arXiv:2605.01597v2 [eess. AS] 11 Aug 2026

Toward Fair Speech Technologies: A Comprehensive Survey
of Bias and Fairness in Speech Al

Yi-Cheng Lin f12942075@nitu. edu. tw
Yun-Shao Tsai' r14942093@ntu. edu. tw
Kuan-Yu Chenf 118942135@ntu. edu. tw

Graduate Institute of Communication Engineering, National Taiwan University

Hsiao-Ying Huang' monicahuangmll @gmail. com
Graduate Institute of Electrical Engineering, National Taiwan University

Huang-Cheng Chou' huangchengchou@gmail.com
Shrikanth Narayanan shri@Qusc.edu
Ming Hsieh Department of Electrical and Computer Engineering, University of Southern California

Yu Tsao yu.tsao@citi. sinica. edu. tw
Research Center for Information Technology Innovation, Academia Sinica

Jian-Jiun Ding jiding@ntu. edu.tw
Graduate Institute of Communication Engineering, National Taiwan University

Hung-yi Lee hungyilee@nitu. edu. tw
Al Center of Research Excellence, National Taiwan University

Abstract

Speech technologies are deployed in high-stakes settings, yet fairness concerns remain frag-
mented across tasks and disciplines. Existing surveys either adopt a general machine-learning
perspective that overlooks speech-specific properties or focus on a single task, missing failure
patterns shared across the speech domain. Synthesizing over 400 studies spanning generation
and perception tasks and emerging speech-language models, this survey presents a unified
framework that links formal fairness definitions to evaluation, diagnosis, and mitigation. We
formalize seven fairness definitions adapted to the speech modality and organize the field’s
conceptual expansion through three paradigms: Robustness, Representation, and Governance.
We then ground evaluation metrics in the mathematical cores of these definitions, organizing
them into six families and mapping each family back to the definitions it operationalizes.
We diagnose bias sources along the speech processing pipeline, surfacing speech-specific
mechanisms such as channel bias as a demographic proxy and annotation subjectivity in
emotion labels. We systematize mitigation strategies across four intervention stages, mapping
each to the diagnosed sources. Finally, we identify open challenges and propose directions
for future research.

1 Introduction

Over the past few decades, speech processing technologies, encompassing Automatic Speech Recognition
(ASR) (Yu & Deng| [2015} [Li, [2022} [Su et al) [2024; [Lin et al., [2026c), Text-to-Speech (TTS)(Lin et al.

2026a; [Huang et al., |2022a; Kaur & Singh, 2023)), Speech Emotion Recognition (SER) (Madanian et al.

2023; [Wu et al., [2024)), Speaker Verification (SV) (Rosenberg) [1976} [Zhang et all [2022c), Speech Large

Language Model (SLLM) (Cui et all, [2025} [Arora et al., [2025; [Huang et al., 2024; [Yang et al. [2025), and so
on, have transitioned from controlled laboratory environments to pervasive deployment in real-world settings.
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Traditionally, progress in this field has been driven by engineering-centric metrics, such as minimizing Word
Error Rate (WER) (Chen et al., 2025a)), optimizing Real-Time Factor (RTF), or enhancing Mean Opinion
Score (MOS) (Huang), 2025; [Lin et al., 2025a; [Ren et al., 2025; [Ritter-Gutierrez et al., [2025). However, as
these technologies increasingly permeate high-stakes domains such as healthcare (Larasati, [2025), criminal
justice 2022)), recruitment (Hickman et all, [2025), and personal assistance (Mahmood & Huang)
, purely technical performance indicators are no longer sufficient to capture the complex impacts these
systems have on human society (Selbst et al., |2019al).

This inadequacy stems from a fundamental shift in the nature of deployment: speech technologies have
evolved from supportive tools into institutional gatekeepers. When speech systems are deployed in high-stakes
environments, they do not merely process data; they distribute resources and recognition (Naim et al. [2015}
|Cheng), 2011} Leix Palumbo & Prey, 2024). A failure in these contexts is not random noise but often a
reproduction of existing societal inequities, privileging dominant acoustic profiles while systematically erasing
or pathologizing marginalized voices. Beyond mere failure, models that enforce rigid, standard-language
norms inadvertently demand acoustic assimilation, treating diverse cultural identities as deviations to be
corrected (Choi & Choil 2025). Therefore, fairness cannot be treated as a post-hoc optimization step but must
be understood as a core reliability requirement (Cunningham et al., 2025} |Zolnoori et al., 2024). Crucially,
achieving this in the speech domain requires navigating physical constraints absent in other modalities; it
demands addressing the unique properties of the speech signal that make fairness uniquely difficult to enforce
(Benzeghiba et all, [2007)).

1.1 Uniqueness of speech modality in fairness

Speech presents distinct challenges for fairness because sensitive attributes are temporally and acoustically
entangled with the linguistic content (Panariello et all 2024} Raj et all 2019). In text, linguistic units are
discrete and editable, allowing sensitive terms to be removed at the token level (He et all 2021} [De-Arteagal
let all |2019; |Sun et al., 2019). In images, sensitive cues such as faces or symbols may be partially localized,
enabling region-level masking without necessarily destroying the entire visual context (Dehdashtian et al.,
[2024} [Yu et all |2021)). Speech, by contrast, encodes lexical content, speaker identity, accent, affect, and other
attributes jointly across time and frequency. Because these features are fused in the continuous signal, naive
attempts to remove sensitive variables often degrade downstream utility or eliminate essential pragmatic
cues, leaving no direct analogue to strategies such as removing a gender token or cropping a face.

Speech is also fundamentally temporal. Spoken interaction unfolds over time, so a system must decide who
is speaking and when before it can interpret what was said (Castillo-Lépez et all, 2025} [Li et al., [2017)).
Diarization and endpointing rely on assumptions about turn structure and pause length that hold for typical
adult conversation but not for everyone (Ryant et al [2019): a person who pauses mid-utterance for cognitive
reasons is cut off as if finished, and children or overlapping talkers are merged or dropped. Because these
assumptions track particular populations, the resulting errors are not random but concentrate on the same
groups. These failures concern who is heard at all, not just how accurately their words are transcribed, so a
speaker can be disadvantaged even when the system would have recognized their speech correctly.

1.2 Difference from Prior Surveys

Existing surveys on fairness and bias fall into three broad categories: general, Natural Language Processing
(NLP)-focused, and speech-focused. General fairness surveys (Mehrabi et al. [2022; Pessach & Shmueli, 2023;
[Oneto & Chiappal, |2020; Tang et al., 2023) provide foundational definitions and mitigation taxonomies but
do not account for speech-specific properties such as acoustic entanglement or cascading errors across speech
pipelines. NLP-focused fairness surveys (Blodgett et all, [2020} |Gallegos et al., 2024} |Bansal, [2022} [Sun
address language-related bias yet treat text as the primary modality, overlooking the additional
challenges introduced by continuous acoustic signals. Speech-focused reviews, in turn, often concentrate
on a single task (e.g., ASR (Hinsvark et al., 2021; Ngueajio & Washington) [2022} |Cunningham et al.l |2025}
[Nakatumba-Nabende et al.| [2026; [Martin & Wright|, 2023)), health care (Larasati, 2025, |(Chand et al., 2023)))
or a single risk dimension (e.g., privacy (Leschanowsky & Das| 2024)).
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Figure 1: Overview of the survey, read top to bottom. The upper half is the framework: seven fairness
definitions (§2)), three paradigms (§3), and six metric families (§4). The lower half follows the speech
processing pipeline, where each bias source ( sits directly above the mitigation that addresses it (;
lists the open problems.

Our survey differs from these in two respects. In scope, we jointly address speech production and perception
tasks, as well as emerging speech-language models, enabling a cross-task perspective that reveals shared
failure patterns invisible to single-task reviews. In depth, rather than descriptively cataloging known biases,
we formalize seven definitions of fairness for the speech modality and build each subsequent layer of analysis
on the preceding one: evaluation metrics are derived from the mathematical cores of these definitions, bias
sources are diagnosed along the speech processing pipeline, and mitigation strategies are mapped back to the
identified sources.

1.3 Main Contributions

To address the fragmentation in existing literature, this survey constructs a unified framework that connects
formal definitions of fairness to computable metrics, bias diagnosis, and mitigation strategies across speech
technologies. The four contributions below are organized as a coherent analytical pipeline: we first formalize
what fairness means in the speech context, then specify how to measure it, where bias originates, and how to
mitigate it, as summarized in Figure [f}

« Formal Definitional Framework (Sections [2] and [3): We formalize seven definitions of fairness
adapted to the speech modality, spanning classical statistical notions and speech-specific desiderata.
We further organize the conceptual expansion of speech fairness through three paradigms: Robustness,
Representation, and Governance.

o Grounded Evaluation Metrics (Section E[): We organize evaluation metrics into six families
defined by their shared mathematical objective, and map each family back to the fairness definitions
it operationalizes, making explicit which metric answers which fairness question.

o Speech-Specific Bias Diagnosis (Section : We instantiate a pipeline-aware bias taxonomy,
covering data, model, and deployment stages, with speech-specific mechanisms such as channel bias



as a demographic proxy, annotation subjectivity in emotion labels, and decoding assumptions that
penalize atypical speech.

» Mitigation Strategies (Section @: We systematize intervention techniques across four stages
(data-centric, feature-level, training-level, and inference-stage), mapping each to the bias sources
diagnosed above.

2 Background

Current academic and industrial trends indicate a sociotechnical turn in speech technology research (Selbst
et al., |2019a). Scholars and practitioners are increasingly recognizing that technical systems do not operate
in a vacuum (Blodgett et al., 2020); rather, they are deeply embedded within social structures (Sambasivan
et al., [2021; |Birhane, |2021). Consequently, these systems often exhibit significant performance disparities
when interacting with diverse groups defined by race, gender, accent, or disability (Koenecke et al., [2020;
Markl, |2022)). To address these challenges, the academic community has begun to introduce and rigorously
redefine two core concepts: Bias and Fairness.

2.1 Social Bias

While bias is a ubiquitous term in machine learning research, its definition remains frequently ambiguous
and under-theorized. In traditional engineering contexts, the term bias typically refers to the error caused
by simplifying a complex real-world problem into a model (Brynjarsdottir & O’Haganl, [2014} Geman et al.|
1992; [Hastie et al., [2009). However, this technical definition is insufficient for capturing the ethical stakes
of speech technology. Technical literature often fails to articulate exactly the harmful system behaviors,
the populations they impact, and the normative ethical frameworks that justify these concerns (Blodgett
et al., 2020). Without this normative grounding, bias risks being treated merely as a dataset imbalance to be
corrected rather than a mechanism of social power that requires structural intervention. Therefore, this paper
adopts the specific term Social Bias to describe systematic and unfair discrimination against individuals
or groups based on socially salient characteristics such as race, gender, accent, or ability. By focusing on
social bias, we move beyond technical errors to examine how speech technologies reflect and reinforce existing
societal hierarchies.

2.1.1 The Mechanisms of Social Bias

Following the sociotechnical framework of Friedman and Nissenbaum (Friedman & Nissenbaum), [1996)), we
distinguish three mechanisms by which social bias enters a speech system (Lopez, [2021; Dobbe et al., [2018]),
ordered by when they act in the system’s life cycle. Pre-existing Bias is absorbed from society before
any engineering begins. Its clearest instance in speech is the Standard Language Ideology, the societal norm
that treats dominant varieties such as General American English as correct while stigmatizing others, such
as African American English (AAE), as improper (Lippi-Green, [2012; Wolfram & Schilling, |2015|); corpora
collected under this norm teach models to treat non-standard speech as noise rather than valid communication
(Tatman, |2017). Technical Bias arises during design, when seemingly neutral engineering choices carry
discriminatory effects; a canonical example is telephony codecs, which are optimized for lower-pitched voices
and degrade female speech before any model receives it (§5.3.3). Emergent Bias appears after deployment,
when the usage context diverges from what designers assumed, as with a system trained on read speech
encountering spontaneous or dysarthric speech (Tobin et al., [2024). Section [5| traces how these mechanisms
materialize along the speech pipeline, from data collection through model design to deployment.

2.1.2 The Nature of Harm

To understand the impact of these mechanisms, it is necessary to distinguish between the types of damage
they cause. Following Crawford and Barocas (Barocas et al. [2017)), we distinguish two types of harm.



Table 1: Taxonomy of Allocative Harms in Speech Processing

Harm Type

Definition

System Manifestations in Speech Technology

Service Disparity

The system functions with *
significantly lower accu-

racy, reliability, or utility

for specific social groups,

imposing a functional tax*
or effective denial of ser-

vice.

High Error Rates: ASR systems exhibit significantly higher
WERs for racial minorities (e.g., AAE speakers) and regional di-
alects compared to “Standard” speakers, rendering the technology
unusable (Koenecke et all [2020; |Tatmanl 2017).

Disability Exclusion: Voice interfaces such as voice assistants
often fail catastrophically for speakers with dysarthria or stutter-
ing, effectively locking people with speech disabilities out of the
“voice-first” digital ecosystem (Sridhar & Wul, [2025; [Lea et al.|
[2023} Mitra et al| [2021)).

Opportunity Loss

The system serves as a°
barrier to formal oppor-
tunities, such as employ-
ment, housing, or finan-
cial services, by unfairly
filtering candidates based
on vocal characteristics.

Hiring Discrimination: Automated video interview systems
utilizing multimodal analysis infer competence from non-verbal
cues. Adding audio features to these models decreases fairness,
systematically penalizing candidates based on vocal prosody, while
ASR errors on non-native speech introduce technical bias into the
automated scoring pipeline (Booth et all 2021} [Hickman et al)
2025).

Educational Gatekeeping: English proficiency tests have in-
corporated automated speaking assessments. Test takers’ first-
language backgrounds affect automated scores (Loukina et al.|
[2019; [Kwako et al., |2023)); such biases can make it more difficult
for certain groups to meet thresholds required for admission or
scholarships.

Economic Loss

The system’s failure or®
bias results in the depri-
vation of existing assets,
direct financial costs, or
reduced productivity (ef-
ficiency tax) for specific®
groups.

Financial Lockout: Voice authentication systems rely on the
assumption of vocal stability. Major physiological changes, such
as those induced by aging, drastically alter acoustic features,
triggering false rejections (Kelly et al. [2014; Kelly & Hartel 2011}
that lock users out of their banking services.

Labor Displacement: Generative voice technologies (TTS/VC)
decouple vocal identity from the physical speaker. The unau-
thorized extraction of professional voice actors’ data to train
high-fidelity clones leads to direct labor substitution, as market-
ready synthetic voices replace human labor in media production,
devaluing the original speakers’ biological assets and rights to
monetization (Sharma et al 2025} [Hutiri et al.| 2024b; [Berkowitz

(& Sweeney, 2025).

Physical Risk

The system’s failure to®
function in critical sce-
narios can result in phys-
ical harm, compromised
health, or a delayed emer-
gency response. *

Clinical Misdocumentation: ASR used for medical dictation
exhibits higher error rates for non-native physician speech, leading
to corrupted medical records and potential medication errors
(Olatunji et al., 2023} |[Fatapour et al.l [2025; [Hodgson & Coieral,
2016).

Emergency Failure: Voice-activated emergency systems fail
to recognize noisy, accented, or distressed voices during crises,
delaying life-saving interventions (Galbraith et al. 2025} |Aman|
let al.| 2016; Moser et al., [2025).




Table 2: Taxonomy of Representational Harms in Speech Processing. This framework encompasses emerging harms
associated with generative voice and recognition systems.

Harm Type Definition System Manifestations in Speech Technology
Stereotyping The system reinforces ° Di.gital AuthoriFy Bias: Voi(.:e assistant.s dfefault to fema}le
essentialist, negative, or voices for subservient roles, while "authoritative" or financial
limiting generalizations a@vice iS. synthesized in male voices, reinforcing gendered labor
about  specific  social hierarchies ', . . .
groups through voice ° Speaker Assignment Bias: synthesis models 1mpl.161tly %nfer
design or association. speaker gender from text prompts. When no speaker is specified,
these systems tend to assign voices that align with occupational
gender stereotypes (e.g., defaulting to female voices for "Nurse"
prompts)(Puhach et al} [2025; Kuan & Lee} |2025).
Demeaning The system generates con-  * Accent Caricature: TTS systems generating "accented" speech
tent that mocks, degrades, that relies on offensive stereotypes or "mimicry" rather than
or diminishes the dignity authentic linguistic patterns, creating a representation that users
of specific groups (Deni- feel m?cks t.heir identit.y (]Michel et al,, |2025[)‘. ’
gration). ¢ Algorithmic Stigmatization: ASR failures in processing AAE
structures, such as invariant "be," lead users to attribute errors
to the speaker’s perceived lack of intelligence rather than sys-
tem limitations, reinforcing deficit narratives of "bad grammar"
instead of a legitimate linguistic variety (Martin & Wright| [2023)).
Erasure The system systematically ~ ° Misgendering: Automatic Gender Recognition (AGR) systems
fails to recognize or rep- that enforce a rigid male/female binary based on fundamen-
resent the existence of tal frequency, actively invalidating non-binary and transgender
specific groups, rendering id.entiti'es _ ' . "
them invisible. e Linguistic Erasure: ASR performance disparities that force
speakers of non-standard dialects to "code-switch" to prestige
dialects to be understood, delegitimizing their native speech
variety .
Homogenization The system collapses di- ° Accent Flattening: Data curation practices that label diverse

verse sub-groups into a
single, uniform representa-
tion, erasing intra-group
cultural nuances.

regional varieties (e.g., Nigerian, Kenyan, Indian English) simply
as "Non-Native," leading to models that treat these distinct
acoustic cultures as a monolith (Markl, [2022} |Prinos et al., [2024)).
Global English Convergence: Multilingual and global ASR
systems disproportionately optimize for a narrow set of dominant
English varieties, treating linguistic diversity across World En-
glishes as noise rather than as structurally meaningful variation
(Del Rio et all, [2023)).

