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Abstract
Speech AI, any AI system that recognizes,
transforms, or generates speech, is built and
evaluated across two communities with only a
small overlap: technical natural language pro-
cessing (NLP) venues (e.g., *ACL, ICASSP,
Interspeech), and sociotechnical HCI venues
(e.g., ASSETS, CHI, FAccT). In this position
paper, we work toward a cross-community syn-
thesis, organizing our critique around three
problems: speech AI operates with an incom-
plete model of communication; it operates with
an incomplete model of identity; and its stan-
dard metrics measure the wrong constructs. We
draw on augmentative and alternative commu-
nication (AAC) as a setting where these failures
are most visible and their stakes highest, along-
side other underserved speakers — people who
stutter, multilingual speakers, and non-binary
and transgender users. For each problem we
offer solution sketches oriented toward design-
ing for human variability, nearly all of which
require quantitative and qualitative methods in
combination. We close on the venue structures
that hold these methods apart, and on what pro-
gram committees and individual authors can do
to bring them together.

Introduction

Speech AI1 is built and evaluated in two places at
once. Technical venues like *ACL, ICASSP, and In-

1In this work, we use speech AI to refer to the range of
systems that recognize, transform, or generate speech, at any
level from the individual component to the deployed appli-

terspeech produce the models, the corpora, and the
metrics by which progress is declared. Sociotechni-
cal venues like ASSETS, CHI, and FAccT produce
the accounts of how people use these systems and
corresponding desiderata. The two communities
examine the same artifacts, and they overlap only
thinly in citation practice, method, and reviewer
pool. This position paper argues that the most con-
sequential open problems in speech AI sit in the
gap between them, and that closing those problems
requires work that neither community can carry out
alone.

Speech makes this divide costly in a way that
other modalities do not, because speech is uniquely
indexical. Unlike text, spoken language unavoid-
ably encodes social identity — accent, intonation,
speech style, and prosody signal group affiliation,
personality, health status, and stance in ways that
written language does not (Eckert, 2019; Székely

cation. This includes single components operating on their
own — ASR transcribing speech to text, TTS synthesizing
text into speech, and voice conversion transforming one voice
into another. It also includes chained pipelines, where an
ASR module transcribes speech to text, an LLM operates on
that text, and a TTS module synthesizes the response back
into speech with each stage handled by a separate model.
Further examples of speech AI are newer full-duplex spoken
dialogue models, which process and generate speech directly
and continuously in both directions, without discrete turn-
taking between separate modules. Applications built on these
components include AAC devices, voice assistants, captioning
services, and clinical scribes. See reviews on clinical speech
AI (Ng et al., 2026) and SpeechLLMs (Arora et al., 2025; Cui
et al., 2025; Yang et al., 2025).

1



et al., 2025b; Foulkes and Docherty, 2006; Eckert,
2008; Teleki et al., 2025; Weinberg et al., 2025b).
A system that recognizes or generates speech is
therefore always doing two things simultaneously:
performing a measurable technical operation, and
making a social judgment about a speaker.

This divide is apparent in how both communities
negotiate diversity and fairness. Both communities
invoke ‘diversity’ consistently, yet the term indexes
fundamentally different commitments within each
research community. In technical venues, diversity
is operationalized as demographic breadth in train-
ing corpora, (e.g. multiple accents, languages, or
speaker age groups), and its adequacy is judged
by whether a system generalizes across a prede-
fined taxonomy of speaker categories, evaluated
through aggregate metrics disaggregated by group
(Dheram et al., 2022; Liu et al., 2022; Papakyri-
akopoulos et al., 2023). Diversity, in this framing,
is a property of data. Where atypical speech enters
at all, it does so predominantly within a pathologi-
cal frame, as something to be detected, corrected,
or accommodated through better data augmenta-
tion (Tobin et al., 2025; Tomanek et al., 2023). The
social meaning of a voice is never fully captured
by the demographic category it is assigned to, and
designing for diversity without accounting for this
indexical richness reproduces the very exclusions
it claims to remedy.

