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Abstract
Voice-based interfaces are widely used; however, achieving fair Wake-up Word detection across diverse speaker
populations remains a critical challenge due to persistent demographic biases. This study evaluates the effectiveness
of demographics-agnostic training techniques in mitigating performance disparities among speakers of varying
sex, age, and accent. We utilize the OK Aura database for our experiments, employing a training methodology
that excludes demographic labels, which are reserved for evaluation purposes. We explore (i) data augmentation
techniques to enhance model generalization and (ii) knowledge distillation of pre-trained foundational speech
models. The experimental results indicate that these demographics-agnostic training techniques markedly reduce
demographic bias, leading to a more equitable performance profile across different speaker groups. Specifically, one
of the evaluated techniques achieves a Predictive Disparity reduction of 39.94% for sex, 83.65% for age, and 40.48%
for accent when compared to the baseline. This study highlights the effectiveness of label-agnostic methodologies in
fostering fairness in Wake-up Word detection.
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1. Introduction

Voice-based interfaces are now central to human-
computer interaction, enabling virtual assistants,
hands-free messaging, and applications such as
customer support and clinical/legal transcription.
The entry point to most of these systems is a Wake-
up Word (WuW); a predefined trigger phrase that,
once detected by an always-on lightweight acoustic
model, activates the device and initiates interac-
tion with the user (Këpuska and Breitfeller, 2006;
Këpuska, 2011; López et al., 2023; López-Espejo
et al., 2021). However, speech systems often ex-
hibit performance disparities across demographic
groups such as sex, age, and accent (Attanasio
et al., 2024). Acoustic variability can systematically
affect and raise fairness concerns (Fuckner et al.,
2023). In always-on settings, these disparities man-
ifest not only as aggregate error-rate gaps but as un-
equal interactional burdens (Choi and Choi, 2025):
some users must repeat commands or alter their
speech more often than others to obtain the same
functionality. WuW detection is particularly sus-
ceptible because decisions rely on short speech
segments with limited context, which can amplify
speaker-dependent variability and reduce reliability
for children, older adults, and regional or non-native
speakers.

These concerns are consistent with prior work
documenting demographic bias across speech
tasks, including speaker identification, phoneme

recognition, intent classification, keyword spotting
(KWS), and emotion recognition (ER) (Meng et al.,
2022; Hutiri et al., 2023; Slaughter et al., 2023).
In Automatic Speech Recognition (ASR), higher
Word Error Rates (WER) are repeatedly reported
for speakers with regional or non-native accents,
with additional disparities linked to sex, age, and
intersectional factors (Garg et al., 2018; Zolnoori
et al., 2024; Harris et al., 2024; Feng et al., 2021;
Martin and Wright, 2023). Evaluations of large
foundation models such as Whisper (Radford et al.,
2023) further corroborate persistent racial, sex, and
dialect biases, frequently favoring majority or privi-
leged groups (Fuckner et al., 2023; Slaughter et al.,
2023; Hutiri et al., 2023). Similar patterns have
been observed in KWS and ER, where systems
often underperform for children, elderly speakers,
and nonstandard accents (Mujtaba et al., 2024;
Hutiri et al., 2023; Feng et al., 2021; Martin and
Wright, 2023). Recent benchmark efforts such
as Fair-Speech for ASR (Veliche et al., 2024) and
FaiST for broader speech technology (Jahan et al.,
2025) further document systematic performance
gaps across multiple demographic attributes, un-
derscoring the need for dedicated fairness analyses
in speech interfaces.

Several methodological tools have been pro-
posed to diagnose and mitigate these disparities.
For instance, DivExplorer can automatically iden-
tify attribute combinations (e.g., sex, age, accent)
associated with large performance gaps (Pastor
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et al., 2021). Building on such diagnostics, mitiga-
tion frameworks such as CLUES use discovered
subgroups to guide contrastive learning and reduce
disparities by targeting underperforming cohorts in
the representation space (Koudounas et al., 2024).
In parallel, Slaughter et al. (2023) demonstrated
that embeddings from pre-trained speech models,
including Whisper, wav2vec 2.0, WavLM, and Hu-
BERT, can encode and amplify social biases. To
measure this directly within the embedding spaces,
they developed the Speech Embedding Associa-
tion Test (SpEAT). Building on this area of research,
Lin et al. (2024) examined how specific architec-
tural and data choices in self-supervised learning
(SSL) impact social biases in downstream tasks.

Beyond specific methods and datasets, recent
work argues that speech recognition fairness is in-
herently context-dependent and multi-metric rather
than “one-size-fits-all”, calling for benchmarks
that consider task requirements, deployment con-
straints, and stakeholder needs (ElGhazaly et al.,
2025; Veliche et al., 2024).