Normative Bias

The system treats certain
voices, speech styles, or in-
teraction patterns as the
default or normative stan-
dard, implicitly framing
deviations as marked, defi-
cient, or less appropriate.

Unmarked Voice Standard: ASR and TTS systems implicitly
center neutral or standard accents (often aligned with dominant
social groups) as unaccented defaults, while labeling other speech
varieties as accented, positioning them as deviations from an
assumed norm (Bhattacharjee et al.| 2025} [Prinos et al.| [2024)).
Interactional Norm Bias: Voice interfaces are optimized
for rapid, linear, and interruption-free speech, systematically
disadvantaging speakers with neurodivergent communication
styles, speech disfluencies, or culturally distinct turn-taking
practices (Mujtaba et all [2024} Raja et al.| |2025)).




Harm Type Definition System Manifestations in Speech Technology

¢ Identity-Based False Positives: Toxicity detection models
disproportionately flag utterances containing terms related to
marginalized identities (e.g., race, gender, religion) as hateful or
abusive. This occurs even when the context is neutral or positive,
resulting in the censorship of minority voices (Bell et al., |2025).

Toxicity The system generates
content that is abusive,
threatening, or hateful, or
conversely, it systemati-
cally misidentifies neutral
speech as having these
characteristics due to bias
against a specific identity.

Cultural The unauthorized extrac. * Pigital Blackface: TTS or VC systems that enable non-Black
Appropriation tion and commodification users to adopt "Black" voices for social clout or entertainment,
of & marginalized group’s reducing a complex cultural identity to a performative costume
vocal identity for the ben- without the lived experience of discrimination (Eidsheim) 2019)).
ofit or entertainment of Extractive Style Transfer: Generative models that clone the
dominant groups, strip- distinct vocal styles of indigenous speakers or specific artists

without consent, treating their cultural expression merely as raw

ing the voice of its origi-
g & training data for commercial applications (Bird} 2020)).
nal cultural context.

Allocative Harms. Allocative harms occur when a system unfairly distributes or withholds resources,
opportunities, or information among different social groups. We categorize these harms based on the specific
nature of the deprivation. A detailed taxonomy of these allocative failures specifically within the speech
domain is summarized in Table [

Representational Harms. Representational harms arise when technical systems reinforce the subordination
of specific social groups along the lines of identity. Unlike allocative harms, which concern the distribution
of tangible resources or opportunities, representational harms affect the social standing of a group. These
harms manifest when systems stereotype, demean, or erase a community, thereby influencing how that group
is perceived, understood, and valued by society at large. Table [2] instantiates this taxonomy for speech,
integrating harm categories from (Blodgett et al., [2020; |Shelby et al., [2023; Weidinger et al. 2021; |Suresh &
Guttag, [2021} |Gallegos et al.| 2024).

2.2 Fairness

If social bias constitutes the diagnosis of a system’s pathology, Fairness represents the normative goal for
its cure. In the machine learning literature, fairness is often reduced to a mathematical constraint (such as
“equal performance across demographics”). Yet sociotechnical scholarship cautions that treating fairness
purely as a technical specification can lead to abstraction traps, where designers narrow the problem in ways
that erase the social context that gives the technology its meaning (Mulligan et al., [2019). Related work on
language technologies further emphasizes that fairness claims must be explicit about what harm is being
prevented, who is harmed, and which normative values justify the constraint, because “fairness”
is inherently value- and context-dependent rather than a single universal property (Gallegos et al.| [2024)).

Accordingly, this survey treats fairness for speech systems not as the mere absence of statistical bias but
as a sociotechnical practice of justice (Selbst et al.,|2019a). Because such a normative goal cannot be
tested directly, it must be translated into a set of operational constraints (desiderata) stating which
statistics, associations, or invariances a system should satisfy in a given application, and the selection of these
constraints is itself a value-laden choice (Mehrabi et al., [2022]).

Below, we formalize seven such constraints (Definitions [2Hg]), drawing on (Mehrabi et al. 2022; Selbst et al.l
2019a; Dwork et al., |2012; Verma & Rubin) |2018]); Definition |1| fixes the shared notation. They are ordered
by what they constrain, moving from the system’s inputs, to its outputs, and finally to the task formulation
itself.



Definition 1 (Speech System and Outcomes). Let a speech system be a model My that maps an input X € X
to an outcome Y = My(X) € O (such as transcript, score, class label). More generally, let L(-) denote the law
(distribution) of a random variable. When My is stochastic, it induces an outcome distribution L(Y) € A(O).
Let G € G denote a social group variable induced by one or more protected attributes. Let Y € O denote the
ground-truth outcome (reference transcript, true label, or target score).

Definition 2 (Fairness Through Unawareness). A speech system satisfies fairness through unawareness if
protected attributes are not explicitly used in the decision process. Operationally, if X = (X audio, G) includes
audio and explicit protected-attribute metadata G, unawareness requires that the system’s output does not
change when G is removed:

M@(Xaudioy G) = MO(Xaudio)- (1)

In speech, withholding G as an explicit input fails to prevent the model from relying on it, because accent,
prosody, and voice quality often make G recoverable from the audio itself (Singh, |2019); the decision can still
depend on G through these acoustic proxies, motivating the stronger constraints below.

Definition 3 (Demographic Parity). Demographic parity requires that a system’s decisions are not affected
by protected attributes. Let T be a decision threshold chosen by the system operator, and define the binary
decision Z =1[Y > 7] € {0,1} (such as accept/reject in SV or a class decision in SER). Demographic parity
requires:

P(Z=1|G=g)=P(Z=1|G=g) V9.4 €G. (2)

More generally, parity can also be defined by distributional equality:
LY |G=9)=LY |G=4) V9,4 €G, (3)

or by bounded discrepancy under a distance D between distributions.

Definition 4 (Equalized Odds and Equal Opportunity). Let Z € {0,1} be the ground-truth binary label, and
let Z = H[)A’ > 7] be the predicted decision as in Definition|3 Equalized odds requires conditional independence
on and G given Z:

P(Z=1|Z=2G=9)=P(Z=1|Z=2G=¢)

vz €{0,1}, Vg,9". (4)

Equal opportunity is the special case for the positive class:
P(Z=1|Z2=1,G=9)=P(Z=1|Z=1,G=4¢)

Vg9 (5)

These constraints are particularly relevant for thresholded biometric verification systems that trade off false
accepts and false rejects.

Definitions 3—4 apply directly to binary or categorical classification tasks. For sequence-to-sequence tasks
such as ASR, they require adaptation, for instance by defining the output as a thresholded WER indicator or
applying the constraints at the token level. Sec. [d] provides the concrete metrics that operationalize these
adapted constraints.

Definition 5 (Counterfactual / Invariance Fairness). For any X with G = g, let T, o (X) be the counter-
factual input that preserves task-relevant content but transforms protected-attribute-linked characteristics to
those of group ¢'. Let v be a dissimilarity function between outcomes (or outcome distributions). A speech
system satisfies invariance up to € if:

b(My(X), My(Tysg (X)) <€ Vg,g' €, (6)

where ¢ : O x O — [0,00) satisfies P(a,b) = 0 iff a = b. When My returns distributions, ¢ may be a
distributional distance D:
D(Mp(- | X), Mo(- | Tyrg(X))) < €. (7)



Unlike token swaps in text, the transformation 7,_,, must be physically realized in the waveform, typically
by voice conversion or synthesis; current systems cannot yet alter one attribute in isolation, which limits how
faithfully Def. ol can be tested. Definitions 2—-5 assume access to clean, controlled inputs. In practice, speech
systems operate under noisy, variable conditions. If these conditions correlate with demographics, robustness
failures become fairness failures. Definition 6 captures this insight.

Definition 6 (Robustness-as-Fairness Stress-Test Constraint). Let ¢5 denote a realistic perturbation (task-
irrelevant environmental/channel variations, noise) indexed by § ~ II, where II is a distribution over
perturbation parameters. For an error/performance measure m, define the perturbed conditional risk:

RET(g) = Eson E[m(Mo(65(X)),Y) | G = g]. (8)
Robustness-as-fairness requires bounded group disparities under perturbations:
|RI:™(9) — RiMg)| < e V9.9 €, 9)

or, as a complementary criterion, bounded disparity in degradation: given R,,(g) = E[m(My(X),Y) | G = ¢]
and Ay, (g) = RE™(9) — Rin(9).

|Am(g) = Am(g)| <" Vg,9"€G. (10)

Definition 7 (Output Association Equality). When a speech system outputs text or feeds downstream

language modules, let s(Y) be a scalar association function (such as toxicity score, sentiment, gendered-term
indicator). Association equality requires:

E[s(Y)|G=g]=E[s(Y)|G=g¢] V9,9 €, (11)

or distributional equality . .
D(L(s(Y) |G =g),L(s(Y)|G=4)) <e. (12)

While Definition [3 concerns the primary output itself, this definition targets secondary attributes derived
from Y via an association function s(-).

Definition 8 (Validity and Contestability Constraint). Let C' denote the intended construct (“emotion”),
and let L be the operational label/target. A minimal validity desideratum is measurement invariance across
groups:

P(L|C,G=g)=P(L|C,G=g) Vg4 €g. (13)

More broadly, the task specification should be contestable: stakeholders can interrogate whether L is an
ethically and scientifically defensible operationalization of C' even under high accuracy.

Because several of these constraints can conflict (e.g., demographic parity and equalized odds cannot hold
simultaneously when base rates differ across groups (Barocas et al.,[2023))), no single metric captures “fairness”;
practitioners must select and justify a subset appropriate to their application context and stakeholder priorities.
These definitions specify what properties to demand but leave open along which dimensions to evaluate them:
at what granularity should groups be defined, and should the task formulation itself be scrutinized? The
following subsection addresses these questions.

2.3 Fairness Dimension

We organize fairness concerns along two axes. System Performance asks whether outcome quality is uneven
across speakers; Problem Formulation and Validity asks whether the task itself should be optimized at
all.

2.3.1 System Performance Fairness

Here we characterize disparities in outcome quality as they surface at deployment. The literature examines
such disparities at three granularities, termed Group, Intersectional, and Individual fairness. The three



differ chiefly in how finely the grouping variable G partitions the speakers, a parameter that Definitions
all rely on but leave unspecified. Broad demographic or linguistic categories yield group fairness, crossed
attributes yield intersectional fairness, and a partition refined down to single speakers yields an individual-level
test.

Group Fairness: Group fairness, the most widely studied granularity in the speech literature (Mehrabi et al.
[2022; |Chen et al., 2025b; |Chien & Lee} [2024)), instantiates G coarsely, partitioning speakers by demographic
attributes (gender, age, race), linguistic attributes (accent, dialect, language), or contextual conditions
(recording environment, device). Whichever axis is chosen, aggregate metrics such as overall WER, or Equal
Error Rate (EER) mask substantial inter-group gaps (Feng et al., 2021} [2024)), motivating evaluation practices
that report per-group performance and dispersion summaries before any mitigation is attempted
[2025; [Liu et al., [2022; |Tevissen et al., |2023; [Lin et al., |2024D)).

Given the diversity of these axes, a single system may simultaneously underserve several subpopulations
to very different degrees. Aggregate metrics such as overall WER or EER can therefore mask substantial
inter-group gaps: prior ASR audits show that disaggregating by speaker group reveals disparity patterns
entirely invisible in corpus-level summaries(Feng et al., 2021; 2024). These observations motivate evaluation
practices that explicitly report group-level performance and dispersion summaries, so that the structure of
disparity is visible before any mitigation is discussed(Patel et al., 2025} [Liu et al [2022} |Tevissen et al. [2023;
[Lin et al.| [2024b)).

Intersectional Fairness: Intersectional fairness examines combinations of attributes, recognizing that harms
may concentrate in subgroups that are small, underrepresented, or acoustically distinct(Gohar & Cheng, 2023}
|Zee et al.| [2024; |Chen et al., 2025b)). Intersectional gaps often arise when multiple distribution shifts
compound, placing a subgroup at the margins of several groups that are underrepresented in or mismatched
with the training distribution, where generalization is weakest. The resulting small sample sizes then make
these concentrated errors harder to estimate and thus easier to overlook(Gohar & Cheng) [2023)).

Recent multilingual ASR studies highlight this compounding: disparities can persist or even widen in worst-
case slices despite improving average WER, and model scaling does not guarantee better fairness when the
hardest intersectional groups remain under-covered or systematically mismatched(Zee et all [2024). Similarly,
cross-language audits show that the same demographic factor can manifest differently across languages and
architectures; phoneme-level analyses link intersectional error patterns to articulation and phone confusions
that are not captured by coarse group averages(Feng et al., [2024]).

Individual Fairness: Beyond the per-speaker partition above, individual fairness in its general form requires
that similar speakers or utterances receive similar outcomes, replacing the partition with a similarity measure
(Dwork et all,[2012} [Chen et al [2025b} [Mehrabi et al 2022} [Chien & Lee, 2024} [Feng et al., [2023)). In speech,
violations arise when models latch onto nuisance variability such as speaking style, channel conditions, or
speaker-specific expression (Verma & Rubin| [2018)). In SV, two utterances from the same speaker may receive
different scores primarily because their phoneme inventories differ (Baali et al.,|2024); in SER, population-level
models can perform well on average while consistently failing speakers whose expression departs from the
training norm (Triantafyllopoulos & Schuller} 2024} |Chou et al.| [2024)).

2.3.2 Problem Formulation and Validity Fairness

Definition [8| asks whether the task itself is a valid and ethically defensible thing to optimize, and its failure
takes two forms in speech. A task may pursue a legitimate goal through an invalid proxy (construct
validity), or it may target a construct that is contested in itself (intrinsically unfair tasks).

Construct Validity: Jacobs and Wallach (Jacobs & Wallach| 2021)) formalize construct validity as the
requirement that an operationalization faithfully captures the theoretical meaning of a construct; when it does
not, “improving accuracy” can entrench an invalid measurement. A concrete example in speech is automated
interview scoring, where “hirability” prediction models use prosodic cues such as pauses and intonation,
sometimes explicitly recommending that candidates “speak more fluently” (Rasipuram et all [2016; Naim)|
. Yet fluency is not a neutral skill: employment contexts already penalize disfluent speakers, so
optimizing for fluency risks laundering an existing discriminatory norm into an algorithmic target rather
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than measuring genuine job competence (Klein & Hood\ |2004). The result is a validity-driven fairness failure:
a model can achieve group error parity while the metric it optimizes is itself an unfair proxy (Mujtaba et al.|
2024]).

Intrinsically Unfair Tasks: Some speech tasks are contested not because the proxy is poor but because
the construct itself is ethically problematic. Automatic Gender Recognition (AGR) from voice reduces gender
to a binary physiological inference, which systematically conflicts with transgender and non-binary identities
and can impose representational harm through misgendering, even when a system reports strong aggregate
accuracy (Keyes, |2018}; Hamidi et al., [2018). Here, improving performance does not resolve the fairness issue:
the harm stems from inferring and enforcing an identity label that many people do not consent to, a problem
rooted in the task definition rather than in model quality.

The concepts introduced in this section provide the formal vocabulary for the remainder of this survey.
However, the speech fairness literature did not adopt these concepts simultaneously; different research
communities have foregrounded different diagnoses of what makes a system unfair. The next section traces
three such paradigms and how they coexist in current research.

3 Expansion of Fairness in Speech

Based on a thematic review of the speech fairness literature, we identify three coexisting paradigms, dis-
tinguished by what each treats as the primary source of unfairness. Robustness attributes unfairness
to distributional mismatch, seeking to close error gaps across speaker demographics, recording conditions,
and deployment environments through broader data coverage and model adaptation. Representation
attributes unfairness to the encoding of social meaning, asking whether learned representations and model
outputs perpetuate stereotypes or erase marginalized identities. Governance attributes unfairness to power
asymmetries in the sociotechnical context, addressing who collects the data, who defines the task, and who is
accountable for downstream harms.

3.1 Fairness as Robustness: Bridging Performance Gaps in Recognition

In the initial paradigm identified through our analysis (emerging prominently from the mid-2010s, and still
widely practiced today), fairness was most commonly operationalized as performance parity (Tatman)|2017).
Research focused on auditing discriminative tasks such as ASR and SV, quantifying fairness through disparities
in standard error metrics, including WER and EER, (Shen et al.; 2022). Seminal work highlighted performance
gaps for AAE speakers (Tatman) 2017; [Koenecke et al.} 2020]), and similar challenges were documented across
other languages and dialects (Yang et al., 2022b)). These disparities were largely framed as robustness
failures: demographic differences were treated as distributional shifts that impaired generalization (Hinsvark
et al.l |2021)), and the primary remedy was data diversification to narrow inter-group error gaps.