HCI communities treat diversity instead as a
property of experience: who is heard, on whose
terms, and with what consequences for identity,
self-expression, and participation (Erete et al.,
2018; Ibrahim et al., 2018; Wu et al., 2025; Michel
et al., 2025; Weinberg et al., 2026a). Being repre-
sented in a corpus and being served by a system are
not equivalent, and conflating them has attracted
sustained critique under the label of ‘diversity-
washing’: the risk that superficial inclusion efforts
obscure structural inequities or bypass community
consent (Cunningham et al., 2025).

The NLP community has begun to grapple with
this. Recent work argues that diversity in language
technology is an ambiguous and underspecified
concept admitting potentially conflicting opera-
tionalizations, and calls for the field to explicitly ne-
gotiate what diversity means before debating how
to measure it (Fazelpour and De-Arteaga, 2022;
Nguyen and Ploeger, 2025; Bowman and Dahl,
2021). Speech AI has yet to mount a comparable
reckoning in defining diversity.

In this position paper, we set an agenda for a

cross-community synthesis, across technical and
sociotechnical venues. We present a critique of
both speech AI communities organized around
three problems:

Problem 1: Speech AI operates with an incom-
plete model of communication.

Problem 2: Speech AI operates with an incom-
plete model of identity.

Problem 3: Speech AI metrics measure the wrong
constructs.

For each of these three failures, we present
a set of solution sketches2 in Speech AI that
center human variability, offering a path forward
for both scientific communities. We ground
each problem and solution sketch in a case study
of augmentative and alternative communication
(AAC),3 as this is a speech AI use case where
issues are particularly salient and consequential
to users. To help researchers see where they
can contribute, we tag each solution sketch by
the kind of work it invites — from empirical
study ( USER STUDIES , FIELD STUDIES ) and measure-
ment ( METRIC CREATION , BENCHMARKING ) to system
building ( SYSTEM BUILDING ) and community practice
( PARTICIPATORY DESIGN , FIELD-BUILDING ); detailed de-
scriptions of each tag are provided in Appendix A.

Problem 1: Speech AI operates with an
incomplete model of communication.

We begin with the model of communication that
conversational speech AI implicitly assumes, since
the commitments made there propagate into how
these systems represent identity and how the field
measures its own progress. A core idea in contem-
porary studies of social interaction is that speech
is just one ingredient of communication (Levin-
son, 2025), deeply nestled within a wider ecol-
ogy of multimodal streams, cooperative acts, and
co-constructed practices of two or more parties
(Clark, 1996; Goodwin and Heritage, 1990). Wider
streams that impact speech and communication can

2Similarly to Bowman and Dahl (2021).
3Definitions of AAC vary, but generally cover the use

of communication methods other than speech for disability-
related reasons. AAC supports include communication boards,
books, devices, and more; speech AI is relevant to AAC sys-
tems with speech output. For AAC users, their AAC is a large
part of their identity and presentation (Tuttleturtle (S. Fuller),
2020), making speech AI an important issue for many AAC
users.
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include suprasegmental features (e.g., stress, into-
nation, rhythm), non-spoken modes that nonethe-
less convey linguistic information in signed lan-
guages (e.g., facial expression, gaze, gesture) (Hill,
2020), and importantly, collaborative patterns be-
tween interactants to establish mutual understand-
ing (Goodwin, 2000). When deciding how we
might investigate or design potential speech AI sup-
ports, it is important to acknowledge these wider
processes.

These dynamics are constitutive of communi-
cation; active-listening signals, turn-taking cues,
humor, and embodied feedback are part of how
speakers assert presence, negotiate meaning, and
remain recognizable as themselves across an in-
teraction (Weinberg et al., 2025a,b; Jurafsky et al.,
1997). Current speech AI systems, even full-duplex
models, largely treat these as noise or omit them
entirely, optimizing instead for the verbal channel
alone. This is not merely a coverage gap; it re-
flects a fundamentally impoverished model of what
communication is.

Popular metrics reinforce this lack of attention
to context and communication. Ultimately, be-
cause these models are evaluated using rigid tests
that ignore context, high accuracy scores on cu-
rated datasets hide a severe measurement gap: their
real-world inability to grasp the deeply context-
dependent nature of human interaction (Zhang
et al., 2025). Transitioning towards scenario-
specific evaluation metrics offers a promising path
to resolving these blind spots. By developing
benchmarks that measure performance within de-
fined social and environmental contexts, future
models can successfully bridge this gap, toward
achieving contextual intelligence.