Nonetheless, many mitigation strategies depend
on explicit demographic labels, which are often un-
available, incomplete, or privacy-sensitive in real-
world deployments, and data scarcity for under-
represented groups remains a persistent obsta-
cle (Dheram et al., 2022; Barocas and Selbst, 2016).
Other approaches pursue fairness via personal-
ization, for instance, by conditioning KWS models
on speaker-specific embeddings to improve per-
formance for underrepresented users (Labrador
et al., 2025). While effective, such methods typi-
cally require additional user data and enrollment
procedures, and may not be feasible for compact,
always-on WuW detectors operating entirely on de-
vice.

Motivated by these limitations, we study demo-
graphic bias in WuW detection and develop miti-
gation strategies that do not require demographic
labels during training. We (i) quantify demographic
disparities across sex, age, and accent using group-
wise analyses and fairness metrics such as Pre-
dictive Disparity (PD) and Disparate Impact (DI),
and (ii) investigate demographics-agnostic train-
ing methods based on generalization-oriented data
augmentation and knowledge distillation/transfer
from large self-supervised foundation speech mod-
els. Experiments on a real-world Spanish WuW
dataset (“OK Aura”) show that these label-free
strategies substantially reduce demographic bias
while preserving overall detection performance.

2. Mitigation Methodology

We implement a mitigation pipeline that remains
demographics-agnostic during training, reserving
demographic labels strictly for post-hoc bias evalu-

ation. First, we identify bias within the dataset to
identify demographic groups underrepresented in
the training and validation phases. Subsequently,
we assess bias reflected in WuW classifier pre-
dictions. Then, we adopt demographics-agnostic
training methodologies intended to alleviate those
biases.

This choice is motivated by the high cost and
practical barriers of collecting additional data for
underrepresented groups (e.g., privacy and limited
access). Even with balanced data, disparities can
persist due to design choices (Hutiri et al., 2023)
or feature selection (Bailey and Plumbley, 2021);
while demographics-aware methods can reduce
bias (Dheram et al., 2022), we target mitigation
without explicit demographic conditioning.

Our methodology employs two demographics-
unaware training strategies. First, we hypoth-
esize that modulating or partially removing fre-
quency information during training discourages
the model from relying on demographic-correlated
acoustic cues. Given that sex, age, and accent
are known to correlate with F0 (fundamental fre-
quency) and formant structure (Vorperian et al.,
2019), spectral envelope (Harnsberger et al., 2008),
and prosody (Piat et al., 2008), respectively. By
disrupting these cues, the model could be encour-
aged to learn more invariant representations (Van-
denberghe et al., 2023). To this end, we explore
data augmentation techniques applied at the spec-
trum level (Section 2.1). Second, large pre-trained
SSL models, trained on diverse audio, have been
shown to suppress speaker identity in their upper
layers (Mohamed et al., 2022). Furthermore, as
some models have been scaled to encompass over
4 million hours of training data (Barrault et al., 2023),
we hypothesize that they capture demographically
robust representations. Therefore, we investigate
using such models as teachers to train a com-
pact, robust student model (Chai et al., 2022) (Sec-
tion 2.2).

2.1. Data augmentation techniques
We consider both time-domain and time-frequency-
domain augmentations. Given an input waveform
x ∈ RN , we compute a time–frequency represen-
tation via the Short-Time Fourier Transform (STFT)
and use its magnitude to form a spectrogram,

X = Spectrogram(x) = |STFT(x)|2 , (1)

where X ∈ RT×F , T denotes the number of time
frames, and F the number of frequency bins. For
augmentations applied in the time-frequency do-
main, we modify the magnitude to obtain X ′ while
preserving the original phase, and then reconstruct
an augmented waveform x′ using the inverse STFT
(ISTFT).
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FreqMixStyle: it mixes frequency-wise feature
statistics between samples to promote domain-
invariant representations. It is motivated by
frequency-wise instance normalization analyses for
audio domain generalization (Kim et al., 2022). In
practice, we normalize a spectrogram Xi along the
frequency axis and re-scale it using mixed statistics
from another randomly selected spectrogram Xj :

µnew = λµi + (1− λ)µj , σnew = λσi + (1− λ)σj

(2)
where λ ∼ Beta(α, α) controls the interpolation
strength.