At a deeper conceptual level, however, this robustness-oriented framing carried a strong implicit assumption:
inter-group variation was treated as noise to be reduced rather than as a meaningful expression of speaker
identity. While this body of work was instrumental in establishing baseline benchmarks and making algorithmic
bias empirically visible, it operationalized fairness primarily as accuracy-based parity. This framing centers
on measurable error gaps rather than the social meaning or structural conditions of unequal outcomes. As
a result, broader questions concerning deployment contexts, social meaning, and representational harm
remained largely outside the scope of analysis, even in cases where aggregate error rates appeared to be
equalized. The paradigms that follow take up these broader questions, widening what fairness is taken to
include rather than correcting robustness.

3.2 Fairness as Representation: Mitigating Essentialism in Profiling and Generation

As speech technologies expanded beyond transcription into tasks that infer or generate speaker characteristics,
a different category of fairness risk emerged: rather than merely failing to serve certain speakers, systems may
actively mischaracterize or impose speaker identities. Accordingly, the focus of fairness research expanded
beyond accuracy-centric evaluation to address essentialism, profiling, and representational harm.
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Profiling and anti-essentialism: The rise of paralinguistic tasks, including SER and speech-based clinical
assessment, introduces new risks associated with profiling: systems infer latent personal attributes (such as
emotional state, health conditions, or employability) from observable vocal characteristics(Singhl [2019). These
inferences rest on an essentialist assumption, namely that the mapping from acoustic features to personal
attributes is fixed and universal across speakers(Hanna et al., 2020). In practice, however, vocal expression is
culturally situated and individually variable (van Rijn & Larrouy-Maestri, |2023)), so a mapping learned from
one population does not generalize as a neutral ground truth. Evidence of systemic bias spans modalities:
automated affective analysis has been found to misinterpret Black individuals as angrier (Rhuel |2018), while
ASR performance degrades because training corpora underrepresent distinctive features of African American
Language, such as habitual ‘be’ (Martin, [2021]). The problem is not merely lower accuracy for AAE speakers,
but that the model encodes a culturally specific norm as if it were an objective link between voice and
emotion. In high-stakes contexts such as automated hiring and medical decision support, such essentialist
mappings can lead to allocational harms through the systematic misinterpretation of socially meaningful
vocal variation(Bouazizi et al., [2023).

Representation and stereotyping: Concurrently, the increasing ubiquity of TTS and VC technologies
prompted the speech research community to initiate a critical discourse regarding representation in generated
speech (Hutiri et al., |2024a)). Unlike discriminative models, generative models actively shape the voices and
interaction styles presented to users, raising concerns about representational harms. Fairness considerations in
this context, therefore, extend to whether synthesized voices reproduce or amplify existing social hierarchies
and stereotypes. For example, early deployments of voice assistants were frequently(Strengers & Kennedy),
2020; [Phan, [2019) designed with compliant female-coded vocal personas, reinforcing gendered assumptions
about servitude and care work (West et al.l 2019). Similarly, VC and accent-altering systems have raised
concerns about identity erasure, as the vocal distinctiveness of minority speakers can be normalized to
standardized target voices, resulting in suppression of socially and culturally significant variation(Michel
et al.l [2025; [Payne et al., [2024).

Profiling and generative stereotyping are two directions of the same representational failure. In both, the
system treats the link between vocal signal and social identity as a fixed natural fact rather than something
socially constructed. Profiling does this on the way in, reading identity from a voice, while generation does it
on the way out, writing identity into a voice.

3.3 Fairness as Governance: Navigating Systemic Risks in Sociotechnical Pipelines

Current research on fairness in speech technologies has shifted from focusing on isolated model components
to examining the sociotechnical ecosystems in which these technologies are deployed. Because technical
architectures and design choices also shape who holds agency over a system’s behavior (Lessig, |1999; [Winner,
1980)), we treat governance broadly, beyond institutional regulation alone. We organize the resulting fairness
risks across three interrelated scales: the pipeline scale of accountability, the interaction scale of human—Al
power dynamics, and the institutional scale of data governance.

Pipeline scale: Composite systems and the accountability gap. In real-world deployments, speech
technologies rarely operate as standalone modules. They are assembled into multi-stage pipelines that link
recognition, language processing, and synthesis, and these components are frequently built and owned by
different parties. This assembly, not any single model, is where a distinct fairness concern arises. When
a harm emerges from the interaction of many components, responsibility for it is spread across many
hands (Nissenbaum), [1997)), so no single party is answerable and the affected speaker has no clear place to
seek a correction or hold anyone responsible (Cooper et al.||2022)). This is a part of fairness that no amount of
technical accuracy can resolve (Selbst et al.,[2019b)), and it is what our contestability constraint (Definition
names. Cascading errors make the harm concrete. A high word error rate in an upstream transcription
component can constrain a downstream language model’s interpretation of spoken intent (Ezema et al., 2025)),
leaving the speaker unable to make themselves understood, yet the resulting failure belongs to no component
in isolation. Improving the accuracy of any one stage does not settle who is accountable when the assembled
system fails a speaker.
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Interaction scale: Digital authority and automation bias. Beyond system architecture, recent work
also highlights the power dynamics embedded in human—Al interaction. Whereas previous research
emphasized stereotyping in model outputs, current analyses focus on the digital authority of speech-based
systems, understood as users’ tendency to defer to automated voice interfaces due to their perceived neutrality
or expertise. Scholars argue that interaction design choices, including the use of standardized accents,
authoritative speaking styles, or gendered personas, can function as sociotechnical control mechanisms
that discourage questioning or critical engagement(Pradhan et al 2025), thereby eroding user agency. In
high-stakes settings, such dynamics contribute to automation bias(Cummings, 2017)), whereby system outputs
are treated as directives rather than fallible recommendations, reinforcing existing social hierarchies.

Institutional scale: From extraction to sovereignty. At the institutional level, early efforts to
improve coverage focused on collecting speech from underrepresented accents and speaker groups. Such
collection, however, was sometimes carried out without community consent or reciprocal benefit, turning data
diversification into an extractive practice (Bird, [2020). More recent scholarship responds by emphasizing
data sovereignty: marginalized and Indigenous communities have a right to determine how their linguistic
data are collected, represented, and used (Papakyriakopoulos & Xiang), [2023; [Leoni et all 2024; [Rajab et al.
2025)). Fairness is thus reframed not as a problem of maximizing data diversity alone, but as a question of
reclaiming community agency through institutional legitimacy, consent, and participation.

This institutional tension is one instance of a broader pattern. The three paradigms are not mutually exclusive,
and a single practice can sit differently under each. Data diversification is the clearest example. What the
robustness paradigm ( treats as the remedy for demographic error gaps, the governance paradigm sees
as an extractive practice when it is done without community consent. A system is therefore best examined
through all three lenses at once, since an intervention that answers one paradigm can raise a problem under
another.

4 Evaluation Metrics

To operationalize the fairness paradigms of § [3] concrete evaluation metrics are needed. Because metrics that
appear unrelated often share the same mathematical structure, while similar formulas can serve different
normative goals, we organize metrics by their mathematical objective rather than by paradigm or task, yielding
six mathematical families (Table . Five families group metrics around a shared formal quantity; the sixth
(§ collects metrics whose forms overlap with earlier families but whose evaluation target, the content
of generative output, warrants separate treatment. Each family is annotated with its primary paradigm
affiliation (Robustness, Representation, or Governance), making explicit where the same formula serves
different normative purposes.

Table [3| maps these six families back to the fairness desiderata introduced in showing which definition
each family directly operationalizes (@) or partially reflects (©). Definitions [2[ and [§] are omitted because
they operate at a meta-level. Definition [2| (Unawareness) requires only that G not be used explicitly, but in
speech, acoustic features are strong proxies for demographics, so every family in this section implicitly goes
beyond that baseline. Definition [8| (Validity) questions whether the task formulation and label taxonomy
are themselves defensible, a concern that no single metric can operationalize but that every family should
be evaluated against. Each of the six family subsections closes with a paragraph explaining its specific
connections to the desiderata.

4.1 Group Performance Disparity

This family measures how a scalar performance indicator varies across demographic groups. Let £(g) denote
a task-specific performance measure (e.g., WER, EER, or MOS) for group ¢g € G. The unified mathematical
objective is to quantify the spread of {£(g)}4eg; different aggregation norms yield different metrics within
the same family.

Per-Group Performance Reporting. The most common evaluation practice in the current literature
is to report £(g) for each demographic group without applying an explicit aggregation function. In ASR,
per-group WER, Match Error Rate (MER) (Morris et al., |2004), Character Error Rate (CER), and Phoneme
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Table 3: Mapping between the fairness desiderata of §2| (Definitions 7)) and the mathematical families of §d]
@ = the family directly operationalizes the definition; © = partial or indirect connection. Definitions [2] and

are meta-level const

raints discussed in the text.

Def3 Def4 Def5 Def6 Def7
(DP) (EO) (CF) (Rob.) (Assoc.)

A: Group Perf. Disparity 0 () ()

B: Statistical Parity [ [

C: Calibration & Threshold 0 )

D: Representational Disent. © © ©
E: Counterfactual Fairness 0 [ ]

F: Generative Speech Bias () 0 © [ ]

Table 4: Taxonomy

of fairness evaluation metrics in speech, organized by mathematical family. Each row

groups metrics sharing the same formal objective; the paradigm column indicates the normative affiliation(s)
from Robustness (Rob.), Representation (Rep.), or Governance (Gov.).

Math Family Unified Objective Representative Metrics Target Tasks Paradigm
Group Performance  Quantify dispersion  Ajpaz, SNSV, Fairness (F), ASR, SV, SER, Rob.
Disparity (§4.1)) of {€(g9)}geg Gini, GARBE, FAAS, Amos; Diarization, Deepfake,

indiv.: Consistency, Lgr Clinical, TTS
Statistical Parity & YJ_G (DP) or App, Agpo, Equal Opportu- SER, Clinical/Health Rep.
Cond. Independence Y LG |Y (EO) nity, PPR
(§2)
Calibration & Fairness invariance Ceat, ECE, NXE, FaDR, SV, Voice Disorder, Rob.

Threshold Fairness

(§13)

across threshold 7 auFaDR-FAR, IR, GARBE Depression/Anxiety

Representational Quantify MI (DV bound), SpEAT (Co- SSL Embeddings, SER, Rep.
Disentanglement demographic hen’sd), Silhouette/DB/CH in- SV, Pathological Speech
(§4.4) information in dices

learned

representations
Counterfactual Y invariance under  ICEO, C3T fairness ASR, Speech-aware Rep.
Fairness (§4.9) do(G) LLMs

Generative Speech

Bias (§4.6)

Content neutrality slbs, VoiceBBQ, sprs/sams, SLMs, Spoken Dialogue, Rep.
w.r.t. demographics ~AG/AS, SAS/BAAS, J/A, ST, TTS, Text-to-Audio
GUS/SNSR

Error Rate (PER) (Feng et all 2021) are compared across speaking rates (Mirghafori et al., [2002; Meng et al.

2022b)), non-native accents (Veliche & Fung, [2023} [Feng et al., 2021} [Markl, 2022; Zhang et al., [2023b; 2022d

Maison & Estevel [2023)), regional dialects (Tatman) [2017; [Veliche & Fung, [2023; [Zhang et al., 2022¢} |Serditoval

& Tang, [2026), speech impairments (Hu et al., [2024b; Wang et al., |2023b), diverse languages (Emezue et al.

2025 (Chauhan & Pundhir, 2026)), age (Potamianos & Narayananl 2003} Feng et al.| [2021; Zhang et al., [2024b

Zhao et al., |2023; P

ellegrini et al} [2012; [Wang et al.| 2023bt [S & B, 2024; Maison & Estevel [2023), gender

Tatman, [2017; [Potamianos & Narayanan| 2003} Sar et al.l [2021; |Feng et al., 2021} Zhang et al., 2023} [Veliche

& Fung, [2023; (Garnerin et al., 2019; S & B, 2024; [Maison & Esteve, [2023), cultural backgrounds (Feng et al.),

[2021} [Zhang et al.|

2023Db), ethnicity (Koenecke et al., 2020; [Veliche & Fung} 2023} [Ezema et al., [2025;

et al.l 2021; Lai & H

ollidayl, |2023)), disfluency rate (Li & Wu, |2024a)), and socioeconomic status (Riviere et al.,

2021)).
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Per-group comparisons extend well beyond ASR. Among speaker-centric tasks, SV reports per-group EER,
false match rate (FMR), and false non-match rate (FNMR) (Jin et al.l [2022; [Fenu & Marras| [2022)); speaker
diarization reports per-group diarization error rate (DER) (Tevissen et al.l [2023)); and deepfake detection
reports EER and false positive rate (FPR) differentials across gender, age, accent, and language (Singh Yadav
et al., 2024b; [Stanék et al.l 2025; [Katamneni et al.; [2024). For atypical and clinical speech, per-group
reporting covers CER, deletion rate, and diagnostic accuracy gaps (Li & Wu, [2024a; |Gulzar et al., [2026;
Pahar et al., 2026). The practice even extends to speech synthesis: in dysarthric speech cloning, Parity
Difference and Disparate Impact quantify per-severity-level deviations from healthy-speaker baselines (M et al.,
2025). Beyond system-side metrics, per-group comparisons extend to the user-perception side, uncovering
accent-dependent gaps in perceived success and error-recovery cost (Ezema et all 2025; Michel et al., [2025)).
Several of the studies above further enhance per-group reporting with significance tests and effect sizes; these
statistical validation tools are discussed in § [£.7] While per-group reporting is informative, it leaves the
aggregation step implicit; the explicit disparity metrics defined below (A,qz, Az, Ap1) improve cross-study
comparability.

Worst-Case Disparity (L°°). The Maximal Performance Gap (A,q,) formalizes the worst-case pairwise
comparison:

Apmaz = max |E(g) —E(g")|. (14)

9.9'€G

A large A4 indicates that at least one pair of groups exhibits a substantial performance gap; the metric
therefore prioritizes worst-case equity over average performance. A, is widely adopted across ASR fairness
evaluations, either in absolute form (Zee et al.l |2024; [Swain et al., [2026; |2024) or normalized by a reference
WER to yield a scale-invariant relative gap suitable for cross-lingual comparison (Attanasio et al., |2024).
WER Parity further binarizes this ratio against a tolerance threshold ¢ for pass/fail auditing (Raes et al.,
2026). Alternatively, a population-referenced variant measures each subgroup’s deviation from the overall
mean, identifying which groups fall above or below the population baseline (Koudounas et al., 2025a)). All
metrics above index disparity by the speaker’s demographic group; however, the same L structure can also
index the evaluator’s identity. The annotator-gender MOS Gap (Amos), the absolute difference in mean
MOS between male and female raters, captures systematic rating bias that propagates into automated MOS
prediction models trained on human annotations (Ren et al., 2026)).

Variance-Based Disparity (L?). Variance-based metrics penalize the dispersion of performance across all

groups:
Mg) ; (15)
\/g| =

where g is the global mean across all groups. Unlike A,,4., which captures only the worst-case pair, Ay2
reflects the performance dispersion across the full set of groups. The choice of £ is task-dependent: the
Sensitive-to-Sensitive Similarity Variance (SNSV) of Wu et al. (Wu et al., [2026) sets £ = PRAG*QK (top-K
ranking agreement) to audit spoken dialogue LLMs, while EMO-Debias (Lin et al.| [2025¢) instantiates as the
true positive rate (TPR), FPR, or F1 for SER.

Mean-Deviation Disparity (L!). The mean-deviation disparity measures the mean absolute deviation
(MAD) of group performance:

g€g
Several domain-specific metrics instantiate Ay with different £: the Fairness score F' averages A1 over
multiple error rates for biometric verification (Fenu et al., [2020b)); FairLENS sets £ = WER  for law-enforcement
ASR (Wang et al., 2024b)); Overall Bias uses the mean signed WER deviation from a reference group (Patel
et all |2025); and Emo-bias applies Ar: to SER accuracy across gender and racial subgroups (Lin et al.l
2024d). The Sum of Group Error Differences (SGED) takes a pairwise view, summing |E(g) — £(g’)| over all
group pairs rather than deviations from the mean (Elobaid et al.| |2024)).