Considering speech AI for AAC, numerous prior
studies have shown that speech generation via AAC
devices can produce understandability issues be-
tween interactants (Bloch and Wilkinson, 2004;
Higginbotham and Caves, 2002; Ibrahim et al.,
2018). These wider streams and conversational
practices impact the perception of AAC-generated
speech during social interactions and how far AAC
users can agentively express themselves during con-
versations (Valencia et al., 2020; Weinberg et al.,
2025b). For AAC users in particular, the inabil-
ity to produce timely non-verbal cues — whether
a backchannel, an expressive reaction, or a well-
timed humorous remark — is not only a conver-
sational inconvenience but a constraint on identity
expression itself (Weinberg et al., 2025a,b). How-

ever, a major focus of speech AI for AAC has been
on enhancing speech efficiency with less focus on
interactional issues such as reciprocity, conversa-
tional management, or identity expression (Ibrahim
et al., 2026). We highlight issues of identity expres-
sion directly in Problem 2.

Solution Sketch 1
SYSTEM BUILDING USER STUDIES

PARTICIPATORY DESIGN

To address these limitations, we suggest
prioritizing more realistic benchmarks that
measure how well a model responds to intent
and social environment, moving beyond
isolated transcription scores. This shift in
evaluation can, in turn, drive architectural
improvements like unified acoustic-semantic
embeddings, long-term conversational
memory buffers, and the explicit injection of
situational metadata.

Future speech AI models should also include
other dimensions of communication; for ex-
ample, emotional expression. Emotion mod-
els fit to third-party labels transfer poorly to
self-reported emotion (El-Tawil et al., 2026),
and closing that gap requires models person-
alized to the individual (Tavernor and Provost,
2026); we take this as the design problem for
expressive AAC output. A personalized ex-
pressive model, trained on data the user con-
tributes and governs, would give an AAC user
a vocabulary of prosodic states they recog-
nize as their own and can deploy deliberately
in conversation. Facial expression and physi-
ological data from a wearable can serve as in-
puts for users who opt into them, on the terms
those users set. Evaluation follows the same
logic; the user reports what they intended to
convey, communication partners report what
they received, and the gap between these is
examined under success criteria the user de-
fines.
Caveat: Sensing of this kind carries documented bias

(Holliday and Reed, 2025). Personalization without

user control over the model and its data collapses into

surveillance, and an expressive system that optimizes

a physiological proxy reproduces the failure mode de-

scribed in Problem 3.
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Problem 2: Speech AI operates with an
incomplete model of identity.

We attribute speech AI’s incomplete identity model
to reductive user models (Problem 2A) and inac-
curate representation for speech synthesis users
(Problem 2B). Both of these issues feed back into
Problem 1, insofar as speech AI’s model of com-
munication lacks appropriate recognition and oper-
ationalization of user identity.

Problem 2A: Speech AI user models are
reductive.

Technologies have co-produced language ideolo-
gies in which users are expected to fit certain tax-
onomies, and variation is treated as pathology in-
stead of data. Models that treat ‘atypical’ users as
pathological, ignorable, or treatable with sufficient
data augmentation simplify away the variation that
is the data, e.g., the true norm of multilingualism
(Schneider, 2022) in favor of national monolingual
ideologies. Variations in vocal quality associated
with identity markers (Wenzel et al., 2023; Ahmed
et al., 2022) or disability (Preece et al., 2024; Li
et al., 2025a) are averaged out without anyone ask-
ing the users being averaged what they think about
it (Radford et al., 2022; Li et al., 2024).