FilterAugment: simulates acoustic filtering by
applying smooth frequency-dependent gains rather
than masking entire bands (Nam et al., 2022).
Given a spectrogram X, we apply a multiplicative
weighting mask

X ′ = X ⊙WFA, (3)

whereWFA ∈ RT×F contains frequency-dependent
weights and ⊙ denotes element-wise multiplication.
We use the linear variant, which linearly interpolates
gains across frequency to avoid abrupt discontinu-
ities (Nam et al., 2022).

Frequency masking: as a strong baseline aug-
mentation, we also apply frequency masking from
SpecAugment (Park et al., 2019). We sample
the mask width f ∼ U(0,WF ) and starting index
f0 ∼ U(0, ν − f), where ν is the number of mel
channels, and set the band [f0, f0 + f) to zero:

X ′ = FreqMask(X). (4)

This technique has been shown to improve model
robustness by forcing the network to learn from
partial spectrograms, thus improving generaliza-
tion. It is especially effective in situations where
the model must handle varying acoustic conditions
or incomplete audio inputs (Kim et al., 2021).

Device Impulse Responses (DIR). Impulse re-
sponses model how a capture device filters an input
signal. Originally, it was presented for device gener-
alization by simulating microphone characteristics.
Nonetheless, it modulates frequencies by convolv-
ing each training utterance with a sampled device
impulse response hdir (Morocutti et al., 2023):

x′ = x ∗ hdir. (5)

To keep input dimensions consistent, we truncate
the convolved signal to match the original length.

2.2. Speech Self-Supervised Learning
models

SSL has become a key approach for learning ro-
bust speech representations from large amounts
of unlabeled audio (Mohamed et al., 2022; Chen

et al., 2022; Han et al., 2025; Wang et al., 2024).
In WuW settings, SSL models can be particularly
useful under limited labeled data and challenging
acoustic conditions (Yu et al., 2023; Mørk et al.,
2024).

We leverage a large SSL encoder to build a
high-capacity teacher classifier (w2v-BERT2-kws)
and then distill its knowledge into a compact WuW
student model. Specifically, we use the w2v-
BERT 2.0 pre-trained model (Barrault et al., 2023),
a Conformer-based multilingual speech encoder
trained on 4.5M hours of unlabeled audio. The w2v-
BERT2-kws architecture is depicted in Figure 1.
We leverage the w2v-BERT 2.0 encoder frozen and
train a lightweight classification head. Motivated by
evidence that different transformer layers encode
complementary information (Pasad et al., 2023),
we compute a learnable weighted sum over the 24
layerwise hidden states. The resulting sequence
representation is then processed with Multi-Head
Factorized Attention (MHFA), a parameter-efficient
variant of multi-head attention that factorizes the
attention projections so each head operates in a
lower-dimensional subspace (Peng et al., 2025).
Finally, the obtained result is summarized via atten-
tive pooling before a final linear layer (Peng et al.,
2025; Roncel Díaz et al., 2024). The teacher is
trained with cross-entropy and used exclusively for
distillation; it is not intended for real-time, on-device
inference.

w2v-​BERT 2.0

Cross 

Entropy Loss

Mel-​filter bank extractor

Feature Projector

Conformer Layer 0

Conformer Layer N

...

❄️
A

tt
e

n
ti

v
e

 P
o

o
li

n
g

M
u

lt
i-

​H
e

a
d

 F
a

c
to

r
iz

e
d

 A
tt

e
n

ti
o

n🔥

w0

wN

+wn
L

in
e

a
r

Figure 1: w2v-BERT2-kws architecture. Raw au-
dio is converted to 80-channel Mel filterbanks, then
passed through convolutional subsampling and a
linear projection before a 24-layer Conformer en-
coder. Layerwise hidden states are combined via
a learnable weighted sum, followed by Multi-Head
Factorized Attention (MHFA), attentive pooling over
time, and a linear classifier. The w2v-BERT 2.0
encoder is frozen; only the layer weights and the
classification head are trained with cross-entropy.

Knowledge distillation (KD): after training the
teacher, we freeze it and train the student via logit
matching. The student minimizes a weighted com-
bination of the standard cross-entropy (CE) loss
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with respect to ground-truth labels and a Kullback–
Leibler (KL) divergence term between temperature-
scaled teacher and student predictions:

LKD = δ LCE(pstudent, ytrue)

+ (1− δ) τ2 DKL
(
pτteacher ∥ log pτstudent

) (6)

where LKD is the total loss function, and δ ∈ [0, 1]
is a weighting factor that controls the balance be-
tween the two loss components. τ is the tempera-
ture parameter that controls the sharpness of the
probability distribution, and LCE(pstudent, ytrue) is the
cross-entropy loss, defined as:

LCE(pstudent, ytrue) = −
∑
i

ytrue,i log pstudent,i (7)

where the term ytrue represents the ground truth
label and pstudent is the probability output from the
student WuW model. Here i refers to each specific
class (WuW or unknown). The output probability is
obtained by:

pstudent,i =
ezstudent,i∑
j e

zstudent,j
(8)

where zstudent,i are the logits, and the j index
refers to the summation over both classes. To con-
tinue with, DKL(p

τ
teacher ∥ pτstudent) is the KL diver-

gence between two temperature-scaled probability
distributions:

DKL(p
τ
teacher ∥ pτstudent) =

∑
i

pτteacher,i log
pτteacher,i
pτstudent,i

(9)
where pτstudent,i is the probability output from

the student WuW model, obtained by applying a
temperature-scaled softmax:

pτstudent,i =
ezstudent,i/τ∑
j e

zstudent,j/τ
(10)

Similarly, pteacher is also temperature-scaled:

pτteacher,i =
ezteacher,i/τ∑
j e

zteacher,j/τ
(11)

where zteacher,i are the logits from the teacher
model and τ is the temperature parameter. Higher
τ produces softer targets, encouraging the student
to match relative class confidences rather than only
hard decisions.

3. Datasets

We utilize a proprietary in-domain corpus, OK
Aura (Section 3.1), and several publicly available

out-of-domain resources for augmentation and ro-
bustness. Specifically, we incorporate Spanish
Common Voice v7.1 (Mozilla Foundation, 2021),
the M-AILabs Spanish corpus (Solak, 2019), real
and simulated room impulse responses (RIRs)
and noises from OpenSLR SLR28 (OpenSLR,
2016), and environmental noise recordings from
DEMAND (Joachim Thiemann and Vincent, 2013).
To further improve device robustness, we addi-
tionally use microphone impulse-response collec-
tions including MicIRP1 and the Multi-Angle Multi-
Distance Microphone IR dataset (Juan Carlos
Franco Hernández, 2021).

Figure 2 summarizes how these resources are
used across the experimental pipeline. OK Aura
is used for training, validation, and testing. In con-
trast, the public corpora (Common Voice, M-AILabs,
SLR28, DEMAND, MicIRP, and Multi-Angle Multi-
Distance Microphone IR) are used primarily for
training and validation to support augmentation
and robustness. We restrict bias quantification and
fairness evaluation to OK Aura because the out-of-
domain datasets lack the necessary demographic
metadata, provide insufficient granularity, or exhibit
annotation mismatches relative to the WuW task.

Validation Test

Multi-​Angle Multi-​Distance Mic. IR

Common Voice

SLR28

DEMAND

M-​AILABS Spanish

OK Aura

Train

MicIRP

Figure 2: Dataset usage across train/validation/test
splits. OK Aura is used in all phases (training, val-
idation, and testing). Public resources are used
primarily for training and validation, mainly for aug-
mentation and robustness.

3.1. OK Aura Database
OK Aura contains approximately 5.8k audio sam-
ples (∼4.5 hours) from 546 anonymized speakers.
It includes both speech and non-speech material
(e.g., background noise), and all speech content is
in Spanish, comprising the wake-up phrase and ad-
ditional utterances. The corpus provides speaker-
level demographic annotations (sex, age, accent)
and sample-level metadata including class labels
(positive/negative), transcriptions for speech sam-
ples, and a sound-type tag (“speech” vs. “noise”).

1https://micirp.blogspot.com/

https://micirp.blogspot.com/
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To provide a concrete sense of the speech data,
the corpus covers various realistic usage scenar-
ios and challenging negative samples. Positive in-
stances range from the isolated WuW (“OK Aura”)
to the WuW embedded within context sentences
(e.g., “Perfecto, voy a mirar qué dan hoy. OK Aura”
‘Perfect, I am going to see what is on today. OK
Aura’). Additionally, negative samples include utter-
ances with partial matches, such as containing only
the word “Aura” (“Hay un aura de paz y tranquili-
dad.” ‘There is an aura of peace and tranquility.’)
or “OK” (“OK, a ver qué ponen en la tele.” ‘OK,
let’s see what is on TV.’). Furthermore, it includes
distractors with words that sound similar to the tar-
get phrase, such as “Hola Laura,” (‘Hello Laura,’),
“Prefiero el hockey al baloncesto,” (‘I prefer hockey
to basketball,’), or a combination of both: “Porque
Laura, ¿qué te pareció la película?” (‘Because
Laura, what did you think of the movie?’).