Composite and Welfare-Theoretic Metrics. The ¢, metrics above are purely descriptive: they quantify
how large the disparity is, but not how it should be traded off against overall utility. The metrics below go
further by either embedding normative preferences into the aggregation or combining utility and fairness into
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a single score. On the normative side, the Gini Coefficient (Gini, [1912)) measures inequality via the mean
pairwise L' distance between group performances, normalized by the overall mean:

deg Zg’eg ’g(g) - g(g/)‘
21G]? pe '

While A1 measures deviations from the mean, G captures the full pairwise structure and is scale-invariant
due to the pg denominator. The Isoelastic Social Welfare Function further introduces an inequality-
aversion parameter p that interpolates between a utilitarian objective and a Rawlsian maximin objective
(Triantafyllopoulos & Schuller, 2024). On the composite side, the Gini Aggregation Rate for Biometric
Equitability (GARBE), originally developed for face recognition (Howard et al., [2023), aggregates Gini-based
inequality across operating points and has since been adapted to SV (Chouchane et al., 2024). For ASR, the
Fairness Adjusted ASR Score (FAAS) folds a regression-based fairness penalty into WER to rank systems
on leaderboards (Rai et al., [2025). Because these frameworks embed explicit value judgments, researchers
should make their parameter choices transparent when reporting results.

G:

(17)

Individual-Level Analogues. All preceding metrics index disparity by demographic group ¢ € G; individ-
ual fairness instead requires that similar samples receive similar predictions, regardless of group member-
ship (Dwork et al., 2012)). The same £, norm structure extends naturally to this setting. The Consistency
Score (Zemel et al.| 2013) measures the average L' deviation between each sample’s prediction and the mean
prediction of its k-nearest neighbors in embedding space, mirroring A1 at the sample level:

n

1 1
Consist :1—75 Ui — — E U,
onsistency P 0 . U

JEKNN(4)

; (18)

where the ideal value is 1; this metric is used in SER, (Chien & Lee) [2023};|2024)). The Lipschitz constant L =
sup, ., | f(x) — f(z')] / d(x,2") captures worst-case prediction sensitivity, analogous to A4, but normalized
by input distance; a lower Ly indicates smoother decisions between acoustically similar utterances (Chien
& Lee, |2026). Empirical evidence in SER shows a trade-off: optimizing group-level parity can degrade
individual-level consistency, particularly when attribute distributions between groups are distant (Chien &
Lee, 2024} 2026).

Connection to Fairness Desiderata. This family quantifies the spread of £(g) across groups rather than
testing a distributional independence condition, so the connections to Def. [3] and [4] are both partial. Def. []
(EO, ©): because £(g) is usually computed against the ground truth (e.g., WER, EER), a nonzero gap often
signals an EO violation when P(Y | G) is similar across groups, but a gap can also arise from differing base
rates under perfect EO. Def. [3| (DP, ©): when € is an unconditional statistic such as the overall acceptance
rate the test is closer to a DP check, though most instantiations in the literature use ground-truth-referenced
error metrics, limiting this reading to a subset of use cases. Def. |§| (Robustness, ©): the metrics of this family
capture performance gaps under naturalistic variability, while Def. [6]s stress-test criterion is operationalized
by robustness benchmarks that compare error-rate degradation across demographic groups under injected
noise, channel, and codec distortions (Rajan et al., 2022; Shah et al., |2025; [Baali et al., 2025).

Limitations. All metrics in this family treat demographic identity as an extraneous source of variance to
minimize, without questioning whether the performance measure £ itself is culturally appropriate or whether
the group taxonomy G captures the relevant social categories. A narrow inter-group gap does not imply
fairness if absolute performance remains poor for all groups, or if the evaluation metric fails to reflect the
construct it purports to measure (see Def. .

4.2 Statistical Parity and Conditional Independence

Moving beyond the scalar performance comparisons of § [£.1] this family tests whether the model’s prediction
distribution P(}Af | G) is independent of the sensitive attribute G. The gap metrics there reduce each group
to one aggregate score, fusing per-class behavior with the group’s base rates P(Y | G). DP instead requires
Y L G while ignoring Y; EO requires the same within each true class. Aggregate gaps and these independence
tests therefore need not agree. Per-class disparities may cancel out in the aggregate, and even under perfect
EO, differing base rates alone can produce a nonzero gap.
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Core Metrics: App and Ago. For a classification task with predicted output Y e Y and sensitive
attribute G, the per-class gap between two groups is:

dpp(y,9.9') = |P(Y=y | G=g) — P(Y=y | G=¢')|. (19)

Demographic Parity (DP) requires this gap to vanish for all classes and group pairs. When base rates
naturally vary across groups (e.g., in SER, where emotional expressiveness differs by culture), enforcing DP
can penalize legitimate variance (Hardt et al., [2016; [Dwork et al.l [2012). Equalized Odds (EO) addresses this
by conditioning on the ground-truth label Y:

dpo(y,9.9) = |P(Y=y | G=g, Y=y)

) (20)
- P(Y=y|G=¢, Y=y)|,

requiring equal accuracy across groups within each true class, thereby preserving natural variance while
prohibiting demographic shortcuts (Hardt et al., [2016; |[Lin et all 2025b)). To obtain a scalar summary
App (or Ago), these per-class gaps must be aggregated over ) and G. Common choices include worst-case
(max, max, ¢ ), macro-averaging over classes (ﬁ Zy max, ), and restricting to the positive class only
(Equal Opportunity, a special case of EO) (Lin et al.| [2025¢; Haghbin et al.; 2026). The choice of aggregation
affects sensitivity: worst-case highlights the single most unfair (class, group) pair, while macro-averaging
reflects disparity across the full label space.

Domain Applications. In SER, macro-averaged Ago and App jointly quantify the trade-off between
debiasing and accuracy (Lin et al.l |2025¢); cross-corpus evaluations use App and Ago to test whether gender
fairness transfers across datasets (Upadhyay et al., [2025)); and dual-constraint frameworks study how Ago
trades off against individual-level consistency (Chien & Leel |2026; 2024)). In clinical settings, the predictive
positive rate (PPR) and Statistical Parity deconstruct biases across intersecting demographic factors in health
predictions (Yang et al.| [2024), while Equal Opportunity and Equalized Odds are applied to multi-class
cognitive impairment detection across gender, age, education, and language subgroups (Haghbin et al.l 2026).

Connection to Fairness Desiderata. This family directly operationalizes both Def. [3| (Demographic Parity,
@) and Def. 4| (Equalized Odds, @). App tests ¥ L G, which is exactly the constraint stated in Def. [3} Ago
tests Y L G | Y, matching Def. |4l The two metrics correspond one-to-one with the mathematical statements
in Def. [3| and 4] making this family the most direct bridge between the formal desiderata and computable
evaluation.

Limitations. Both App and Agp are defined over discrete predicted classes; extending them to continuous
outputs such as MOS or confidence scores requires discretization, and empirical evidence shows that fairness
conclusions can reverse when the operating point shifts (Hutiri et all |2024b|). Moreover, Ago conditions on
the ground-truth label Y. Any bias present in the annotations propagates directly into the fairness assessment.
In SER, where labels reflect annotator subjectivity and speaker-rater demographic interactions (Chien et al.,
2024)), apparent compliance with EO may mask rather than resolve unfairness (see §.

4.3 Calibration and Threshold Fairness

§ [A3] and §[4-2) evaluate disparity at a fixed operating point. This family treats the decision threshold 7 as
a free variable, asking whether a fairness conclusion reached at one operating point still holds at another.
Two complementary perspectives arise: score calibration, which tests whether output scores carry the same
probabilistic meaning across groups regardless of 7, and threshold sweep, which measures fairness as a function
of 7 across the full operating range.

Score Calibration. The cost of log-likelihood ratios (Cj;,-) decomposes into a discrimination term and
a calibration term C.4;, where C¢,; isolates how well output scores are calibrated independently of the
system’s ability to separate target from non-target trials (Brimmer & du Preez, [2006). In SV, C.,; degrades
dramatically for underrepresented accents even when discrimination performance remains stable (Estevez
& Ferrer), 2023)). In voice disorder detection, Normalized Cross-Entropy (NXE) reveals similar calibration
gaps across gender and age subgroups, which group-dependent Platt scaling substantially reduces (Estevez
et al} 2025). In speech-based depression and anxiety prediction, Expected Calibration Error (ECE) likewise
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varies across demographic groups (Norbury et al. 2026). Across all three tasks, the pattern is consistent:
discrimination and calibration are separable, and a system can rank speakers correctly yet produce scores
whose confidence is systematically misleading for certain populations.

Threshold Sweep. The Fairness Discrepancy Rate FaDR(7) = 1 —[a- Apmr(7)+ (1 —a) - Apnmr(7)] (de Fre-
itas Pereira & Marcel, |2022)) combines the largest inter-group FMR gap (Apmr) and FNMR gap (Apnmr) at
each threshold, with FaDR = 1 indicating perfect fairness. Integrating FaDR over the FMR axis yields a
threshold-free summary, auFaDR-FAR (Peri et al., 2022)). FaDR, IR (Grother} 2022), and GARBE have been
compared head-to-head for SV (Chouchane et al.| 2024), using the functional fairness measure criteria of
Howard et al. (Howard et al., |2023)) as the yardstick. These criteria ask whether the contributions of the
two error rates remain intuitive, whether the score stays within defined bounds, and whether it remains
computable when a subgroup achieves zero errors. Only GARBE satisfies all three.

Connection to Fairness Desiderata. Def. |4 I (EO, @): FaDR, auFaDR-FAR, and GARBE compare group-
level FMR and FNMR at each threshold 7, directly testing P(Z=1 | Z=z, G=g) = P(Z=1 | Z=z, G=¢')
across the full operating range. The score-calibration metrics (Ceq;, ECE, NXE) complement this by testing
whether the score carries the same probabilistic meaning across groups (P(Y=1 | S=s, G=g) = P(Y=1|
S=s)), which supports but does not formally entail EO. Def. (3 I DP, ©): threshold-sweep analysis may
incidentally reveal that P(Z 1| G=g) diverges across groups at certain operating points, but the family’s
primary focus is conditional fairness.

To date, these metrics have been developed almost exclusively for SV and voice-disorder detection; extending
them to other speech tasks remains open.

4.4 Representational Disentanglement

The preceding families evaluate bias at the output level. This family moves upstream, quantifying how much
demographic information leaks into learned speech representations before any decision is made.

The central metric is Mutual Information (MI(Z; G)) between the embedding Z and the sensitive attribute G:
a high value indicates that the representation encodes demographic identity, enabling downstream classifiers
to exploit group membership even when the primary task is unrelated to demographics. Because exact MI is
intractable for high-dimensional speech vectors, practical estimation relies on variational lower bounds such as
the Donsker—Varadhan (DV) bound, which trains a neural discriminator to tighten a tractable approximation.
In the speech domain, WavShape applies this strategy to self-supervised learning (SSL) embeddings (Baser
et al.l [2025).

Beyond MI, several complementary evaluation strategies have emerged. The Speech Embedding Association
Test (SpEAT) adapts the Implicit Association Test from psychology to speech embeddings (Slaughter et al.|
2023)). It quantifies, via Cohen’s d, the differential association between two groups of speaker stimuli (e.g.,
male vs. female voices) and two sets of evaluative attributes (e.g., pleasant vs. unpleasant); applied to major
self-supervised architectures, SpEAT reveals that these models amplify social biases across gender, age, and
nationality relative to classic acoustic features (Lin et al., |2024b). From a geometric perspective, clustering
quality indices such as the Silhouette score (Rousseeuw, |1987)), Davies—Bouldin index (Davies & Bouldinl [1979)),
and Calinski-Harabasz index (Calinski & Harabaszl [1974) can quantify how tightly embeddings group by
demographic category rather than by task-relevant class. In pathological speech detection, these indices reveal
the degree to which accent variation confounds clinical markers across multilingual populations (Kashyap
& Pathiranal, 2026). On the statistical side, mixed-effects regression on f3-normalized embedding distances
separates the variance attributable to group membership from that attributable to channel or phonetic
content in speaker verification (Jahan et al., 2023)).

Connection to Fairness Desiderata. Definition (3| . (DP, ©0): if MI(Z;G) = 0, then Z L G, and any
downstream prediction Y = h(Z) must also satisfy Y L G by the data-processing inequality. Therefore,
disentanglement provides an upstream sufficient condition for DP, though the connection is approximate in
practice because the DV bound yields only a lower bound on MI. Def. |5| (Counterfactual Fairness, ©): SpEAT
asks whether group membership produces asymmetric associations in embedding space, which relates to
Def. [f]s output invariance requirement, but the connection is indirect because SpEAT quantifies association
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asymmetry rather than invariance under an explicit transformation T, s . Def. [7| (Output Association
Equality, ©): when applied to generative speech models, SpEAT’s association measurement overlaps with
Def. s s(Y), but operates in embedding space rather than on the final output.

Limitation. These metrics share two important limitations. First, the DV bound provides only a lower
bound on MI, so a value near zero does not guarantee that the representation is free of demographic
information; the true leakage may be higher. Second, low demographic information in the representation
does not ensure downstream fairness: a large-scale evaluation of SER shows that upstream representational
bias and downstream performance disparity can diverge (Lin et al., 2024d).

4.5 Counterfactual Fairness

The preceding families evaluate fairness at the group level; this family adopts a causal perspective: changing
a speaker’s demographic attribute while holding linguistic content constant should not alter the model’s
output (Kusner et al., [2017). In speech, operationalizing this principle requires a perturbation mechanism
that modifies perceived demographics without changing lexical content.

For ASR, Sari et al. formalize the Individualized Counterfactual Equal Odds (ICEO) criterion, which requires
that outcome probabilities remain invariant when a speaker’s demographic attributes are counterfactually
altered; in practice, compliance is evaluated by measuring CER variation across individuals on counterfactually
augmented speech (Sar et al., |2021). For speech-aware LLMs, the Cross-modal Capabilities Conservation
Test (C3T) benchmark defines a counterfactual fairness metric as fairness = #fair_tasks / #tasks, where a
task is fair if it yields the same answer for every speaker regardless of demographics; conditional variants
further decompose this score by specific attributes such as age, gender, and dialect (Kubis et al., |2025)).

Connection to Fairness Desiderata. This family directly operationalizes Definition [5| (Counterfactual
/ Invariance Fairness, ®). Both ICEO and C3T’s fairness metric formalize the requirement that Mpy(X)
remains invariant when the speaker’s demographic attributes are counterfactually altered via T}_, s, which is
the defining equation of Def [5| Definition [4] (Equalized Odds, ©) is partially reflected. ICEO is explicitly
named “Individualized Counterfactual Equal Odds,” embedding the EO constraint within a causal framework:
it requires not only that error rates be equal across groups, but that this equality hold at the individual level
under counterfactual demographic change.

Limitation. Counterfactual fairness evaluation in speech remains an open direction: the perturbation
mechanisms available today, including adversarial auto-encoders and voice conversion, inevitably alter
acoustic properties beyond the target demographic attribute, making it difficult to isolate causal effects
cleanly.

4.6 Bias in Generative Speech Systems

Mathematically, most metrics in this section build on the parity and proportion comparisons introduced in
§ 2] though several adopt alternative formulations such as set overlap, log-odds interaction, or composite
scoring. They are grouped separately because the evaluation target is fundamentally different: whereas
§ [{.IHA:2] compare system performance across demographic groups of input speakers, the metrics here evaluate
whether the content produced by generative models, including Speech Language Models (SLMs), speech
translation (ST), TTS, and text-to-audio synthesis, encodes social stereotypes or demographic preferences.
Recent holistic benchmarks such as AudioTrust (Li et al.| 2026) and AHELM (Lee et al. [2025a)) treat fairness
as one of several trustworthiness dimensions for audio language models, each introducing its own composite
scoring. In parallel, a structural taxonomy of audio LLMs highlights the need for architecture-aware evaluation
across cascaded, multimodal, and audio-native designs (Aloufi et al.l 2026).

SLMs and Spoken Dialogue. At the language-modeling level, the Speech Language Bias Score (slbs)
measures the percentage of instances in which a model prefers a stereotypical over an anti-stereotypical
continuation (Lin et al., [2024a). In question answering, a key design axis is whether the context uniquely
determines the correct answer (disambiguated) or leaves it open (ambiguous). VoiceBBQ reports accuracy
on disambiguated items and a bias score on ambiguous items, additionally separating content bias from
acoustic bias (Choi et al) [2025a). Listen and Speak Fairly independently adopts the same split with
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sp1s = 2(Nbiased/Mnot,_unknown) — 1 and samp = (1 — accuracy) x sprs (Lin et al., 2024c¢). Orthogonal to
textual content, Gender Response Overlap (J) measures the distributional overlap between responses to male
and female voices, while Gender Preference (A) captures how frequently a model’s response aligns with a
specific gender (Choi et al., [2025b). At the downstream decision level, the Group Unfairness Score (GUS)
and Similarity-based Normalized Statistics Rate (SNSR) measure decision-level and recommendation-level
inequity across demographic groups in spoken dialogue systems (Wu et al., 2026). To avoid the expressiveness
constraints of multiple-choice question (MCQ) formats, which restrict stereotypical associations to predefined
options, VIBE (Lin et al.,[2026b)) evaluates 11 SLMs through open-ended generation tasks with real-world (not
synthetic) speech, measuring distributional shifts via normalized Total Variation Distance (nTVD); it reveals
systematic biases undetected by MCQ benchmarks. Biased conclusions can also be sensitive to the evaluation
format itself. The Average Pairwise Entropy Shift (APES) quantifies this sensitivity by averaging pairwise
entropy differences across levels of a controlled variable. Paired with Fleiss’ k, it shows that multilingual
MLLMs are relatively robust to gender and accent but highly sensitive to language and option order, with
speech systematically amplifying text-modality biases (Wei et al., 2026). A caveat is that bias scores obtained
from multiple-choice benchmarks do not reliably transfer to open-ended generation, so conclusions drawn
from a single evaluation format should be interpreted with caution (Satish et al., |2026a)).