Creating accurate user models is inherently chal-
lenged by human identities being neither discrete
nor constant. Current taxonomies often rely on
reductive frameworks that fail to capture the fluid
spectrum of identities individuals embody or the
intersectionality of their experiences, such as the
compounding acoustic variations of gender, age,
and regional dialect. An individual’s voice, vo-
cabulary, and speaking style evolve gradually with
age (Rojas et al., 2020), dialect drift (Harrington,
2006), gender fluidity (Netzorg et al., 2024), or
progressive shifts in communication ability such
as with dysarthria (Rosen et al., 2012). They can
also adapt immediately to context such as through
code-switching (Poplack, 1980) or audience adapta-
tion. Speech AI devices themselves can also impact
intra-speaker variation, for example, a device en-
abling faster input may lead a speaker to be more
verbose, while a slower one may encourage brevity.

Resisting any of this through personalization in-
troduces its own tension. Training a model on
one’s own communication data can better reflect in-
dividual tone, vocabulary, and cultural identity, but
raises unresolved questions of authorship, data gov-
ernance, and contextual appropriateness (Rincón

et al., 2021; Li et al., 2025b; Weinberg et al., 2026a).
Technical obstacles compound the normative ones:
post-training methods need data that represents in-
dividuals across their multiple identity dimensions,
personalized evaluation frameworks barely exist,
and many popular LLMs do not publish the model
weights that post-training would need to modify.

Solution Sketch 2A
PARTICIPATORY DESIGN SYSTEM BUILDING

Popular AI models are designed and owned
by few companies with their own interests
and agendas, for whom authentic individ-
ual user identities might not represent an in-
terest. Grassroots communities and cross-
institutional collaborations that center sys-
tematically neglected identities could foster
spaces to develop new alternative ways of
technology design and model development.
Examples include the Masakhane community
that develops AI for and by Africans (Nekoto
et al., 2020), the Te Hiku Media Project
that develops ASR for and by Māori peo-
ple (Leoni et al., 2024), among others. The
Mozilla Data Collective recently released a
community compensation feature, allowing
communities to get paid for their data (Collec-
tive, 2026). Community ownership addresses
who builds the model; Sketch 3C takes up
the complementary question of how such a
model would be evaluated across the fluid
and intersectional identities described above.

Problem 2B: Speech synthesis users need a
voice that accurately represents them.

Where Problem 2A concerned the reductive user
models which form the basis of speech AI sys-
tems, Problem 2B points towards issues of sys-
tem output and user experience. When examin-
ing speech synthesis output, we encounter issues
of both avowed identity (how an individual iden-
tifies themself, reflexively) and ascribed identity
(how others attribute identities to an individual)
(Bucholtz and Hall, 2005; Martin and Nakayama,
2010).

Speech AI systems are trained on vast quantities
of data, and the large foundational models at their
core generate text and synthesize speech according
to the patterns most common across that data. The
result is an implicit averaging effect wherein indi-
vidual voices and identity expressions are flattened
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(echoing similar concerns in LLM systems Agar-
wal et al. (2025)). Speech AI tools can reduce and
limit users’ self-expression (Xu et al., 2025) and
the uniqueness of their avowed identities, reducing
authorial voice and pushing users toward average
or otherwise reductive speech representations, a
form of erasure (Wenzel and Kaufman, 2024). This
is especially prominent in cases where people feel
insecure about their skills or pressured to perform
a particular identity (e.g. in AI-led job interviews),
as they may surrender their cognitive load to the
system (Shaw and Nave, 2026) and conform to
a self-representation different from their avowed
identity.

Another issue for avowed identity regards how
speech AI tools privilege Western cisgender voices.
Current English speech synthesis systems are dom-
inated by American and British English accents,
and multilingual systems generally are dominated
by high-resource languages (Xinyuan et al., 2025;
Zhong et al., 2025; Ogun et al., 2024). This means
users from other linguistic backgrounds may get a
voice that sounds nothing like them or even need
to adapt a voice for another language (such as in
Callahan and Hanson (2023), where a Czech voice
was used for the Native American Lakota), rein-
forcing linguistic privilege. Systems purporting
to generate synthetic AI voices, if not carefully
designed and evaluated, risk amplifying existing
linguistic hierarchies and accent-based discrimina-
tion (Michel et al., 2025). This points to a repre-
sentational ceiling that technical improvements to
synthesis alone cannot solve: the barrier for the
most underserved users lies not in generation qual-
ity but in the absence of voices that reflect their
cultural register, linguistic identity, and sense of
self in the first place.