Furthermore, recordings span a wide range of
acoustic environments as they were recorded in
different spaces, from quiet rooms to natural back-
ground noise scenarios, and recorded across dif-
ferent devices. The dataset also includes tem-
poral speech-event annotations (start/end times
and total duration), obtained with the alignment
procedure described by López and Luque (2022).
A portion of OK Aura was released publicly as
part of the Albayzin 2024 Wake-up Word Detec-
tion Challenge (Guillermo Cámbara and Segura,
2024) (López and Luque, 2024).

3.1.1. Demographic groups

For bias assessment, we consider three demo-
graphic attributes available in OK Aura: sex, age,
and Spanish accent variety. We perform univariate
analyses, evaluating each attribute independently.
Sex is treated as a binary variable (Female/Male);
age is grouped into 0–20, 21–30, 31–40, 41–50,
and 51+; and accent labels cover the full annotation
set: Unknown, Central Southern Spain, Southern
Spain, Caribbean, Northern Spain, Northwestern
Spain, Chilean, Eastern and Balearic Spain, Non-
Native, Rio Plata, Canary Islands, Central America,
Andean Pacific, Mexico, and Philippines.

3.1.2. Train and validation splits

We next analyze demographic distributions in the
OK Aura training and validation splits to character-
ize representation imbalances. Table 1 reports the
sex distribution, indicating a higher proportion of
Male than Female samples. The age distribution
has an average speaker age of 37 years, with most
samples concentrated between 20 and 50 years
old, and comparatively few samples from speak-
ers under 20 or over 51 (Figure 3). Finally, accent
labels are highly skewed, with Central Southern

Spain dominating the training/validation data (Fig-
ure 4).

Sex # Samples Percentage
Female 2131 41.74%
Male 2974 58.26%

Table 1: Number of samples by Sex in the OK Aura
Database (training and validation).
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Figure 3: Age distribution in the OK Aura Database
(training and validation).
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Figure 4: Accent distribution in the OK Aura
Database (training and validation).

3.1.3. Test split

The OK Aura test split contains 575 samples of 47
unique speaker. Sex remains imbalanced (Table 2),
and the age distribution is uneven, with a strong
overrepresentation of middle-aged adults (41–50)
and no samples from speakers aged 0–20 (Table 3).
Accent coverage in the test set is also limited (Ta-
ble 4), with several regional varieties either absent
or severely underrepresented.

To ensure reliable subgroup estimates, we ex-
clude demographic groups with fewer than 20 test
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samples from bias quantification and fairness re-
porting. Furthermore, because some of the re-
tained groups still feature a limited number of
unique speakers (e.g., only 20 female speakers),
subsequent fairness metrics should be interpreted
as indicative trends rather than absolute guaran-
tees of generalizability.

4. Experimental Setup

We first describe the WuW model, which is de-
signed for on-device inference (Section 4.1) and
the training procedure (Section 4.2). In the same
section, we also detail how data augmentation and
knowledge distillation are integrated into training.
Finally, we define the metrics used to quantify data
imbalance and predictive disparities (Section 4.3).

4.1. WuW detection model
We adopt a Gated Recurrent Unit (GRU)-based
classifier as a practical trade-off between real-time
efficiency and WuW detection accuracy. The model
consists of a single GRU layer with 200 hidden units
followed by a fully connected classification layer
that discriminates between WuW and unknown.
We refer to this architecture as device-sgru; it
counts 145.6k parameters, and one inference takes
∼25 ms on a Pixel XL device (López et al., 2023),
making it suitable for real-time inference on-device.

The input features are 13 MFCCs extracted with a
100 ms analysis window and a 50 ms hop, yielding
29 frames for a 1.5 s audio window. We replace
the zeroth MFCC coefficient with the log-energy to
better capture overall signal intensity (López et al.,
2023).

For clarification, the w2v-BERT2-kws model de-
scribed in Section 2.2 is just used to distill knowl-
edge from it, it is not intended to be executed or
deployed on device.

4.2. Training
All hyperparameters were set based on our pre-
vious research (López et al., 2023), prioritizing
preservation of the strong baseline detection per-
formance. Specifically, models are trained for up to
700 epochs by minimizing cross-entropy loss with
a batch size of 128. We use Adam with an initial
learning rate (LR) of 0.001 and reduce the LR by a
factor of 10 when validation performance plateaus;

Sex # Samples # Speakers
Female 254 (44.88%) 20
Male 321 (55.12%) 27

Table 2: Number of samples by Sex in the OK Aura
Database (test).

Age Group # Samples # Speakers
0-20 0 0
21-30 135 11
31-40 138 11
41-50 295 24
51+ 7 1

Table 3: Number of samples by Age Group in the
OK Aura Database (test).