Speech Translation. Translating from a language without grammatical gender, such as English, into
gender-marked languages such as Spanish or Italian requires the system to infer the gender of each entity.
Systems that default to masculine forms or rely on stereotypical gender-occupation associations exhibit lower
accuracy on female and anti-stereotypical instances. The WinoST challenge set quantifies this effect through
gender accuracy, the proportion of correctly gendered entities, alongside AG, the gap between male and
female F1, and AS, the gap between pro-stereotypical and anti-stereotypical F1 (Costa-jussa et al. [2022;
Lin et al.l [2024c¢). MuST-SHE complements this evaluation by computing accuracy on both correct and
gender-swapped references; the difference between the two scores reveals the direction of bias, exposing
whether the system systematically favors masculine over feminine forms (Bentivogli et al., |2020]).

Speech and Audio Synthesis. A common evaluation strategy for instruction-guided TTS estimates the
gender probability of synthesized speech via a pretrained speaker gender recognition classifier and compares
it against expected distributions (Kuan & Leel [2025). When instructions combine multiple social dimensions,
the interaction term Z, defined as the log-odds deviation from an additive baseline, isolates how status,
career, and persona cues jointly modulate gender probability beyond their individual effects (Chen et al.l
2026a)). In unprompted speech generation, the female utterance ratio across repeated syntheses of the same
text quantifies systematic gender preferences in automatic speaker assignment (Puhach et al., |2025). For
text-to-audio generation, the Stereotype Audio Score (SAS), defined as max(%Nmale, % Ntemale ), captures
the gender dominance in a pool of generated samples, and the Bias-Aware Audio Score (BAAS) combines
SAS with an audio quality term to penalize high-fidelity generation that lacks gender balance (Mohsin et al.,
2025|).

Connection to Fairness Desiderata. Def. |3| and {4 (DP and EO, ©): GUS and SNSR test whether
decision outcomes (recommendations, system actions) differ across groups, mapping to DP/EQO at the decision
level rather than at the content level. Def. [5| (Counterfactual Fairness, ©): VoiceBBQ’s content-vs-acoustic
decomposition asks whether changing the speaker’s demographic attributes alters the model’s response,
mirroring the counterfactual invariance of Def. [5| Def. |z| (Output Association Equality, @): slbs, VoiceBBQ),
spis/samB, AG/AS, and SAS/BAAS each test whether a derived output attribute (stereotype score or gender
probability) is independent of G, instantiating a specific choice of s in Defs E[s(Y) | G=g] = E[s(Y) | G=¢'].

4.7 Statistical Validation

The preceding families quantify the magnitude of demographic disparities. This subsection collects the
statistical tools needed to determine whether those disparities are genuine rather than artifacts of sampling
variability.

Any observed disparity may arise from sampling noise rather than systematic bias, particularly for small or
intersectional subgroups. Significance tests such as ANOVA establish whether group differences exceed chance
expectations, while effect-size measures such as Cohen’s d (Cohen, [2013) quantify their practical magnitude.
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Figure 2: Taxonomy of bias sources in speech technology.

When many subgroups are compared simultaneously, the Benjamini-Hochberg procedure controls the false
discovery rate (Benjamini & Hochberg, |1995; |Altwlkany et all [2025). For the skewed error-rate distributions
common in speech, non-parametric alternatives such as the Mann-Whitney U (Mann & Whitneyl [1947) and
Wilcoxon signed-rank tests offer robust unpaired and paired comparisons (Puhach et al.,
[2025; [Székely et al., [2023). When confounding variables such as recording conditions or annotator subjectivity
are present, mixed-effects regression isolates the true demographic contribution by treating group attributes
as fixed effects and nuisance factors as random effects, with Poisson or logistic link functions for count-based
and binary outcomes (Jimenez & Kern| 2026} Rai et al., [2025; He et al. 2026). Finally, utterances from
the same speaker are statistically dependent, violating the independence assumption of the above tests;
blockwise bootstrap resampling at the speaker level preserves this correlation structure and yields more
reliable confidence intervals (Liu & Peng), 2020)).

Beyond the quantifiable disparities addressed throughout this section, the Governance paradigm encompasses
non-quantifiable concerns such as data sovereignty and community agency (§ , which require institutional
rather than algorithmic interventions.

5 Source of Bias

As illustrated in Figure [2] bias in speech processing systems stems from three primary sources: data-related
issues, model-related factors, and deployment mismatch. These three sources are complementary to, but not
identical to, the conceptual paradigms introduced in § B} they are organized by point of origin in the pipeline
rather than by normative concern, and the two taxonomies intersect freely. We detail each source below and
discuss their interactions in §[5.4]

5.1 Data-Related Bias

Data-related biases are foundational, arising either from skewed data distributions or inherent differences in
speech characteristics that are inadequately represented.
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5.1.1 Demographic and Linguistic Representation

Biases in training data generally stem from two primary deficits: imbalances in the demographic represen-
tation of speaker groups and insufficient coverage of diverse linguistic content.

Demographic Underrepresentation. Standard datasets exhibit imbalances that reflect societal hierarchies
rather than population distributions. Along the gender axis, broadcast news and web corpora favor male
speakers, yielding systems less robust to female acoustic patterns (Garnerin et all |2019; Maison & Esteve,
[2023} [Lin et al., |2025b). Along the age axis, adult-centered distributions leave child speech (whose shorter
vocal tracts produce distinct pitch and formant patterns) and elderly speech severely underrepresented
(Potamianos & Narayanan| 2003} [Pellegrini et al. 2012} [Borre et all, [2025). Racial and ethnic imbalances are
mediated by the marginalization of non-standard ethnolects: AAFE speakers suffer systematic transcription
errors when evaluated against corpora dominated by Standard American English (Koenecke et al., 2020;
[Martin & Wright|, 2023; Brewer et al., [2023; |Wenzel et al.| [2023). Beyond demographic axes, atypical
speech is systematically excluded, as standard datasets prioritize fluent speech and leave conditions such
as stuttering, dysarthria, and Parkinson’s-affected speech scarcely represented (Hu et all [2024b} [Li & Wul,
[2024a; [Singh Yadav et al., 2024a; Wang et al., 2023c; Moro-Velazquez et al., |2019). Finally, metadata gaps
constitute a distinct representational harm: the lack of granular labels for non-binary gender identities and
sociophonetic markers prevents fairness evaluation for queer speakers (Sigurgeirsson & Ungless), [2024).

Linguistic and Content Disparities. Beyond demographic labels, most training corpora implicitly
privilege standard language varieties, reflecting the standard language ideology that elevates prestige dialects
as the normative baseline while treating other variations as deviations (Humphries et al.l [1996; Markl, 2022;
[Chen et al, [2025b). Unlike acoustic mismatches, this bias manifests in the language modeling layer, where
valid dialectal syntax is misinterpreted as errors because training data enforces standard grammatical rules.
Corpora also lack diversity in cultural and idiomatic content, producing systematically higher error rates for
subgroups whose linguistic habits diverge from the training norm (Koudounas et al., 2025a)).

5.1.2 Data Collection, Quality, and Artifacts

Bias arises from systematic inequalities in both the physical and procedural aspects of data creation,
alongside the hidden artifacts introduced during the collection pipeline.

Socioeconomic and Equipment Disparities. Socioeconomic disparities manifest as channel bias,
a form of Technical Bias (§ : data from marginalized populations is disproportionately captured in
high-reverberation environments or on low-fidelity hardware, so models may use channel characteristics as a
demographic proxy instead of learning robust linguistic features (Papakyriakopoulos & Xiang] [2023). This
confound can arise even within a single corpus, where recording practices co-vary with speaker subgroup
. Crowdsourced datasets exacerbate the issue, as minority-group acoustic conditions diverge
from studio-quality training data; speech enhancement preprocessing can further introduce artifacts that
disproportionately degrade lower-resource recordings (Giraldo et all [2025).

Acoustic and Signal Variability. Beyond equipment, bias resides in latent acoustic features that
demographic counts alone cannot capture. Spectral analysis and learned representations are often optimized
for the lower fundamental frequencies typical of adult males, leaving systems ill-suited to the pitch and
spectral patterns of other speakers (Tevissen et al., 2023; Koenecke et al. [2020; |Gorrostieta et al., 2019).
More subtly, imbalances in speech rate (Meng et all [2022b)), prosody, and rhythm (Baser et al., 2025}
& Holliday}, |2023) can drive stronger bias than demographic labels themselves (Gu et al., 2023)), acting as
hidden confounders that persist undetected even in demographically balanced datasets because they are
rarely logged in metadata.

Collection Protocols and Transcription. Recording and labeling protocols systematically place different
groups in unequal conditions. In broadcast corpora, women are more often recorded in formal scripted settings
while men appear in spontaneous conversational contexts, producing spurious correlations between gender
and signal quality (Markl & McNultyl, [2022)); more broadly, datasets favoring read speech yield optimistic
performance estimates that collapse under real-world conditions (Patel et all |2025; Raes et al., [2026).
Transcription guidelines are similarly non-neutral: choices regarding disfluencies, non-standard grammar,
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and hesitation markers disproportionately inflate error rates for speakers of non-standard varieties (Feng
et al., [2021} Reitmaier et al., |2022)), while protocols demanding sustained, fluent articulation exclude medical
subgroups whose speech is affected by conditions such as medication-induced articulation changes (Teodorescu
et al., 2023).

Metadata Gaps and Data Artifacts. Bias is also embedded in the infrastructure of datasets. Audits of
open-source corpora reveal that essential metadata, such as gender demographics and speech duration, is
frequently missing or inconsistent, leaving fairness claims about these datasets untestable (Garnerin et al.,
2019). Moreover, dataset construction functions as a mechanism for setting norms: the varieties included
and documented determine whose speech is treated as normal by downstream systems, while undocumented
varieties are implicitly categorized as deviations (Markl & McNulty), [2022]). These gaps enable shortcut
learning, where systems rely on dataset-specific artifacts rather than genuine linguistic features, so that strong
benchmark performance may not reflect true robustness (Palmer et al., |2021; |Papakyriakopoulos & Xiang},
2023).

5.1.3 Annotation and Labeling Subjectivity

Bias in annotation arises because speech labels are judgments filtered through human labelers’ subjective
expectations, shaped by both cognitive priors in individual perception and cultural distance between
rater and speaker.

Perceptual and Cognitive Bias. Human perception introduces non-random label noise shaped by cognitive
priors independent of the signal. Raters exhibit systematic valence biases that vary with age and modality
(Kauschke et al., 2019), and stronger implicit bias correlates with amplified neural responses to foreign-
accented speech, shifting evaluations of clarity, competence, or affect regardless of content (Yi et al., 2014).
This produces an annotator-speaker mismatch in which subgroup differences in labels emerge not from the
signal but from how raters interpret identical cues across demographics (Chien et al., [2024; |Chien & Lee)
2023). Such systematic label errors are fossilized as ground truth, so that downstream models learn and scale
annotators’ implicit prejudices.

In-Group Advantage and Cultural Distance. Labeling reliability degrades as cultural distance between
rater and speaker increases: annotators show higher accuracy and agreement for speakers from their own
demographic background and lower accuracy for accents they do not share (Papakyriakopoulos & Xiang)
2023). This distance leads raters to misclassify valid dialectal variations as ambiguity or errors, injecting
systematic noise correlated with speaker identity (Feng et al.l |2021]). Bias also enters the semantic content
of labels: gender stereotypes, such as rating female speech as more emotional, become encoded in training
labels and amplified by deployed systems (He et al.l 2026} Rizhinashvili et al., [2022)).

5.2 Model-Related Bias

Even with balanced training data, bias can arise from model-intrinsic design choices, manifesting as archi-
tectural limitations in learned representations, deterministic assumptions embedded in decoding logic,
and mechanisms specific to generative speech models.

5.2.1 Architectural Limitations and Feature Entanglement

Representation Entanglement. Standard optimization objectives in tasks such as speaker verification
often fail to disentangle speaker identity from linguistic content and environmental factors, causing speaker
embeddings to encode language-specific phonological information and misinterpret language shifts as identity
shifts (Sharmal 2024)). This entanglement has demographic consequences: gender-related performance gaps
persist across standard speaker verification architectures (Hutiri & Ding, [2022).

Tokenization and Vocabulary Bias. Tokenization is an often-overlooked bias source in end-to-end speech
models that jointly learn acoustic and linguistic representations. Byte-pair encoding tokenizers in models
such as Whisper (Radford et al. 2023) are trained predominantly on high-resource languages, yielding higher
token likelihoods for those languages and worse performance on low-resource ones (Liang et al.l |2025). The
resulting over-segmentation forces decoding over longer, less informative token sequences for underrepresented
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languages (Tripathi et al.| [2025]), and compounds in code-switching, where models degrade at language-switch
boundaries despite strong per-language performance (Liu et al.l |2026]). Because the bias lies in the learned
vocabulary rather than the training audio, more speech data cannot remedy it: sub-token utilization is shaped
more by typological and orthographic structure than by training scale (Liang et al., [2026)), so interventions
must act at the tokenization layer.

Model Compression and Capacity Bias. Compression techniques such as pruning, quantization, and
knowledge distillation can introduce or amplify demographic bias even when applied to a fair base model.
Pruning disproportionately degrades performance on underrepresented, atypical long-tail examples while
leaving aggregate accuracy largely unaffected (Hooker et al.,2019). In speech, this effect is further modulated
by architectural shape: the trade-off between model width and depth influences bias more than raw parameter
count (Lin et al., [2024b)). Fairness audits must therefore extend beyond pre-deployment evaluation of the full
model to include post-compression testing, since compression itself is a bias-introducing design choice.

5.2.2 Decoding and Post-Processing Assumptions

Hard-coded decoding heuristics apply uniformly across deployment contexts, unlike the context-dependent
failures of § Voice activity detection (VAD) thresholds misclassify dysfluent pauses as silence, and
language models trained on standard fluency probabilities over-correct repetitions; both disadvantage speakers
who stutter (Lea et all|2023). The same assumptions hurt users with cognitive conditions: individuals with
dementia need mid-utterance pauses for cognitive planning, but turn-taking algorithms misread these as
end-of-turn signals and cut off the user (Addlesee & Eshghil, 2024). The burden falls on atypical speakers,
compounding the data underrepresentation identified in §[5.1.1] (Li & Wul [2024a)).

5.2.3 Generative Model-Specific Bias

Unlike discriminative models, generative systems such as TTS, Voice Conversion (VC), spoken dialogue, and
SLLMs actively construct speaker identities, creating new bias categories. When no speaker is specified, TTS
and spoken dialogue systems default to voices aligned with dominant social groups, encoding occupational
gender stereotypes, cultural appropriation, and identity erasure into the output (He et al., [2026)). Autoregres-
sive architectures may further amplify such biases by propagating errors from early decoding steps, though
the differential demographic impact remains an open research question.

5.3 Deployment Mismatch

Deployment mismatch, corresponding to Emergent Bias in §[2.1] arises when systems validated on idealized
benchmarks fail in contexts that differ significantly from their design environment.

5.3.1 The Benchmark-Reality Gap

Sterile benchmarks mask shortcut learning: developers optimize for metrics decoupled from operational
reality, allowing models to exploit dataset artifacts such as recording devices or background noise as spurious
proxies for prediction targets. In clinical speech assessment, models may associate microphone frequency
responses with cognitive decline scores and collapse when deployed with standardized hardware (Low et al.|
2024). At production scale, audits of ASR systems reveal cohort-level performance disparities invisible in
benchmark evaluation (DHERAM et al.| [2022)).

5.3.2 Style Shift and Contextual Fragility

Rigid domain assumptions create barriers when systems trained on scripted speech face spontaneous settings.
Elderly users introduce physiological artifacts (tremors, breathiness, cognitive planning pauses) largely absent
from standard corpora (Vipperla et al., [2010). For dialect speakers, dynamic style shifting between prestige
varieties and regional vernaculars introduces phonetic and prosodic variations that produce systematic
recognition failures when models are trained only on careful, isolated speech (Markl, |2022).
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Figure 3: Intervention methods across the speech model production pipeline.

5.3.3 Environmental and Hardware Variability

Beyond channel bias in training data, deployment environments introduce variability through real-world noise
and heterogeneous hardware that interact with speaker demographics.

Noise and Demographic Interaction. Background noise degrades ASR performance unevenly across
speaker cohorts: the acoustic distance between a speaker’s pronunciation and the model’s learned prototypes
widens under noise, and this widening is systematically greater for speakers already at the margins of the
training distribution (DHERAM et al.|[2022). Common preprocessing can exacerbate this; speech enhancement
frontends may introduce artifacts that disproportionately affect underrepresented speech patterns, producing
a counterproductive cycle where denoising hurts the populations it should help (Giraldo et al., [2025)).