Even with a diverse and representative speech
dataset, creating an accurate measure of identity
alignment remains difficult due to the nuances of
voice identity utilization. For example, AAC users
may consider how long they’ve been using, and
grown to identify with, a given voice, how many
(possibly more famous) others use the same voice,
and the situational use of different voices (Preece
et al., 2024) alongside the more typical language,
accent, age, gender, and expressiveness. Voice
identity in AAC is not fixed at the moment of selec-
tion; it accumulates over time through use, accruing
social history, relational meaning, and familiarity
that can make a long-used voice feel like one’s
own even when it was never a good fit — and

make a better-fitting voice feel wrong precisely be-
cause it is unfamiliar (Weinberg et al., 2026b). At
the same time, AAC users do not inhabit a single
stable identity; self-presentation is often context-
dependent, with users navigating different registers
across relationships, settings, and life roles (Wein-
berg et al., 2026b,a). These fluid identity needs
surface in concrete voice choices that go beyond
the typical dimensions of language, accent, age,
and gender. AAC is part of gender expression, so
it is part of transgender expression (Tuttleturtle (S.
Fuller), 2020; Zisk, 2021; Danielescu et al., 2023;
Weinberg et al., 2026b); likewise, a disabled per-
son may want an audibly disabled voice, and may
prefer a synthetic one that most listeners find easier
to understand than their embodied speech (Preece
et al., 2024; Weinberg et al., 2026b). Creating a
metric that accurately encompasses the nuances of
voice identity alignment remains an unaddressed
challenge in speech AI.

When AAC users cannot access voices that
match their preferences on all axes, they are forced
to pick from a selection of incorrect voices to de-
termine a (possibly situational) least wrong option
(Preece et al., 2024; Tuttleturtle (S. Fuller), 2020;
Zisk, 2021; Weinberg et al., 2026b). This may lead
to unexpected choices in prioritization, such as at-
tempting to sidestep synthetic voices (Weinberg
et al., 2026a; Sellwood et al., 2024), a multilin-
gual AAC user selecting a voice on the basis of
prosody matching most closely with their identity,
even if sacrificing accurate pronunciation (Calla-
han and Hanson, 2023), or using voices of different
genders between different languages (Zisk, Forth-
coming). Linguistic minorities may need to adapt
voices from other languages and dialects, and some
non-binary AAC users have needed to adapt voices
from other genders (Tuttleturtle (S. Fuller), 2020;
Zisk, 2021) as non-binary AAC voices have often
not been available (Danielescu et al., 2023). Across
all of these cases, the choice of voice is never purely
aesthetic — it is a negotiation between what the
system can offer, what the user’s social context
demands, and what identity the user is trying to
project or protect.

When users cannot aptly choose their avowed
identity, they impact their ascribed identity and how
others may perceive them by their synthetic voice.
Listeners readily assign race, gender, and regional
identity to synthetic and voice-assistant speech,
and those assignments carry the same social con-
sequences — credibility judgments, warmth, and
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competence — that accompany perceived identity
in human speech (Holliday, 2021, 2023). Impor-
tantly, how listeners perceive and socially cate-
gorize a given synthetic voice is independent of
whether the speaker behind it recognizes it as theirs.
This means a voice can be a poor match on one axis
and a reasonable match on another; a voice a user
identifies with may still be miscategorized by lis-
teners, and a voice built to be broadly intelligible
or ‘neutral’ to listeners may fail to feel like the
user’s own. The gap between these perspectives
is measurable in adjacent settings. Models trained
on third-party emotion labels transfer poorly to
self-reported emotion (El-Tawil et al., 2026), and
closing that gap requires models personalized to the
individual, since systems fit to consensus annota-
tions cannot be assumed to recover what a speaker
reports about themselves (Tavernor and Provost,
2026). A user may thus select a voice that feels
like their own and still be misread by everyone who
hears it, which means voice selection is a negotia-
tion across two audiences whose criteria need not
agree.