Accent # Samples # Speakers
central southern 313 26
eastern & balearic 15 1
non native 49 4
northern 90 7
southern 84 7
unknown 12 2

Table 4: Number of samples and speakers by re-
gional Spanish accent in the OK Aura Database
(test).

training stops after four successive LR reductions
without improvement.

To improve robustness under diverse acoustic
conditions, we apply additive noise and reverbera-
tion (RIR convolution) during validation. Because
such augmentation introduces additional variance
in the validation loss, we select the final checkpoint
as the one minimizing the mean of the three lowest
validation-loss values across epochs, which stabi-
lizes model selection under stochastic validation
augmentation.

This procedure is used to train both the pri-
mary device-sgru model and the SSL-based
teacher w2v-BERT2-kws model used for KD. The
device-sgru model is trained from scratch with
uniformly initialized weights; we refer to this config-
uration as baseline. For w2v-BERT2-kws, the
w2v-BERT 2.0 pre-trained encoder is kept frozen,
and only the task-specific layers are trained from
scratch (uniform initialization).

We then integrate two demographics-unaware
training strategies for bias mitigation: data augmen-
tation and KD. During training, augmentations are
applied with probability p = 0.2 (i.e., 20% of train-
ing samples), aiming to preserve strong baseline
characteristics while injecting robustness-inducing
perturbations.

The following augmentation configuration is
used:

• FilterAugment: number of frequency bands
uniformly sampled in [3, 9], minimum band-
width 187 Hz, gain sampled in ±6 dB.

• FreqMixStyle: α = 0.4 for the Beta distribu-
tion; mixing is restricted to pairs of samples
with the same label.
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Attribute Advantaged Group Disadvantaged Group Disparate Impact
Sex Male Female 0.7170
Age 41-50 21-30 0.6804
Accent central_southern northern 0.1692

Table 5: Disparate Impact by attribute in train and validation splits of OK Aura database.

• Frequency masking: WF = 30 and ν = 128
mel channels.

For KD, we initialize the student device-sgru
with the weights of the pre-trained baseline to
accelerate convergence. We then optimize the
distillation objective in Eq. 6. During distillation
we switch to Stochastic Gradient Descent (SGD)
(momentum 0.9, weight decay 10−4), as it can yield
flatter minima and improved generalization. The
initial LR is 0.0001 with an on-plateau scheduler,
and we set δ = 0.2 and τ = 2.

4.3. Evaluation and metrics for bias
quantification

Predictive disparities across demographic groups
are often linked to data imbalance, where under-
represented cohorts tend to suffer degraded perfor-
mance (Barocas and Selbst, 2016). We therefore
relate demographic imbalance in the OK Aura train-
ing/validation data to disparities observed in model
predictions on the test split. Concretely, we quan-
tify imbalance in the input data (Section 4.3.1) and
quantify predictive differences (Section 4.3.2).

4.3.1. Bias in data

To quantify demographic imbalance in the dataset,
we use Disparate Impact (DI), a commonly used
ratio-based metric in algorithmic fairness. Let G
denote the set of demographic groups, with a, d ∈
G representing an advantaged and disadvantaged
group, and let Y ∈ {0, 1} denote the binary label (1
for WuW presence and 0 otherwise). DI is defined
as:

DI =
P (Y = 1 | G = d)

P (Y = 1 | G = a)
. (12)

For multi-valued attributes (e.g., accent, age
groups), we report the maximum ratio (or equiv-
alently the most imbalanced pair) across all group
pairs.

4.3.2. Bias in predictions

We follow the pairwise group comparison protocol
described by Singh et al. (2023) to assess pre-
dictive disparities. We evaluate WuW detection
on fixed 1.5 s windows and use a fixed decision
threshold of 0.5. We report performance using the
F1-score:

F1 = 2× Precision× Recall

Precision + Recall
, (13)

where
Precision =

TP

TP + FP
(14)

Recall =
TP

TP + FN
(15)

Predictive Disparity (PD). We define PD as the
maximum absolute difference in F1-score across
demographic groups:

PD = max
i,j∈G

|F1(gi)− F1(gj)| , (16)

where gi, gj ∈ G denote group identities. Larger
values indicate stronger performance gaps and po-
tential fairness concerns.

Relative reduction of predictive disparity
(RRPD). To compare mitigation strategies, we re-
port the relative reduction in PD with respect to the
baseline:

RRPD = 100× PDbaseline − PDtechnique

PDbaseline
. (17)

Here, PDbaseline denotes disparity for the baseline
model and PDtechnique for the model trained with a
given mitigation technique.