Device Heterogeneity. Users interact with speech systems through diverse hardware (studio microphones,
far-field smart speakers, budget smartphones) that impose distinct acoustic transfer functions. Emerging
evidence indicates hardware can interact with demographics (e.g., contact microphone placement produces
gender-dependent accuracy gaps (Konuma & Asakural 2023))), but systematic audits across device types
remain largely absent.

5.4 Cross-Source Interactions and Synthesis

While the preceding subsections present data, model, and deployment biases as analytically distinct categories,
real-world fairness failures typically involve their interaction, producing compounding effects that exceed the
sum of individual contributions. We identify three such interaction patterns.

Cascading Pipeline Effects. In speech systems, bias introduced at an upstream stage propagates to
and is amplified by downstream components in any multi-stage pipeline, turning acoustic-level failures into
semantic-level ones (Ezema et al.l 2025)).

Intersectional Compounding. Bias that appears moderate along a single demographic axis can com-
pound severely at demographic intersections (Harris et al.l [2024). Single-attribute fairness audits therefore
systematically underestimate the harm borne by those at multiple marginalized intersections.

Architecture and Data Amplification. Model design choices can selectively amplify latent data biases
rather than merely reflect them (Hutiri & Ding, |2022; [Hooker et al.l 2019). The final fairness profile of a
deployed system is thus not reducible to its training data alone, but is jointly determined by the interaction
between data composition and architectural decisions.

6 Mitigation Strategy

Research on fairness in speech technologies encompasses a broad spectrum of interventions. We organize
them by their point of action in the model production pipeline (Figure , yielding four stages. Data-
centric interventions act before any model is trained, reshaping the input distribution to address historical
underrepresentation. Feature-level methods act on representations that have already been learned,
transforming embeddings with the encoder weights held fixed. Training-level algorithms act during
optimization, modifying loss functions, gradient signals, or architectural pathways so that fairness is enforced
as representations are formed. Inference- and post-processing strategies act after deployment, adjusting
decisions without altering either the data or the model. We draw the boundary between the feature level
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and the training level by whether the encoder is modified during debiasing: feature-level methods transform
representations extracted by a fixed encoder, whereas training-level methods reshape the encoder itself
through fairness-aware optimization.

6.1 Data-centric interventions
6.1.1 Diversify and expand datasets

Systematic underrepresentation of specific speaker demographics, linguistic varieties, and pathological
conditions constitutes a primary source of algorithmic bias (Paullada et al., 2021). Addressing this sampling
bias requires not merely increasing data volume, but structurally reshaping training distributions to cover
the long tail of acoustic variation.

Participatory Data Collection. Involving marginalized communities as collaborators rather than passive
subjects improves both the ecological validity of collection protocols and the accuracy of annotation. Co-
designing recording tasks with target populations ensures that prompts, pacing, and interfaces match real
communication routines. Aging research workshops refined protocols to avoid younger-user defaults (Hu
et al.l 2025Db)); Project Euphonia adapted interfaces to dysarthric speakers’ fatigue constraints (MacDonald
et al., 2021; [Martin et al., [2025)); and co-design frameworks empowered low-resource language communities to
set culturally grounded collection criteria (Huaman et al., [2026; Emezue et al., [2025). Granting communities
authority over annotation is equally important. Standard labeling pipelines often fail for non-standard dialects
and low-resource languages because annotators lacking lived context may normalize forms or mistranscribe
code-switching (Harris et al., 2024; Martin & Wright, [2023). Community-led curation, from NaijaVoices’
native-speaker transcription conventions (Emezue et al.l |2025)) to Common Voice’s crowdsourced validation
(Ardila et al. |2019), reduces such label noise and improves representativeness for minoritized speakers (Kuhn
et al., 2020; |[Mitra et al, 2016; [Reitmaier et al.| [2024; Li & Wu, [2024D).

Augment Data. When collection is infeasible, augmentation can populate sparse acoustic regions via
synthesis or signal transformation. For clinical speech, TTS-based synthesis generates utterances that preserve
speaker and disorder characteristics: Aty-TTS (Wang et al.|2023a) for Spoken Language Understanding (SLU)
and TTDS (Leung et all 2024)) for dysarthric ASR. VC extends this to low-resource languages by producing
dysarthric variants without target-language clinical data (Li et al., [2025a)), and StutterAug (Singh Yadav
et al., [2024a) simulates disfluencies to reduce the elevated false positive rates that synthetic speech detectors
exhibit on speech-impaired speakers. For accent fairness, cross-lingual VC generates non-native variants
(Zhang et al.l 2022¢} 2023b)); combining VC with speed perturbation and SpecAugment can yield measurable
bias reduction for non-native-accented ASR (Zhang et al 2023c|). For age-related gaps, VC-based methods
convert adult speech into child-like variants or increase inter-child diversity (Zhang et al.l |2024b; [Zhao
et al., [2023}; [Singh et al. |2021; Shahnawazuddin et al., |2020)), while vocal tract length normalization and
speed perturbation address broader age and accent disparities (Patel & Scharenborg, [2023]). Pitch and
formant manipulation address gender data imbalance by augmenting underrepresented f0 ranges (Fucci et al.|
2023). These techniques can also operate without demographic labels: Lépez et al. (Lépez et al., 2026)
pair spectrum-level augmentation with knowledge distillation to reduce demographic disparity in wake-word
detection.

Both strategies have inherent limits. Participatory collection is costly and difficult to scale beyond individual
communities, while synthetic augmentation risks introducing generator artifacts that do not reflect the true
acoustic distribution of the target group, potentially trading one form of bias for another.

6.1.2 Strategic Resampling and Rebalancing

While expanding datasets is ideal, addressing imbalances in existing corpora often necessitates strategic
resampling. The standard empirical risk minimization (ERM) objective naturally biases optimization towards
majority groups, as their gradients dominate the parameter updates. Resampling techniques interventionally
alter the training distribution, typically via downsampling majority cohorts or upsampling minority ones, to
ensure that underrepresented acoustic profiles exert a proportional influence on the learning trajectory.
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In the speech domain, this strategy serves as a critical baseline across diverse tasks. For ASR and SV,
rebalancing the training distribution, whether by downsampling dominant cohorts or oversampling under-
represented ones, has proven effective in mitigating bias across gender (ElGhazaly et al 2025; |[Fenu et al.|
2021)), age (Maison & Esteve, [2023), and accent (DHERAM et al., [2022; |Garg et all 2024; Estevez &
Ferrer} 2023). By preventing the model from collapsing into majority-class priors, this approach effectively
equalizes performance metrics such as False Rejection Rates. Furthermore, in pathological speech detection,
rebalancing represents a necessity rather than a simple optimization heuristic. Healthy recordings dominate
clinical corpora, and classifiers trained on such skewed data perform poorly on the pathological minority class;
undersampling the healthy majority or oversampling the minority substantially recovers this performance
(Nunez-Vidal et al., 2024; Lee & Lee, [2023; [Zhang et al.l [2022b)).

However, resampling is not without cost. Aggressive downsampling improves fairness metrics often at the
expense of data efficiency and potentially global accuracy, as it discards informative samples. Conversely,
naive upsampling risks overfitting to the limited diversity of minority examples. These costs also help explain
why ASR work rarely downsamples healthy speech, repurposing it instead as an augmentation resource for
underrepresented groups.

6.1.3 Data selection and curriculum learning

Strategic resampling corrects quantitative imbalance, but treats all samples within a group as equally
informative. Data selection and curriculum learning complement resampling by focusing on the utility
of individual samples: a hard or underrepresented example provides more valuable gradient information than
an easy or prototypical one. Therefore, these algorithms dynamically prioritize samples based on learning
difficulty, diversity, or uncertainty.

Error-Driven Prioritization. Approaches inspired by the Just Train Twice framework (Liu et al.,[2021a)) use
training difficulty as a proxy for marginalization. In speech, the same principle supports selective preprocessing
that is applied only under disparity-inducing conditions, such as DENOASR’s targeted denoising (Rai et al.,
2024)). It also motivates gap- and divergence-aware data reallocation, including privacy-preserving selection
and acquisition policies that prioritize collecting or labeling utterances most likely to close subgroup gaps under
limited budgets (Koudounas et al.l |2025bza); 2024a3b). Complementarily, confidence-guided augmentation can
inject counterfactual diversity around low-confidence regions, as in CO-VADA (Tsai et al., [2025)).

Targeted Subset Selection. When computational or annotation budgets are constrained, selecting the
mathematically optimal subset for fairness becomes critical. Algorithms like DITTO (Kothawade et al.; 2023)
utilize submodular mutual information to curate training batches that maximize acoustic diversity while
matching a target distribution.

Fairness-Aware Active Learning. Unlike static filtering, active learning dynamically triggers the acquisition
of new labels to address representation gaps. An active-learning approach for accent adaptation prioritizes
utterances matching the target dialect by augmenting uncertainty sampling with a cross-entropy relevance
criterion (Nallasamy et al. [2012]).

6.1.4 Counterfactual Data Augmentation

Counterfactual data augmentation operationalizes causal fairness by synthesizing matched “what-if” speech
pairs where a sensitive attribute is altered while task-relevant attributes remain fixed (Kusner et al.| |2017)).
The pairs either enforce consistency regularization, penalizing the model when its predictions change between
factual and counterfactual inputs, or simply rebalance the training data with attribute-flipped copies.

In ASR, Counterfactually Fair ASR (Sar et al.,|2021) flips gender, age, education, and race via adversarial
auto-encoder voice conversion and trains with the consistency penalty. Fucci et al. (Fucci et al.| 2023|) achieve
the flip with signal processing alone, shifting f0 and formants across gender-typical ranges; ablations confirm
that the cross-gender flip, not generic pitch perturbation, drives the fairness gain. Voice-preserving accent
conversion extends the idea, turning native utterances into seven non-native accents, though gains are limited
to accents seen during augmentation and vanish for models pretrained on native speech (Klumpp et al., 2023).
CO-VADA (Tsai et al) 2025) addresses bias in SER by generating identity-shifted counterfactuals, forcing
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the model to unlearn spurious correlations between vocal timbre and emotion labels. However, not every
conversion-based augmentation is counterfactual. Since conventional voice conversion preserves the accent
of its source speech, Zhang et al. (Zhang et al.| 2022¢; [2023Db|) flip speaker identity while the accent stays
fixed, diversifying voices within the underrepresented group rather than constructing counterfactuals over the
sensitive attribute. All these methods assume the transformation alters only the target attribute; in practice,
conversion systems also perturb correlated factors such as prosody and speaking rate, weakening the causal
validity of the counterfactuals.

6.2 Feature-level methods

These methods offer a lightweight alternative to full retraining: they can be applied retroactively to any
pretrained model, making them especially attractive for large self-supervised systems where end-to-end
optimization is prohibitive.

6.2.1 Geometric Subspace Projection

Geometric approaches offer a stable alternative to adversarial training, removing sensitive directions from the
embedding space with closed-form linear algebra. Krishnan et al. (Krishnan et al.| 2024) identify a “bias
subspace” of directions maximally correlated with sensitive attributes in self-supervised models and project
embeddings onto its orthogonal complement, removing demographic leakage without retraining or with little
loss of linguistic utility. A privacy-motivated variant whitens x-vectors along the sex-discriminant direction,
removing most gender information (Noe et al., [2022). The operation itself is native to speaker verification,
where nuisance-attribute projection has removed channel and language variability for two decades (Solomonoff
et al.l 2004} [Silnova et al., [2022); fairness redirects it at demographic subspaces. However, such projections
remove only linearly encoded bias; nonlinear demographic information may survive.

6.2.2 Feature reweighting

Feature suppression approaches aim to explicitly localize and attenuate bias-encoding dimensions. These
methods operate on the hypothesis that sensitive attributes are concentrated in specific spectro-temporal
regions or latent feature subsets. By identifying and masking these "biased regions," models are forced to rely
on robust, invariant cues. Realizations of this strategy employ saliency-driven gradient localization to identify
input patches correlated with age or accent, thereby redirecting the model’s focus toward intrinsic task
features (Wang et al.| |2023c; [Sameti et al, 2026)). The same principle extends to hand-crafted feature sets:
Yang et al. (Yang et al.,|2024)) use statistical tests to rank eGeMAPS features by their gender discriminability
and remove the most correlated ones, reducing gender-dependent prediction disparities.

While computationally more stable than adversarial training, these methods face the localization bottleneck.
They rely heavily on the fidelity of the attribution method. If the bias regions overlap with content regions,
such as when gender cues are entangled with emotion pitch, suppression can lead to significant degradation
in task utility.

6.2.3 Model compression

Model compression techniques such as pruning, quantization, and distillation can implicitly regularize away
spurious correlations by reducing model capacity, thereby limiting the encoding of demographic cues that
drive unfair predictions. Compressed models often correlate less with sensitive attributes (Xu & Hu, 2022]),
and in speech SSL representations, row pruning provides the most consistent debiasing effect (Lin et al.,
2024b)). However, indiscriminate compression risks “disproportionate forgetting,” concentrating performance
degradation on underrepresented subgroups (Hooker et al., [2019; [Proskurina et al., [2023). Strictly speaking,
compression modifies encoder weights and thus sits at the boundary of our feature-level definition; we group
it here because it is applied post hoc to a trained model without fairness-specific retraining.

Compared with NLP, where iterative nullspace projection (Ravfogel et al.l [2020) and closed-form linear

erasure (Belrose et al., 2023|) have become standard post-hoc debiasing tools, feature-level methods in speech
remain few. Speech embeddings are continuous and variable-length, and demographic cues tend to be more
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tightly entangled with linguistic content than in text representations, making direct adaptation of these
algebraic techniques a nontrivial and largely unexplored problem.

6.3 Training-level algorithms

This is the largest category in the speech fairness literature. We order the methods along a spectrum: from
suppressing demographic information in the learned representation, through constraining the loss function
for equitable outcomes, to explicitly incorporating demographic knowledge into the model, and finally to
adapting pretrained models for underserved subgroups.

6.3.1 Adversarial Disentanglement

Adversarial disentanglement formulates fairness as a minimax optimization problem. The goal is to learn
a representation that maximizes utility for the primary task while minimizing the information available to
an auxiliary discriminator regarding sensitive attributes. Formally, this is typically achieved via a Gradient
Reversal Layer (GRL)(Ganin & Lempitskyl}, 2014), which encourages the encoder to remove demographic
leakage, thereby learning representations that are invariant to group membership (Madras et al., [2018)).

Standard Gradient Reversal Framework: The foundational strategy employs a simple GRL to backprop-
agate negative gradients from a sensitive attribute discriminator. This baseline architecture is widely used to
normalize acoustic variability in ASR (Sun et al.| 2018} (Tripathi et al., 2018} [Hsu et al.l |2024; |Shrivastava et al.
2025} Woszczyk et al.l [2020; [Das et all [2021)), align representations across speaker groups (e.g., child-adult)
(Lahiri et al., |2020), and enforce age-invariance in SV (Qin et al.; 2022)). In paralinguistic tasks, it serves to
strip gender or identity cues from depression detection (Kim et al.l |2025b), and SER models (Chien & Lee,
2023; |[Kasun et al.l [2022; [Upadhyay et al., |2025}; |Cai et al., |2021)). The same principle extends to music: Gu
et al. (Gu et al., |2023) combine adversarial training with conditional alignment to enforce gender invariance
in singing voice transcription.

Generative and Reconstruction-Based Architectures: To prevent feature collapse, generative ap-
proaches enforce a reconstruction constraint alongside the adversarial objective. For instance, AIPNet (Chen
et al., 2020) and DAAE (Gao et all [2021) utilize generative adversarial pre-training to separate accent-
or speaker-invariant features. Similarly, LR-VAE (Huang et al.| [2021) and FS-VAE (Huang et al.| |2022b)
integrate GRL-based adversarial purification with variational autoencoder (VAE)-style reconstruction to
suppress sensitive-attribute leakage without discarding essential speech information.

Attention-Guided Adversarial Learning: Standard GRL applies uniform gradient reversal to all frames,
which can under-suppress bias cues concentrated in specific regions. Attention-guided variants address this by
learning to focus the adversarial signal on bias-salient dimensions. AADIT (Meng et al., 2019) weights deep
features by their importance to domain classification, while AANet (Yang et all 2022al) adds an adaptive
attention module after the encoder to selectively remove accent information. Both reduce ASR. disparities
across recording conditions and accents, respectively.

This family carries two known caveats. Minimax optimization can be unstable and sensitive to the discrimina-
tor’s capacity, and the removal is often incomplete, since post-hoc probes can still recover sensitive attributes
from adversarially purified representations (Elazar & Goldberg, 2018)).

6.3.2 Geometric Alignment via Contrastive Learning

Contrastive debiasing mitigates bias by shaping the embedding geometry to enforce invariance, ensuring that
samples sharing the same target label are aligned across diverse demographic groups while attribute-specific
variability is suppressed. One paradigm relies on supervised cross-group pairing, where models explicitly align
representations of parallel utterances that share task annotations but differ in sensitive attributes like accent
or gender (Han et al., 2021} |Chien et al., 2024). In contrast, alignment without parallel data regularizes latent
clusters or distributions to prevent the geometric isolation of underrepresented subgroups, though group
labels may still be required (Koudounas et al. |2024a}; [Kim et al., [2025a). Advancing to finer granularity,
frameworks like DyPCL apply these objectives at the phoneme level, capturing local acoustic nuances critical
for clinical or atypical speech conditions (Lee et al.| [2025b)).
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6.3.3 Optimization Objective Modification

This paradigm alters the loss function or gradient update trajectory to constrain the model’s behavior,
ensuring equitable performance across groups without necessarily changing the model architecture.

