was made. For this study,
we focused on the Asian, White, and Black racial
categories. We used 75% of the data for training,
12.5% for the development, and 12.5% for testing.
The development and test speakers are not present
in the training split.

4. Proposed Method

The proposed approach involves attaching a debi-
asing module, DARe, between the feature extractor
and the rest of the ASR. The input can be raw
wave or spectrograms, depending on the ASR sys-
tem. The method overview is shown in Figure 1.
The code for the debiasing module is available on
GitHub2.

4.1. Demographic clustering
We extract speaker embeddings (ZS) from the
speech using a pretrained speaker encoder system.
Then we perform K-means clustering to cluster the
embeddings. The value of K is determined using
the elbow method. To ensure that the speakers
from the same demographic group end up in the
same cluster, we experimented with the following
seven speaker embedding systems and chose the
one that captures the most demographic informa-
tion.

1. Microsoft WavLM-Base for Speaker Verifica-
tion, pretrained on 960 hours of LibriSpeech;
fine-tuned on VoxCeleb1.

2. SpeechBrain X-Vector Speaker Recognition,
pretrained on VoxCeleb1 and VoxCeleb2.

3. SpeechBrain ECAPA-TDNN Speaker Recogni-
tion, pretrained on combined VoxCeleb1 and
VoxCeleb2 datasets.

4. SpeechBrain ResNet TDNN Speaker Recog-
nition, pretrained on combined VoxCeleb1 and
VoxCeleb2 datasets.

5. NVIDIA TitaNet-Large for Speaker Verifica-
tion, pretrained on combined VoxCeleb1, Vox-
Celeb2, Fisher, Switchboard, LibriSpeech, and
NIST SRE (2004–2010).

6. Facebook Wav2Vec2-Large-XLSR-53, pre-
trained on 53,000 hours of multilingual data
from the CommonVoice dataset.

7. Facebook HuBERT-Large (LL-60k), pretrained
on 60,000 hours of Libri-Light.

2https://github.com/Maliha-Jahan/DARe

Then we used the cluster labels as demographic
labels. This way, we can obviate the use of specific
demographic labels like gender and race and target
multiple demographic attributes and their intersec-
tionality for bias mitigation.

4.2. Encoders and disentangler
We extracted two embeddings- content embedding
and group embedding, from the speech, and disen-
tangled them. The content embedding (ZC) repre-
sents what is being said, and the group embedding
(ZG) represents the demographic information in
the signal. To extract the embeddings, we have a
content and a group encoder. The ASR model’s fea-
ture extractor is used as the content encoder, which
is optimized through disentangling to provide only
content and remove group information. The group
encoder has the same architecture but different
(non-shared) weights, followed by a pooling layer.
We used disentanglers to separate content from
group information. The disentangler G2C tries to
predict the content embedding (Z ′

C ) from the group
embedding (ZG), and the disentangler C2G does
the opposite. The goal is to make ZC uninformative
about ZG, and vice versa. We achieved this via
a min-max optimization: disentanglers are trained
to improve prediction performance, while the en-
coders are trained to make the embeddings less
predictable to the disentanglers, thus enforcing dis-
entanglement in the encoders. We took the Mean
Squared Error (MSE) loss between the predicted
and actual embeddings and added it to the total
loss, which is explained in Section 4.5.

4.3. Cluster classifier
The content embedding ends up with content infor-
mation because the content encoder is trained with
the ASR loss. To ensure that the group embedding
ends up with group information, we used a cluster
classifier. The classifier predicts cluster labels from
group embeddings, forcing the group embeddings
to learn to distinguish between the clusters. Dur-
ing training, we add the cross-entropy loss from
this classifier to the total loss. The reason why
we need to ensure that group embeddings capture
group information is so that when the group and
content embeddings are disentangled, the group
information captured by the group embedding will
be removed from the content embedding.

4.4. Adversarial reweighting
Taking inspiration from (Jin et al., 2022), a work
on speaker verification fairness, we used adver-
sarial reweighting for ASR fairness. We concate-
nated the cluster labels with the content embed-
dings and predicted weights for each sample using
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Figure 1: Overview of the proposed approach. Inputs are shown in pink, debiasing-related submodules in
blue, ASR components in orange, speaker encoder in yellow, and losses in green.

a weight predictor. Then we multiplied the ASR loss
of each sample by the weights before aggregating
the loss. The purpose of the weights is to penal-
ize the ASR more for getting the underrepresented
samples wrong. We use min-max optimization to
minimize total loss with respect to the ASR param-
eters and maximize the total loss with respect to
the weight predictor parameters. So, the weight
predictors will produce weights that maximize the
loss, generating larger weights for samples that are
harder to recognize and smaller weights for easier
samples. The ASR will focus more on the harder
samples since those samples have higher weights.