5. Results and Discussion

We report (i) demographic imbalance in the OK
Aura training/validation splits (data bias; Sec-
tion 5.1.1), (ii) predictive disparities of the base-
line WuW detector on the OK Aura test split (pre-
diction bias; Section 5.1.2), and (iii) the impact of
demographics-agnostic training strategies for miti-
gation (Section 5.2). Following our evaluation pro-
tocol, demographic groups with fewer than 20 test
samples are excluded from bias quantification to
ensure stable subgroup estimates.

5.1. Bias quantification

5.1.1. Bias in data

Table 5 reports DI for the OK Aura train-
ing/validation splits, revealing systematic represen-
tation imbalances across all examined attributes.
Male speakers are overrepresented relative to fe-
male speakers (DI = 0.717), the 41–50 age group
dominates compared to 21–30 (DI = 0.6804), and
accent imbalance is most severe: Central South-
ern Spain is disproportionately represented relative
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Group F1-score Support
Male 0.9863 296
Female 0.9825 204
21–30 0.9956 115
31–40 0.9828 118
41–50 0.9827 265
southern_spain 0.9818 84
central_southern_spain 0.9873 278
northern_spain 0.9781 70
non_native 0.9870 39
PD (sex) 0.0038
PD (age) 0.0129
PD (accent) 0.0092

Table 6: Performance across demographic groups
with predictive disparity (PD) for baseline model.

to Northern Spain (DI = 0.1692). These skewed
distributions are likely to affect generalization and
may translate into unequal predictive performance
across groups.

5.1.2. Bias in predictions

Table 6 presents subgroup F1-scores and PD
for the baseline model. Sex-related disparity
is small but measurable (PD = 0.0038), with
slightly higher F1 for male speakers (0.9863 vs.
0.9825). Age exhibits the largest performance gap
(PD = 0.0129): the 21–30 group performs best
(0.9956), while the 41–50 group performs worst
(0.9827), highlighting older adults as a key cohort
for mitigation. Accent disparities are also evident
(PD = 0.0092), where Central Southern Spain
achieves the highest F1 (0.9873) and Northern
Spain is lower (0.9781), suggesting that accent
variability remains a relevant source of error.

Overall, the baseline results indicate that demo-
graphic imbalance in the training data co-occurs
with predictive disparities, motivating mitigation
methods that increase robustness without requiring
demographic labels.

5.2. Bias mitigation and analysis
First, the high-capacity SSL-based classifier w2v-
BERT2-kws exhibits substantially lower disparities
than baseline (Table 7), indicating that large-
scale SSL pretraining can reduce, but not eliminate,
demographic performance gaps. This motivates its
use as a teacher model for KD.

Table 8 reports the relative reduction of predic-
tive disparity achieved by each technique with re-
spect to baseline. We observe that augmenta-
tion and KD show attribute-dependent behavior.
Specifically, DIR only improves disparity for sex

(67.35% RRPD), suggesting that device-specific
impulse responses may not capture the heteroge-
neous acoustic variations typically associated with
demographic attributes. FilterAugment yields the
largest reduction in sex disparity (88.26% RRPD)
and also improves age fairness (30.14% RRPD),
but it increases accent disparity. This suggests that
while smooth frequency-energy perturbations help
reduce reliance on certain demographic-specific
spectral cues, they do not universally benefit all at-
tributes. On the other hand, FreqMixStyle improves
age and accent fairness but degrades sex fairness
(negative RRPD), indicating that frequency-wise
statistics mixing affects demographic attributes dif-
ferently and may not generalize across all cues
simultaneously. We hypothesize that FreqMixStyle
and FilterAugment, underperform on some speaker
demographics as they can reshape frequency
statistics too aggressively. They may destroy criti-
cal formant/prosodic cues and yielding mixed fair-
ness gains at higher error cost.

In contrast, Frequency Masking provides the
most consistent gains across all attributes, achiev-
ing a strong reduction in age disparity (83.65%)
while also narrowing the gaps for sex and ac-
cent. Furthermore, Table 9 shows that these gains
are achieved while maintaining competitive sub-
group F1-scores, making Frequency Masking a
suitable fairness-oriented augmentation. Suppress-
ing specific frequency bands appears to force the
model to distribute evidence across multiple re-
gions of the spectrum rather than overfitting to a
single demographic-correlated band (e.g., the F0 or
low-formant region). This distributed attention both
improves overall robustness and reduces reliance
on demographic-specific cues.