Regularization for Distribution Parity. These approaches augment the standard training objective with
a penalty term, formulated as Liotai = Ltask + AL fqir, to constrain the model’s optimization trajectory toward
fairness. Depending on the specific task requirements, these constraints target either statistical independence
or error rate parity.

To enforce demographic parity, researchers penalize the divergence of model predictions; for instance, Kim
et al. minimized the Wasserstein distance between demographic subgroups in automated video interviews
(Kim et al.l |[2023b)), while Chattoraj et al. utilized a heterogeneity regularizer in public speaking assessment
to decouple sensitive attributes from performance ratings (Chattoraj et al., 2020)). Conversely, when enforcing
equalized odds (equal error rates are preferred), approaches like FairM2S integrate equalized odds constraints
into a meta-learning framework to penalize gender-dependent disparities in stress detection (Shelke et al.,
2025). Similarly, for ASR, Gao et al. proposed a modified Inclusive CTC loss to balance recognition
performance across diverse accents (Gao et al., 2022)). In general, similar objective-based regularization
strategies have been successfully applied to mitigate bias in SV (Sharmaj [2024) and SER (Gorrostieta et al.,
2019; [Lin et al., |2025¢; |Chou et al.,|2024). Going further, minimax-style variants move beyond a fixed criterion
and instead penalize the worst-case inter-group gap: ERM-MinMaxGAP (Pang et al.,|2026) minimizes the
largest male-female loss disparity across languages in SLM-based SER.

Reweighting and Distributionally Robust Optimization (DRO). These methods adjust per-sample
contributions to the loss to counteract data imbalance. Static approaches use inverse-frequency weighting,
while dynamic variants train an auxiliary bias-capturing model that upweights samples conflicting with
majority shortcuts (Lin et all [2025c|), or employ an adversarial network to surface and reweight poorly
performing demographic groups (Jin et al.l [2022). DRO formalizes this intuition by directly optimizing
worst-case subgroup performance(Sagawa et al., [2020); CTC-DRO (Bartelds et al., [2025) further adapts
group DRO to CTC-based multilingual ASR; EMO-Debias (Lin et al., 2025¢) applies DRO to strictly bound
error rates of the most disadvantaged groups in SER. When demographic labels are unavailable, unsupervised
cluster-guided methods infer latent acoustic subgroups as proxies, discovering and upweighting emerging
worst-case clusters in ASR, IC, and SER (Veliche & Fung, 2023; [Koudounas et al.| [2024a} [Lin et al.| [2025D).

Information-theoretic constraint. Information-theoretic approaches reduce bias by explicitly formulating
fairness as an optimization of the Information Bottleneck (Colombo et al. [2023). The objective is to learn a
representation that maximizes mutual information (MI) with task-relevant information while minimizing
MI with sensitive cues. A recent application is WavShape (Baser et al. [2025]), which uses MI estimators
(Belghazi et al., |2018) to suppress sensitive information and preserve linguistic content, yielding privacy-aware
and demographically invariant speech representations. However, MI is difficult to estimate reliably in high-
dimensional continuous embeddings; variational estimators can be sensitive to critic capacity, batch size, and
optimization, and may require careful tuning to avoid unstable training (McAllester & Stratos| [2020]).

6.3.4 Explicit Attribute Modeling

Rather than ignoring sensitive attributes, this paradigm explicitly incorporates them into the model to
account for systematic variations in speech production.

Bias-Aware Conditioning. These methods supply demographic or speaker identity signals as additional
model inputs so that the network can account for systematic variation across groups. At the group level,
conditioning signals include discovered speaker-cohort membership for ASR (DHERAM et al., [2022)), parallel
group-adapted encoders with score fusion for SV (Shen et al., |2022)), and one-hot-encoded age, gender,
and education attributes fused with acoustic embeddings via adaptive gating for cognitive screening (Cog.)
(Zolnoori et al., [2025)). In speech translation, Gaido et al. (Gaido et al.| |2023)) inject speaker gender metadata
and gender-specific external language models to prevent masculine-default outputs, while Bansal et al. (Bansal
et al., [2025]) eliminate the explicit gender input by fine-tuning on LLM-corrected references so the model
infers gender from acoustic cues alone. For low-resource dialects, Tsai et al. (Peng et al.l |2026) condition ASR
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on dialect embeddings to bridge performance gaps across Hakka varieties that standard models underserve.
At the individual level, Triantafyllopoulos and Schuller (Triantafyllopoulos & Schuller] |2024) use attention
over enrollment utterances to personalize emotion recognition, capturing individual idiosyncrasies that coarse
group labels miss.

Multi-task Learning (MTL) and Auxiliary Learning. While adversarial disentanglement (§6.3.1)) strips
demographic cues to achieve invariance, MTL takes the complementary view that explicitly modeling group
variation as a structured factor better serves tasks where demographic differences entail legitimate acoustic
variation. By jointly optimizing the primary objective alongside auxiliary heads that predict group-related
attributes, the shared encoder is forced to capture subgroup-specific patterns rather than overfitting to the
dominant demographic (Wang & Sun, 2024; Montalvo et al., 2020; Peri et al., |2023)). In accented ASR,
auxiliary accent classification heads compel the model to distinguish valid pronunciation variants from
recognition errors, boosting accuracy for non-native speakers (Zhang et al., 2021; Xiao et al.l [2025) and
dialects (Zhao et al.l|2019; Imaizumi et all [2022} [Dan et al.,[2022). The same principle extends to low-resource
language transfer (Yolwas & Meng), 2023) and multilingual TTS, where a language identification auxiliary
preserves prosodic structures for diverse inputs (Zhang et al.| [2022a).

Interpretable Feature Routing. Rather than soft conditioning or auxiliary losses, Fair-Gate (Qu et al.|
2026) introduces learnable routing masks that split intermediate features into identity and sex branches,
combined with risk equalization across sex groups to close SV performance gaps.

Most methods in this subsection presuppose demographic annotations at training time, whether as conditioning
signals, auxiliary labels, or routing targets; the individual-level enrollment scheme above (Triantafyllopoulos
& Schuller| [2024) is the rare exception, replacing group labels with the target speaker’s own recordings. For
the rest, missing or privacy-restricted annotations block training outright, while noisy annotations degrade
the learned group models.

6.3.5 Targeted Adaptation Strategies

Standard training on pooled data often overfits to the majority distribution. Rather than retraining from
scratch, targeted adaptation strategies selectively update a pretrained model, whether through partial fine-
tuning, parameter-efficient modules, or dynamic routing, to recover performance on underserved subgroups.
In pronunciation assessment, for example, Nijat et al. (Nijat et al.l 2026)) show that the native-norm ground
truth used by standard mispronunciation detectors is itself a fairness risk. Selectively fine-tuning only the
phonetic module on target population (L2) speech shifts the reference to a listener-adapted norm, improving
both detection accuracy and cross-L1 parity.

Parameter-Efficient Fine-Tuning (PEFT). PEFT learns small, subgroup-specific parameter updates
on top of a shared backbone, capturing missing acoustic factors without overwriting general competence.
Residual adapters that update less than 0.5% of parameters were first shown to match full fine-tuning for
atypical and accented speakers (Tomanek et al., 2021)). Subsequent applications span child speech (Liu et al.|
2024]), speakers with autism spectrum disorder (Park & Lee| |2025)), per-speaker adapter fusion for dysarthric
ASR (Qi & Van hamme) 2023)), and inclusive Low-Rank Adaptation (LoRA) for low-resource groups (Acharya
et al., 2025).

Beyond adapting to a single target group, PEFT can embed fairness objectives directly: Swain et al. (Swain
et al.l 12026)) couple fairness-prompted adapters with Spectral Decoupling, group DRO, and invariant risk
minimization to equalize WER across 26 L2 accent groups, while benchmark evidence from SER shows that
LoRA improves demographic fairness alongside accuracy relative to other PEFT variants (Feng & Narayanan)
2023). A known risk is that naive subgroup finetuning can overfit to a handful of speakers, creating new bias;
factorized deficiency adapters mitigate this by improving within-subgroup generalization (Hu et al., [2024a)).

Mixture-of-Experts (MoE) Routing. Instead of assigning a fixed adapter per subgroup, MoE learns a
router that dynamically selects or combines experts per input, allowing subgroup structure to emerge from
the data. Hu et al. (Hu et al.,|2025a)) initialize experts with severity- and gender-conditioned adapters and
learn on-the-fly routing over HuBERT /WavLM for dysarthric ASR. MOPSA (Deng et al., |2025) clusters
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speaker-adaptive prompts into prompt-experts via k-means and routes them at both the encoder and decoder
levels of Whisper for elderly speech.

Both paradigms assume that subgroup boundaries are either known a priori (PEFT) or at least partially
discoverable from acoustic clustering (MoE). When subgroup definitions are ambiguous or shift across
deployment contexts, the resulting specialization may not transfer.

6.4 Inference and post-processing

Unlike training-centric approaches that require computationally expensive model retraining, inference-time
interventions operate during the deployment phase. These methods mitigate bias by adapting the input
signal, guiding the decoding process, or calibrating the final output scores. They offer a "plug-and-play"
mechanism for fairness, particularly valuable when accessing model parameters is infeasible.

6.4.1 Test-time Input Adaptation

While voice conversion is used at training time to construct counterfactual pairs (7 it can also serve as a
real-time preprocessing step that neutralizes demographic cues before the signal reaches the downstream model.
Rizhinashvili et al. (Rizhinashvili et al., [2022) apply voice transformation to strip gender-specific characteristics
from speech, Alhumud et al. (Alhumud et al., 2024)) use VC to transform accented speech toward a native
accent, and Székely et al. (Székely et al., |2023) synthesize gender-ambiguous voices whose prosodic cues are
neutralized. These methods work because deployed models are most accurate on the majority-group speech
that dominates their training data; converting underrepresented inputs toward majority-group characteristics
can therefore recover performance without new data or retraining. The same mechanism is also this family’s
normative weakness. Adapting the user rather than the model enacts the acoustic assimilation critiqued in
§3-2] trading representational harm for recognition accuracy, and is therefore best treated as a pragmatic
stopgap when the model itself cannot be modified.

6.4.2 Test-time Representation Intervention

Rather than adapting inputs or parameters, these methods directly manipulate frozen model representations
at inference time to reduce demographic disparities. Nachesa and Niculae (Nachesa & Niculagl [2025) augment
Whisper (Radford et al., [2023) with a token-level k-nearest-neighbor datastore and show through explicit
demographic analysis that retrieval-augmented decoding yields differentiated WER improvements across
gender, accent, and age groups. In a different vein, activation steering injects learned directional vectors
into targeted hidden layers without modifying weights. Sun et al. (Sun et al., |2026|) extract accent-induced
mean-shift directions and inject them into encoder layers, achieving consistent WER reductions across eight
accents. Yang and Hansen (Yang & Hansen| 2026) extend this to zero-shot TTS by steering activations to
produce accent-neutralized synthesis.

6.4.3 Test-time Parameter Adaptation

These methods estimate a small set of subgroup-dependent parameters from test data at inference time,
specializing the model for underrepresented demographics without full retraining. On-the-fly feature-based
Learning Hidden Unit Contributions (f-LHUC) (Geng et al.l 2023;|2025)) derives speaker-dependent transforms
and variance-regularized spectral basis embeddings from minimal dysarthric or elderly test audio, reducing
WER without gradient-based optimization. For children’s speech, Shi et al. (Shi et al.l 2025 show that
applying prior Test-time Adaptation (Lin et all|2022; [Kim et al.l [2023a)) methods can meaningfully narrow
the child—adult performance gap.

6.4.4 Decoding and Rescoring Strategies

Modifying the search or scoring process at inference time can correct demographic disparities without
retraining. Cross-utterance rescoring (Tankasala et al.l |2023]) builds an acoustic similarity graph across
utterances from multiple speakers and applies label propagation so that high-confidence hypotheses from
well-served accents guide recognition of underrepresented ones, explicitly mitigating majoritarian bias.
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Complementarily, Southwell et al. (Southwell et al., [2024) add a speed-aware rescoring term to beam search
that penalizes hypotheses deviating from expected child speaking rates, providing an additional decoding-time
gain on top of model fine-tuning for child ASR.

6.4.5 LLM-Driven Correction

Leveraging the semantic reasoning of frozen LLMs, recent frameworks mitigate bias through inference-time
post-processing rather than expensive model retraining. In medical domains, context-aware prompting and
Chain-of-Thought reasoning have proven effective in mapping accent-induced phonetic errors back to valid
terminology for non-native speakers (Fatapour et al., 2025; |Adedeji et al., |2025)). Parallel efforts extend
this zero-shot capability to dysarthric speech, utilizing multimodal LLMs to decode disordered patterns and
bridge the digital divide for users with disabilities (Alsayegh & Masood, [2025)).

6.4.6 Threshold calibration

Threshold calibration adjusts decision boundaries or score distributions after training to equalize error rates
across demographic groups (Hardt et al., [2016)). In SV, a single global threshold disproportionately harms
underrepresented groups: calibration performance degrades far more severely than discrimination performance
on out-of-domain accents (Estevez & Ferrer, |2023]), and the choice of operating point further reshapes the
fairness-security-usability trade-off across demographic groups (Fenu et al., [2020al). Bias audits confirm that
such disparities persist throughout the decision pipeline (Hutiri & Ding}, [2022). Crucially, these disparities
can be mitigated without modifying the underlying model. Jain and Wang (Jain & Wang], [2021)) fit gender-
and age-specific decision thresholds on held-out scores from a frozen SV system, reducing false rejection rates
for disadvantaged subgroups. Estevez et al. (Estevez et al., |2025)) similarly apply group-specific posterior
calibration to a fixed voice disorder detector, correcting age- and gender-dependent miscalibration that
global metrics fail to reveal. Because only the post-hoc score-to-decision mapping changes, both methods are
applicable at inference time to any pre-trained system.

6.4.7 Prompting and In-Context Adaptation

With the advent of Large Audio Language Model (LALM), fairness can be elicited through context manipula-
tion rather than parameter updates. Peng et al. (Peng et al.l |2023) utilize discrete prompting, demonstrating
that injecting task-specific tokens effectively activates dormant capabilities for code-switching and minority
linguistic patterns. Advancing to demonstration-based learning, Roll et al. (Roll et al.l |2025) and Wang
et al. (Wang et al., |2024al) show that prepending interleaved audio-text or speech-only exemplars enables
robust zero-shot adaptation for low-resource English and Chinese dialects, respectively. To address severe
data scarcity, Hsu et al. introduces SMILFE to meta-learn adaptation cues from unlabeled audio, while Li
and Niehues leverage Multimodal In-Context Learning (MICL) to facilitate cross-lingual transfer for unseen
languages by synergizing speech and text contexts (Li & Niehues| 2026)). Collectively, these mechanisms
allow frozen models to dynamically align with diverse demographic subgroups during inference, offering
a scalable and efficient alternative to computationally expensive fine-tuning. These ideas also extend to
generation: CLARITY (Poon et al., 2026) combines LLM-guided text localization with retrieval-augmented
accent prompting to mitigate accent bias in zero-shot TTS.

Table 5: Summary of mitigation strategies for speech fairness. Paradigm follows Rob. =robustness; Rep. =representation;
Gov. = governance. Bias Source follows Data = data-related bias (§5.1); Entangl. = feature entanglement (§5.2.1); Capac-
ity = capacity limitations (; Decoding = decoding assumptions (§5.2.2)); Deploy. = deployment mismatch (§5.3). Super-
vision: signal required beyond task labels. Model Req.: None = data-only; Post-hoc = applied to a trained model without
retraining; Loss =loss change; Arch. = architecture change; Infer. = inference-time access.