4.5. Loss function
The loss function has three components:

1. ASR term: The ASR loss can be CTC loss
or sequence-to-sequence loss, based on the
ASR system.

min
θASR,ϕc

max
ψ

LASR(fc(x;ϕc), y;W (ψ)) (1)

2. Classifier term: The classifier term is the
cross-entropy loss of the cluster classifier.

min
θClf ,ϕg

LClf (fg(x;ϕg), d) (2)

3. Disentangler term: The disentangler loss is
the sum of the two Mean Squared Error (MSE)
losses between the two embeddings and their
predictions.

min
θD_C2G,θD_G2C

max
ϕc,ϕg

LDis(fc(x;ϕc), fg(x;ϕg))

(3)

L = LASR + λClfLClf + λDisLDis (4)

In the above equations, θASR, θCls, θD_C2G, and
θD_G2C are the parameters of the ASR, the clas-
sifier, and the disentanglers of content from the
group and group from the content. ϕc and ϕg are
the parameters of the content and group encoders.
ψ indicates the parameters of the weight predictor.
LASR, LClf , and LDis are the ASR, the classifier
and the disentangler loss. x, y, and d are the inputs,
the transcriptions, and the demographic labels. W ,
fc, and fg are the weight predictor, content encoder,
and group encoder. λClf and λDis are the contribu-
tions of the classifier loss term and the disentangler
loss term to the total loss. These weights start
very small and are gradually increased using the
following formula to slowly introduce the fairness
components into the loss.

λeffective = λ∗ 1

1 + exp(−(epoch − mid_point)) (5)

Here, λ is either of the two weights. λeffective is
the effective value of the weight being used in the
current epoch. epoch is the current epoch, and
mid_point is the epoch where we want to apply
half of λ as the effective weight.

5. Experiments

5.1. Speaker encoder selection
experiment

To extract speaker embeddings that are rich in de-
mographic information, we performed experiments
on several speaker encoder systems to choose
the best one. We extracted speaker embeddings
from the FAI train split using each of the systems
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described in section 4.1, then we calculated the sil-
houette score, the within-group and between-group
distances, and performed PLDA classification. We
used the race labels to calculate these scores. The
silhouette score is a metric that evaluates the qual-
ity of clustering. It indicates how the samples in
each cluster, or race group in our case, are simi-
lar to their own cluster than to the other clusters.
Silhouette scores can range from -1 to 1, where
higher values indicate better-defined and more dis-
tinct clusters. Within-group and between-group
distances are calculated across the race groups.
We calculate the ratio (ρ) of the between-group
distance to the within-group distance. The higher
this ratio, the better the system is as our speaker
encoder. Finally, we trained a PLDA (Prince and
Elder, 2007) to classify the races and measure the
prediction accuracy. For classification using PLDA,
we used an 80-20 train-test split of the FAI training
data. We used these scores to determine which
embeddings contain the most race information.

5.2. ASR fairness evaluation metric
To evaluate the fairness of the ASR systems, we
used the approach proposed in (Liu et al., 2022b).
They proposed that the number of word errors in
the jth utterance by speaker i, Eij , is a Poisson
random variable with rate parameter λij :

Eij ∼ Poisson(λij), (6)
log(λij) = log(Nij) + µf(i) + θ⊤xij + ri. (7)

Nij is the number of words in the utterance. f(i)
is the group label of the speaker: in our experi-
ments, f(i) ∈ {Asian,Black,White}. µf(i) is the
effect of demographic group on WER. xij is a vec-
tor that contains any known potential confounding
effects, including any available demographic labels
of speaker i other than the label being tested. θ
has the learnable coefficients of each confounding
effect. ri is the speaker-level random effect: in this
model, inter-speaker variability is a random variable
that is normally distributed with zero mean and with
a variance, σ2, that is assumed to be independent
of group identity.