Finally, KD reduces sex and age disparity but
does not consistently reduce accent disparity. One
plausible explanation is that accent invariance is
constrained by limited accent diversity in the la-
beled in-domain data used during distillation, which
may limit the teacher’s ability to provide accent-
neutral soft targets. Finally, combining KD with
Frequency Masking does not improve over the
best single-technique settings and can degrade re-
sults for some attributes, suggesting an interaction
between stochastic spectral corruption and logit
matching that may be difficult for a small student
architecture to optimize jointly.

6. Conclusion and Future Work

This work shows that demographic-agnostic train-
ing can mitigate bias in Wake-up Word detection
without requiring demographic labels during train-
ing. We studied two complementary families of
methods: (i) data augmentation that perturbs or
removes frequency information, and (ii) knowledge
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Classifier Sex RRPD (%) Age RRPD (%) Accent RRPD (%)
w2v-BERT2-kws 79.64 85.35 41.05

Table 7: w2v-BERT2-kws Relative Reduction of Predictive Disparity for demographic attributes in compar-
ison to baseline model. It demonstrates reduced PD across sex, age, and accent categories.

Experimental Setting Sex RRPD (%) Age RRPD (%) Accent RRPD (%)
DIR 67.35 0.00 -20.13
FreqMixStyle -21.42 34.12 40.48
FilterAugment 88.26 30.14 -40.19
FreqMasking 39.94 83.65 40.48
KD 67.35 15.10 -20.13
KD + FreqMasking 21.24 15.10 -40.19

Table 8: Relative Reduction of Predictive Disparity (RRPD) across sex, age, and accent for different
training techniques. Higher is better (negative values indicate increased disparity).

distillation (KD) from a large pre-trained speech
model. Across speaker groups defined by sex, age,
and accent, these approaches reduce performance
disparities while maintaining competitive overall ac-
curacy.

Our results highlight that augmentation design
is critical for effective mitigation. In particular,
frequency-energy perturbations and statistics mix-
ing exhibited attribute-dependent behavior, some-
times degrading fairness for specific groups. Con-
trary, Frequency Masking emerged as the most
robust single technique. It consistently achieved
a relative reduction in predictive disparity (RRPD)
of 39.94% (sex), 83.65% (age), and 40.48% (ac-
cent). By suppressing specific frequency bands,
Frequency Masking prevents the model from overfit-
ting to demographic-correlated acoustic cues (e.g.,
fundamental frequency) and forces it to distribute
evidence across the broader spectrum. Addition-
ally, KD achieved high RRPD, especially for sex
and age, but showed limited impact on accent. This
suggests that accent-invariant transfer remains con-
strained by the limited accent diversity available in

Group F1-score Support
Male 0.9828 296
Female 0.9851 204
21–30 0.9880 115
31–40 0.9828 118
41–50 0.9847 265
southern_spain 0.9818 84
central_southern_spain 0.9835 278
northern_spain 0.9781 70
non_native 0.9870 39
PD (sex) 0.0023
PD (age) 0.0052
PD (accent) 0.0089

Table 9: Predictive Disparity using FreqMasking
technique to train device-sgru model.

the in-domain distillation data.
Future work will extend this analysis to intersec-

tional fairness settings (e.g., older females with spe-
cific regional accents) and broaden demographic
coverage by curating more balanced data across
attributes. Particular emphasis will be placed on
underrepresented age and accent groups.

Limitations. (i) Our analysis is univariate and
does not capture intersectional effects (e.g., older
female speakers with regional accents). (ii)
The training/validation procedure includes out-of-
domain audio sources, which can introduce dis-
tribution mismatch and metadata inconsistencies.
(iii) Several demographic groups are underrepre-
sented in the test split and were excluded from
fairness reporting; furthermore, the limited number
of speakers within the retained groups implies that
our specific conclusions regarding them should be
interpreted with caution. (iv) F1 does not decom-
pose disparities into false accepts and false rejects,
which carry asymmetric costs in WuW detection.
(v) Conclusions at a fixed threshold of 0.5 may not
generalize across operating points. Future work
should adopt multi-objective evaluation frameworks
that jointly optimize overall accuracy, per-group F1,
and cross-attribute fairness, rather than treating
each in isolation.

Ethics Statement This research addresses fair-
ness in speech systems, which has positive ethical
implications for reducing discrimination. The OK
Aura dataset involves anonymized speakers with
informed consent. Our demographics-agnostic ap-
proach specifically avoids requiring sensitive demo-
graphic labels during deployment, protecting user
privacy. However, we acknowledge that bias mit-
igation techniques may have unintended effects
on other demographic groups not examined in this
study, and that univariate analysis may miss inter-
sectional discrimination patterns.
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