Solution Sketch 2B
SYSTEM BUILDING METRIC CREATION

USER STUDIES

Designing better speech AI tools requires giv-
ing users accessible ways to articulate, ex-
plore, and refine identity-linked vocal prefer-
ences over time (Ahmed et al., 2022; Netzorg
et al., 2024; Weinberg et al., 2026b). This
includes creating an accurate metric for voice
identity alignment, and adjusting such met-
rics to account for both avowed and ascribed
voice identity.

Problem 3: Speech AI metrics measure the
wrong constructs.

The sub-problems below share a shape: something
easy to count is treated as the thing we actually
care about. We count how many words a system
got wrong, and call that a measure of whether the
transcript served the speaker (Problem 3A). We
measure how close a synthesized voice sounds to
a recording, and call that a measure of whether
the voice fits its user (Problem 3B). We average
scores across unrelated benchmarks, and call that
a measure of how good a system is (Problem 3C).
Each number may accurately quantify its chosen
proxy, but none fully captures the construct for

which it is commonly taken to stand.
Goodhart’s law is an old adage, commonly stated

as ‘When a measure becomes a target, it ceases to
be a good measure.’ Once a benchmark is widely
adopted, optimization pressure concentrates on the
narrow slice of behavior it happens to score, and
the metric drifts from the construct it was meant to
measure to the proxy itself (Goodhart, 1984; Man-
heim and Garrabrant, 2018; El-Mhamdi and Hoang,
2024). We hold this is not a marginal concern in
speech AI, but the dominant failure mode of how
the field currently evaluates its own progress.

Problem 3A: Speech recognition metrics
obscure real-world harm.
Speech recognition systems have traditionally been
evaluated using quantitative metrics such as word
error rate (WER), which quantifies normalized
edit distance between model predictions and ref-
erence transcriptions, or match error rate (MER),
which measures the errors between aligned words
in the reference and model output (Morris et al.,
2004). While these metrics provide a standard-
ized way to compare model performance, they are
known to be inadequate in capturing the down-
stream user impact of transcription errors. For ex-
ample, WER treats all substitutions equally, fail-
ing to distinguish between harmful substitutions
(e.g., profanity, identity-related slurs, or threat-
ening language) and semantically benign errors
such as homophones (Wu et al., 2019). To address
some of these limitations, more quantitative met-
rics have been introduced to quantify the seman-
tic distance between the prediction and the refer-
ence, including BERTScore (Zhang et al., 2020)
and SemScore (Aynetdinov and Akbik, 2024).

Going beyond redesigning error metrics and ref-
erence transcripts, evaluation must also directly
measure the consequences of errors in situated in-
teraction. For example, can users reliably tell the
difference between a speech-to-text systems with
average WERs of 5% versus 10%? How do similar
recognition errors affect users differently across
contexts such as medical documentation, work-
place communication, or casual texting? How do
different groups interpret and react to the transcrip-
tion failures differently? These questions suggest
that the limitation of current benchmarking metrics
are not solely technical, but also contextual and
social. Existing metrics have allowed speech AI
developers to abstract away the lived experience
of interacting with speech AI systems, obscuring
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how system failures may reinforce marginalization,
exclusion, or psychological harm.

Previous HCI research has empirically explored
some of these questions. For example, Wenzel
et al. (2023) showed that voice assistant errors pro-
duce disparate psychological impacts for Black and
white users. Relatedly, Kadoma et al. (2026) found
that erroneous transcription of speech reduces both
speaker and content evaluations, potentially dispro-
portionately impacting minoritized speakers. Other
work has documented how fluent transcription of
stuttered speech can reinforce fluency dominance
and erase the speaker’s identity as a person who
stutters (Li et al., 2024), while in contrast, apha-
sia patients reported preferring their transcriptions
to be written in the ‘cleanest’ form, erasing stut-
ters (Mei et al., 2026). We argue that speech AI
evaluation must move beyond aggregate recogni-
tion accuracy and toward user-centered evaluation
frameworks that explicitly measure contextualized
harms and lived user experience.