By explicitly modeling confounding effects, this
model avoids confounds that may have affected
the WER. Previously published studies of ASR
fairness, e.g., studies of CORAAL (Kendall and
Farrington, 2023) report a higher WER for male
than for female speakers, but when confounding
variables like profession is explicitly modeled, the
apparent dependence on gender becomes non-
significant (Jahan et al., 2025). In our case, as
confounding effects, we took the gender logits and
predicted age from a pretrained gender and age
classifier (Burkhardt et al., 2023) since FAI did not
have these labels. In (Burkhardt et al., 2023), the

Spk. Silh- ρ PLDA
Emb. ouette Classi.

↑ ↑ ↑
1 -0.069 1.05 0.71
2 -0.012 1.18 0.81
3 0.008 1.03 0.80
4 0.005 1.05 0.83
5 0.004 1.03 0.82
6 -0.069 0.7 0.83
7 -0.058 1.09 0.79

Table 1: The results of the speaker encoder selec-
tion experiments in Section 5.1. From left to right-
speaker embedding system, silhouette score, ratio
ρ as described in Section 5.1, PLDA classification
accuracy. Top score is in bold, second best is in
italic.

classifier achieves a Mean Average Error between
7.1 years and 10.8 years for age, and a 91.1% ac-
curacy for gender. We also used signal-to-noise
ratio (SNR) as a confounding variable. To calculate
SNR, we used Silero-VAD (Team, 2021) to get the
noise segments and then squared the noise seg-
ment values and took the mean as the noise power.
We squared the signal and took the mean as the
signal power, then calculated the SNR.

We performed the drop-in-deviance test to eval-
uate fairness concerning the attribute of interest,
which is race in our experiments. In the simpler
model, we took the speaker effect and confound-
ing variables (male, female logits, and SNR) as
predictors. In the larger model, we added race as
an additional predictor. Then we used the drop-
in-deviance test to test whether adding the race
variable significantly improves the fit of the Poisson
model to the data. If racial bias does exist, the
fit will improve significantly. The drop-in-deviance
is calculated by taking -2 times the difference in
the simpler and larger models’ log likelihood. If
the fit does not improve after adding race, then the
drop-in-deviance will follow a χ2 distribution with
degrees of freedom equal to the difference (ddiff)
between the larger and simpler models. We get
the p-value by taking the probability of a χ2 random
variable with ddiff degrees of freedom being as ex-
treme as the observed drop-in-deviance. If race is
significant in predicting word error, then we will get
a low p-value. So, a higher p-value indicates better
fairness.

5.3. ASR experiment

The empirical study contrasts five system configu-
rations—three unaltered baselines and two vari-
ants of the DARe debiasing framework, across
three backbone recognizers (Wav2Vec2, SEW,
and Whisper). A concise classification of the
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model variants is presented below.

Baseline Systems:

• BL (Frozen Baseline). The off-the-shelf pre-
trained ASR model is evaluated as is, with all
parameters frozen and no debiasing module
attached. This configuration provides a refer-
ence point for native performance and demo-
graphic disparity.

• FT (Feature-Tuned Baseline). Only the acous-
tic feature extractor is unfrozen and fine-tuned
on FaiST; decoder and other layers remain
fixed. The setting gauges the benefit of limited
adaptation without fairness intervention.

• Full (Fully-Tuned Baseline). All network pa-
rameters, including the encoder, decoder, and
any attention modules, are fine-tuned end-to-
end. This variant represents the upper bound
of conventional task-specific adaptation.

Proposed Variants:

• DARe-FT. The debiasing module is inserted,
and the original feature extractor is duplicated
to serve as both content and group encoders;
only these duplicated extractors, along with the
debiasing submodules (fg, G2C, C2G, W ),
are trainable. All downstream ASR layers re-
main frozen, preserving linguistic priors while
enforcing fairness constraints.

• DARe-Full. Identical to DARe-FT except that
all backbone parameters are unfrozen. This
configuration explores whether simultaneous
optimization of recognition and debiasing ob-
jectives yields further gains.

Optimization Details: Backbones employ learn-
ing rates tuned to their parameter scales: 10−5

(Wav2Vec2), 10−7 (SEW), and 10−5 (Whisper).
Training proceeds for 60, 50, and 40 epochs, re-
spectively, each selected via validation WER. The
mini–max objectives are realized through alternat-
ing updates: two gradient steps maximize L̃ASR
with respect to ψ (weight predictor) followed by
one step minimizing all losses with respect to
θASR, ϕc, ϕg and auxiliary parameters. Hugging
Face processors specific to each architecture han-
dle tokenization, feature extraction, and batching
of raw waveforms and transcripts.

After training, we performed inference on the test
set and got individual and overall WERs. Then we
fit Poisson models on the individual WERs, per-
formed the drop-in-deviance test on the Poisson
models, and got the p-values.