Strategy Paradigm Bias Source Supervision Model Req. Tasks Rep. Work

A. Data-centric interventions

Diversify & expand  Rob., Gov. Data Task labels None ASR, SLU, (Wang et al.l 2023a}
SSD Leung et al.| 2024}

Zhang et al. [2022¢)
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Strategy Paradigm Bias Source Supervision Model Req. Tasks Rep. Work
Strategic resampling Rob. Data Group labels None ASR, SV, SER (DHERAM et al.l,
[2022; |[Estevez &
azaly et al.
[2025)
Data selection & Rob. Data Loss signals None ASR, SER, IC (Koudounas et al.
curriculum 2025b; [ Kothawade |
et al.| 2023
Counterfactual Rob., Rep. Data / Entangl. Paired data None ASR, SER (Sar et al.| [2021
augmentation Fucci et all, [2023}
Tsai et al} [2025)
B. Feature-level methods
Geometric projection Rob., Rep. Entangl. Group labels Post-hoc ASR, SV Krishnan et al.}
Feature reweighting  Rob., Rep. Entangl. Attribution Post-hoc ASR, clinical
maps
Model compression Rob. Entang]l. Task labels only Post-hoc ASR
C. Training-level algorithms
Adversarial Rob., Rep. Entangl. Group labels Arch. ASR, SV, (Sun et al., 2018
disentanglement SER, clinical |[Qin et al., 2022; [Kim
et al., |2025b)
Contrastive Rob., Rep. Entangl. Group labels /  Loss ASR, SER, (Han et al.; 2021}
alignment unsup. clinical Kim et al.)
Lee et al.| |2025b
Objective Rob. Data / Entangl. Group labels /  Loss ASR, SV, (Gao et all
modification unsup. SER, IC Bartelds et al., [2025
Shelke et al.} [2025
Explicit attribute Rob., Rep. Capacity Group labels Arch. ASR, SV, ST, (DHERAM et al.
modeling SER, Cog., 2022; [Shen et al.|
TTS 2022; |Qu et al., [2026)
Targeted adaptation Rob. Capacity Group labels / Arch. ASR Swain et al., 2026
clusters Hu et al.l 20252
D. Inference and post-processing
Input adaptation Rob. Entangl. / None Infer. SV, ASR (Rizhinashvili et al.l,
Deploy. 2022} |Alhumud et al.}
2024
Representation Rob., Rep. Capacity / Datastore / Infer. ASR, TTS (Nachesa & Niculae
intervention Entangl. directions 20255 [Sun et al.|
2026
Parameter Rob. Deploy. Unlabeled test Infer. ASR Geng et al. 2023
adaptation data Shi et al.| 2025
Decoding & rescoring Rob. Decoding Task heuristics  Infer. ASR Tankasala et al.
[2023; [Southwell
et al., [2024)
LLM-driven Rob. Data / Entangl. None (ext. LLM) Infer. ASR (Fatapour et al.l
correction [2025} [Alsayegh &
Masood, 2025
Threshold calibration Rob. Decoding Group labels Infer. SV, clinical (Jain & Wang, [2021}
[Estevez et al.l [2025)
Prompting & ICL Rob. Deploy. Few-shot Infer. ASR, TTS Peng et al.} |2023}
exemplars Poon et al., [2026

Summary. Table [5| maps each strategy to the paradigm it serves (, the bias source it targets (, the
supervision it requires, the level of model access it assumes, and the tasks on which it has been validated.
We subdivide model-related bias into feature entanglement, capacity limitations, and decoding assumptions
because each gives rise to a distinct mitigation family; data-related and deployment bias are kept at the
coarser level because their sub-sources do not differentiate mitigation strategies in the same way.

Three patterns emerge. First, all 19 strategies serve robustness, but only seven also address representational
fairness, and only one touches governance, reflecting the field’s heavy tilt toward performance parity. Second,
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feature entanglement attracts the widest range of solutions across all four pipeline stages, while deployment
mismatch remains under-addressed with only inference-time methods available. Third, no single stage is
sufficient: data interventions cannot prevent biases introduced by the model itself, training-level algorithms
frequently require demographic annotations that may be unavailable or privacy-sensitive, and inference-time
methods can only partially compensate for a frozen model’s learned biases. These complementary gaps
motivate the open challenges discussed next.

7 Challenge and Future Work

We identify seven open directions, ordered by their dependencies.

Standardized reporting (§7.1) and corpus governance ( provide the empirical and legal prerequisites for
subsequent technical scaling. Without the high-fidelity metadata and non-extractive pipelines they establish,
the field cannot reliably navigate the Pareto frontier (§7.3]) or leverage controllable data synthesis (§7.4)
without compromising user trust. These data-centric foundations, in turn, facilitate surgical model-level
innovations: advancements in mechanistic interpretability (§7.5) and test-time adaptation ( depend on
the robust, well-documented baselines established in preceding layers to enable precise, real-time interventions.
Finally, fairness for generative AI (§7.7) represents a holistic frontier that integrates these dependencies,
necessitating a systemic rethinking of accountability across the entire sociotechnical pipeline.

7.1 Standardized Reporting Protocols

Rigorous comparison across multidimensional fairness benchmarks depends critically on standardized reporting
protocols. Without sufficient contextualization, fairness claims remain difficult to interpret and can be actively
misleading (Blodgett et al., [2020)). To address these ambiguities, the field necessitates the establishment of
a systematic reporting framework(Richter et al., [2024]) that directly targets the data-related bias sources
identified in encompassing three categories of speech-centric metadata.

First, recording context must be documented to address channel bias (§5.1+2). This includes channel
characteristics and acoustic environments, such as whether speech is captured through telephony systems
or studio-quality microphones (Gong et al., [2023)). Second, sociolinguistic profiles are required to mit-
igate demographic underrepresentation and linguistic disparities (§5.1}1). These profiles should capture
essential variables, including language variety and speaker proficiency, which substantially influence sys-
tem behavior (Richter et al., [2024). Third, annotator demographics should be disclosed to surface
potential annotation subjectivity (3) and cultural alignment bias in the construction of ground truth
labels (Sachdeva et al., [2022). Standardizing these metadata forms enables researchers to distinguish gen-
uine algorithmic improvements from dataset-specific artifacts, ensuring that robustness is evaluated with
appropriate sociotechnical nuance.

7.2 Ethical Corpus Governance

Building on the governance framework established in which identified data sovereignty as a foundational
governance requirement, future research must shift from conceptual advocacy toward technical and institutional
implementation. While achieving robust performance requires diverse data, scaling collection without formal
governance risks perpetuating the extractive practices and procedural unfairness identified in our systemic
analysis. Addressing this imbalance requires operationalizing non-extractive data pipelines grounded in
frameworks such as data trusts and the CARE principles (Carroll et al., 2020).

Unlike static open-source datasets, data trusts function as institutional intermediaries that enable marginalized
communities to retain ongoing consent and meaningful control over how their biometric data is used (Couldry
& Mejias), 2019). To balance such governance with the need for reproducible benchmarks, the field should
prioritize the development of federated evaluation protocols (Zhang et al., |2023al), where models are
audited within community-held environments rather than requiring centralized data aggregation.

Finally, governance must extend to equitable benefit sharing through granular licensing and structural
reciprocity. Rather than relying on generic open-source licenses, the field should adopt community-specific
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licenses that incorporate veto rights over high-stakes commercial applications or the use of Traditional
Knowledge Labels(Christen, |2015)) to assert ongoing authority over data derivatives. Furthermore, economic
value redistribution can be operationalized through royalty-based revenue models(Kukutai & Taylor} 2016) or
mandatory reinvestment of licensing fees into community-led language revitalization infrastructure, ensuring
that the progress of Speech Al provides direct, tangible returns to the linguistic groups involved.

7.3 Scalable Multi-Objective Evaluation

Fairness and utility trade off along several axes at once (Selbst et al., [2019a)), including competing fairness
criteria, task performance, and operational cost such as inference latency. Because most evaluations still
report a single criterion in isolation, they hide the Pareto frontier on which fairness-utility configurations
sit (Martinez et al. [2020), motivating multidimensional benchmarks that measure several fairness criteria
alongside utility and cost (Lin et al., 2025c]).

However, navigating this Pareto frontier is inherently search-intensive: identifying optimal fairness-utility
configurations requires evaluating a large number of candidate solutions under multiple criteria simultaneously.
Standard human-centric metrics such as Apos (§4), as well as subjective listening tests used to assess
perceived bias and offensiveness across demographic groups (Satish et al., |2026b)), cannot support this
throughput because they rely on diverse human evaluator panels that are prohibitively expensive to convene
at scale. Scalable proxies for human judgment are therefore a functional precondition for tractable multi-
objective search. Promising directions include reference-free fairness estimation models and LLM-based
evaluators capable of approximating perceptual metrics directly from model outputs (Liu et al., [2023), which
would enable the iterative, gradient-based, or evolutionary searches required to discover and maintain optimal
fairness-utility balances in complex speech architectures.

7.4 Controllable Data Synthesis

The logistical burden and ethical risks of extractive data collection, particularly from marginalized communities,
motivate a shift toward controllable synthetic data generation (Chen et all 2026b). Disentangled
representation learning can isolate linguistic content from speaker attributes such as accent, timbre, or
pathological markers (Hsu et al., [2017)), enabling the synthesis of diverse, high-fidelity speech samples (e.g.,
mapping dysarthric features onto standard corpora) without compromising the privacy of vulnerable groups.

Such generative frameworks directly address the structural tension where strict data protection laws often
starve fairness audits of the very demographic metadata they require (Veale & Binns, [2017)). By training
models on these de-identified synthetic variations, we move toward a privacy-preserving fairness regime
that does not rely on identifiable real-world individuals to mitigate bias (Atzori et all [2025). However,
the success of this path hinges on navigating the fidelity—fairness trade-off: ensuring that synthetic
augmentation does not oversimplify the non-linear acoustic nuances of marginalized speech, which are often
lost in current generative approximations.

7.5 Mechanistic Interpretability for Bias

Most existing bias mitigation strategies operate at a coarse level, providing limited insight into how bias is
encoded within neural architectures. An important emerging direction is the application of mechanistic
interpretability to speech models (Plantinga et al., 2025). Techniques such as causal tracing (Meng et al.,
2022al) and activation patching (Facchiano et al., [2025]) can localize specific neurons or attention heads
that encode stereotypical associations, such as correlations between pitch and perceived social intent (Pasad
et al., 2021)).

However, applying these methods to speech requires addressing the continuous nature of acoustic signals and
the multimodal complexity of modern SLMs. Unlike discrete text tokens, tracing bias in speech must account
for temporal dynamics and disentangle whether discriminatory patterns reside in the acoustic encoder or the
linguistic decoder. Once localized, these components can be selectively modified through model surgery or
rank-one editing (Meng et all 2022a)), enabling the removal of bias while preserving the model’s general
capabilities without exhaustive retraining.
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7.6 Test-Time Fairness Adaptation

Deployment mismatch (§5.3) shows that a model trained on a fixed distribution cannot be assumed to
generalize across shifting acoustic conditions, speaking styles, and user demographics (Liu et al., [2021b).
Test-time adaptation (TTA) offers an alternative to costly retraining, but improving a model’s overall accuracy
in a new setting is not the same as improving it fairly for every group of speakers.

Current TTA methods such as TENT (Wang et al. |2021) minimize prediction entropy to raise aggregate
accuracy under shift, but these group-agnostic updates can widen the gap for marginalized subgroups
rather than close it. Closing this gap calls for test-time objectives that account for subgroup performance,
not aggregate accuracy alone. Because demographic labels are often unavailable at inference, promising
routes include unsupervised fairness proxies and per-speaker personalization that improve accuracy without
sacrificing equity across groups.

7.7 Fairness in the Era of Large Audio Models and Generative Al

Preceding sections have characterized fairness risks in generative speech systems, from representational
stereotyping in TTS ( to content-level bias in SLMs (§4.6). Current frameworks, however, largely
evaluate these risks in isolation: on single outputs, in single turns, and after training is complete. Closing
these gaps requires research along three directions.

Alignment Bias and Cultural Homogenization: §[3.2] and documented how training data and
model outputs can privilege standardized linguistic norms. Post-training optimization may introduce an
additional homogenization mechanism: supervised fine-tuning teaches models to respond in a narrow range of
speaking styles, while preference optimization via RLHF (Ouyang et al., 2022) or DPO (Ratfailov et all 2023)
further reinforces whichever style human annotators rate most favorably. In text-based LLMs, this effect
is empirically established: alignment has been shown to significantly reduce output diversity (Kirk et al.,
2024) and concentrate responses into a small number of semantic clusters (Liu, [2026]). Because annotator
judgments of speech quality are difficult to disentangle from preferences for prestige varieties, the same
optimization pressure may systematically penalize dialectal prosody and code-switching in SLMs, even when
pre-training data includes such variation. Whether and to what extent this cultural homogenization occurs
in current speech systems remains an open empirical question: existing speech alignment work (Zhang et al.|
2024a)) evaluates quality but does not measure acoustic or linguistic diversity before and after optimization.
Establishing this evidence base is a prerequisite for designing effective interventions.

Distributional Fairness in Generative Speech. Generative SLMs define a distribution over possible
outputs, and this distribution may contain biased modes whose manifestation depends on the interaction
of multiple input factors (Chen et al., 2026al). In text LLMs, decoding parameters such as temperature
and sampling strategy have been shown to modulate absolute bias scores (Das & Balkel [2022)), and models
that appear fair under standard metrics can exhibit systematic bias in their confidence distributions (Wang
et al., 2025)). These findings suggest that sample-level fairness audits are insufficient for generative systems.
Evaluation must move to distributional analysis, characterizing whether biased outputs concentrate in
the distribution’s tails and whether their probability mass shifts across demographic inputs. In speech, the
continuous acoustic output space makes such characterization harder than in discrete text generation.

(¢) Multi-turn and Agentic Fairness. In spoken dialogue, acoustic cues such as accent and perceived
gender are present in every turn, continuously exposing the model to speaker identity signals that text-
based interactions do not carry. Whether this repeated exposure causes demographic-dependent behavior
to intensify across turns remains an open empirical question: while multi-turn capability degradation in
LLMs is documented (Laban et al., 2025), its interaction with fairness metrics has not been studied for
spoken conversations. Future work should develop turn-level fairness tracking methods that measure whether
disparities in response quality, verbosity, or tone widen as conversations progress.

Separately, as SLMs are deployed as goal-directed agents that take real-world actions such as scheduling or
customer service, fairness must extend beyond conversational content to task outcomes. Whether completion
rates, response latency, and error recovery differ systematically across speaker demographics remains a critical
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open question (Li et al., 2025b)) whose answer will determine whether agentic speech systems amplify or
mitigate existing inequities.

8 Conclusion

This survey has organized the fragmented landscape of speech fairness research into a unified framework
spanning formal definitions, evaluation metrics, bias sources, and mitigation strategies. Three insights emerge
from viewing these layers together.

First, speech fairness is not a single problem but three coexisting paradigms (Robustness, Representation,
and Governance), each diagnosing unfairness at a different level. A system that achieves performance parity
across demographics may still perpetuate social stereotypes in its outputs or operate within extractive data
practices that deny communities agency over their linguistic resources. Recognizing this multiplicity is a
prerequisite for comprehensive auditing.

Second, there is a persistent gap between what we can measure and what we can fix. The fairness definitions
formalized in this survey give rise to six mathematical families of evaluation metrics, yet many metrics lack
corresponding mitigation strategies, and popular interventions such as resampling address robustness but
leave representational and governance concerns untouched. The definition-to-family mapping (Table [3)) makes
these gaps explicit and can guide future work toward currently unaddressed dimensions.

Third, speech presents unique challenges that distinguish it from fairness work in text or vision. Sensitive
attributes are acoustically entangled with linguistic content, making them difficult to isolate without degrading
utility. Many speech targets are inherently perceptual, so fairness requires scrutinizing annotation protocols
and evaluator demographics, not just model behavior.

Section [7] details the open challenges and research directions that follow from these observations. We hope this
survey helps the community move from isolated, task-specific audits toward reproducible, diagnosis-driven
fairness practice across the speech pipeline.

Limitations

The underlying evidence is concentrated in high-resource languages. The studies, benchmarks,
and demographic annotations we build on are dominated by English and a small set of other high-resource
languages, because that is where speech-fairness research currently exists. Our conclusions therefore describe
disparities as they have been measured in high-resource settings, and the behavior of speech systems for the
world’s low-resource and under-documented languages remains under-evidenced, not because it matters less
but because the primary studies have not yet been done. This gap is one of the representational inequities
the survey identifies, and it bounds the generality of every cross-lingual claim we make.

Our analysis inherits the identity axes that the primary literature chose to measure. A survey of
disparities can only be as fine-grained as the studies it synthesizes. Much of the speech-fairness literature
records gender as binary, race or first-language background in coarse groupings, and omits attributes such as
age, disability, and socioeconomic status, in part because collecting and labeling them raises the very privacy
and consent tensions we discuss. Our diagnosis therefore reflects the axes of identity that existing corpora
make visible, not the full space of speakers who can be disadvantaged. When we report a specific effect, such
as the annotator-gender gap in emotion labels, we are simultaneously reporting the boundary of what current
annotations allow anyone to observe.

Our framework is one principled organization, not the only possible one. The three paradigms
(Robustness, Representation, and Governance) and the seven definitions are an analytical construction, chosen
because they make one specific gap visible: the mismatch between what current metrics measure and what
mitigations actually fix. The categories are deliberately not mutually exclusive. Individual studies often span
paradigms, and some metrics map to more than one definition. We use these boundaries as a reasoning tool
rather than a partition of the field, and a different decomposition could foreground tensions that ours keeps
in the background.
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The generative frontier moves faster than any survey. The portions of this survey concerned with
speech-language models and generative audio describe a rapidly moving target, where both the systems and
the fairness behaviors they exhibit change on the timescale of months. We wrote the framework to outlast
specific systems: the definitions, the three paradigms, and the pipeline-level diagnosis are intended to remain
applicable as models change. Specific empirical findings about today’s speech-language models, however,
should be read as a snapshot at the time of writing rather than a settled account.
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