Figure 2: The log-relative difference in expected
WER between other races and Asian race.

6. Results

In Table 1, a silhouette score closer to 1 means
that the data point fits well within its own cluster
and is clearly separated from other clusters. So,
for our case, the higher the silhouette score, the
better. For the embedding clusters to align well with
the race labels, the ratio ρ between the between-
group and the within-group distances should be
high. The higher this ratio is, the better the system
is for our cause. And finally, the higher the PLDA
classification accuracy, the more demographic infor-
mation the embeddings will have. So, considering
all these, we picked NVIDIA TitaNet-Large (#5) for
our experiments.

Table 2 presents word-error rates (WER) and
Poisson drop-in-deviance p-values for each of the
five system configurations discussed in Section 5.3.
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w2v2
BL FT Full DARe-FT DARe-Full

WER 0.31 0.29 0.21 0.30 0.28
P-val 0.0073 0.0086 0.0075 0.0103 0.057

sew
BL FT Full DARe-FT DARe-Full

WER 0.48 0.49 0.35 0.48 0.48
P-val 0.0007 0.0005 0.0011 0.0021 0.0024

whisper
BL FT Full DARe-FT DARe-Full

WER 0.27 0.21 0.10 0.21 0.14
P-val 0.0457 0.111 0.4111 0.071 0.8301

Table 2: Fairness evaluation of the ASR systems.

Several patterns emerge:
• Fairness Gains. Both debiasing variants

(DARe-FT and DARe-Full) increase p-values
across all backbone recognizers, indicating a
substantial attenuation of race-dependent er-
ror disparities. The DARe-Full configuration
achieves the highest p-values, thereby offering
the strongest statistical evidence of fairness
improvement.

• Accuracy Preservation. Relative to the
frozen baseline (BL), debiasing incurs negli-
gible, or occasionally favorable, changes in
overall WER, demonstrating that fairness can
be advanced without sacrificing transcription fi-
delity. When compared with the feature-tuned
baseline (FT), DARe-FT and DARE-Full often
match or barely fall short in WER, underscor-
ing the benefit of demographic disentangle-
ment even under limited adaptation budgets.

• Trade-off with Full Fine-Tuning. The fully
tuned baseline (Full) records the lowest
WERs but simultaneously yields the small-
est p-values, signifying amplified racial dis-
parity. This outcome reflects a common opti-
mization bias: unconstrained fine-tuning grav-
itates toward over-represented speech vari-
eties, thereby improving aggregate accuracy
at the expense of equitable performance.

From a business perspective, the value of this
work is less about squeezing out the last decimal
of average WER and more about reducing tail risk
and building durable trust. By improving accuracy
for the worst-performing groups, DARe reduces
compliance risks, lowers support costs and user
loss in underserved groups, and provides more con-
sistent performance when demographics change
across regions or over time. These gains translate
into stronger brand equity and access to broader
markets, often outweighing the modest aggregate-
WER advantage of full fine-tuning that chiefly ben-
efits over-represented speech.

We also observe the coefficients, as shown in Fig-
ure 2, of the races after fitting the Poisson model for
BL (Pretrained) and DARe-FT (Mitigation). Asian
was the reference category, so the coefficient for a
race is the log-relative difference in expected WER
between that race and Asian speakers. So, the
lower the numbers in Figure 2, the closer the race
performances are to the Asian category. And, the
lower the gap between the coefficients of the races,
the closer their performances are to each other.
So, ideally, the bars after bias mitigation should be
shorter and closer to each other than the baseline.
That is the case for w2v2 and sew. For whisper, the
performance gap with Asian decreases, but the gap
between Black and White races increases. This
could be the result of Black and White categories
becoming closer in performance to the Unknown
and Multiracial categories.

7. Conclusion

We proposed a novel model-agnostic, demographic
label-agnostic bias mitigation approach for ASRs
called DARe. The approach disentangles con-
tent and group characteristics, uses pseudo labels
through unsupervised clustering, classification to
enforce group information in group embedding, as
well as adversarial reweighting and min-max op-
timization to train the debiasing module and the
ASR. Using a Poisson regression-based fairness
evaluation approach to evaluate the performance
of the approach, our experiments show that the
fairness significantly improves, indicated by higher
p-values, while maintaining similar or lower WERs.
We also observe the log-relative difference in ex-
pected WERs, which shows that in most cases, the
performance gap was improved.
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