Developing such evaluation frameworks requires
community-centered research that identifies which
forms of recognition failure matter most to af-
fected users. Studies involving people with aphasia
and people who stutter have shown that genera-
tive ASR systems hallucinate more frequently for
these populations, sometimes generating degrad-
ing, threatening, or violent content that causes tan-
gible harms (Koenecke et al., 2024; Sridhar and
Wu, 2025). These findings call for new evalua-
tion measures such as hallucination rate and harm-
ful hallucination rate. Recent work with people
who stutter further challenges normative assump-
tions embedded in conventional ASR evaluation (Li
et al., 2025a; Sridhar and Wu, 2025). Existing tran-
scription practices often prioritize ‘intended speech’
over verbatim speech production, implicitly fram-
ing disfluencies as errors to be removed rather than
meaningful aspects of communication (Teleki et al.,
2024; Radford et al., 2022; Choi et al., 2026b,a),
impacting SpeechLLMs (Teleki et al., 2026). The
stuttering community expressed a desire for greater
control over whether and how speech disfluencies
are preserved in transcripts, motivating proposals
such as verbatim WER, which evaluates recogni-
tion performance against verbatim rather than nor-
malized transcripts (Li et al., 2025a; Sridhar and
Wu, 2025).

Developing community-centered evaluation met-
rics also requires new datasets and annotation
methodologies. Existing ASR training and bench-

marking datasets routinely exclude so-called ‘non-
verbal’ audio segments and prioritize transcription
of intended speech rather than faithful representa-
tion of speech production (Radford et al., 2022; Ro-
mana et al., 2024). As a result, speech blocks, rep-
etitions, prolongations, and other forms of disflu-
ency that frequently occur in certain groups, such
as people who stutter, are often absent from exist-
ing datasets. These omissions not only limit model
performance for marginalized speech communities,
but also encode normative assumptions about what
constitutes valid or desirable speech.

Finally, we also need to complement the bench-
marking metrics, which are often calculated over
clean, static benchmarking datasets, with direct
measurement on user experience and sentiment in
situated interactions. Prior work by Wenzel et al.
(2023), for instance, measured users’ affective re-
sponses to voice assistants with varying error rates,
including self assessments of self-consciousness
and self-esteem. Such approaches directly examine
the psychological and social impact of speech AI
systems, closing the gap between static metrics and
lived experience and user well-being.

Solution Sketch 3A
FIELD STUDIES SYSTEM BUILDING

PARTICIPATORY DESIGN

Future work should focus on contextualiz-
ing performance benchmarks within users’
lived experience. This necessitates conduct-
ing community-embedded research, and cre-
ating new datasets and annotation methods.

Problem 3B: Personalized voice evaluations
don’t consider AAC user needs.

The same distance between measured performance
and lived experience opens on the synthesis side,
where the available instruments are fewer and the
AAC context is served by none of them. There may
be limited quantitative metrics for speech synthesis
in general (Wagner et al., 2019), and most speech
synthesis is not designed for the AAC context in
any case (Pullin et al., 2025). Whether designed
for speech synthesis or adapted to speech synthe-
sis from speech recognition, this limits the met-
rics used in AAC contexts, and we are not aware
of any designed for the AAC context. Metrics
adapted from other areas of speech AI for use in
the AAC space include character error rate, word er-
ror rate, the structural similarity index, and Speaker
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Encoder Cosine Similarity (Székely et al., 2025a;
Sanchez and King, 2025). Character error rate,
word error rate and structural similarity were used
to evaluate the effectiveness of prompting an AAC
system with dysarthric speech, possibly analogous
to the automation of revoicing (Preece et al., 2024;
Pullin et al., 2025; Sellwood et al., 2024). Speaker
Encoder Cosine Similarity was used to evaluate
similarity to recordings for an AAC user who previ-
ously spoke and may also be appropriate to evaluate
the similarity of synthesized voices before and af-
ter speech engine updates. However, there may
not be an appropriate comparator when evaluating
and selecting new voices for AAC users who never
spoke orally (Preece et al., 2024) or do not want an
AAC voice that sounds like their embodied voice
(Tuttleturtle (S. Fuller), 2020; Zisk, 2021).

A broader family of objective speech evaluation
metrics is also available, including intrusive qual-
ity measures such as PESQ (ITU-T P.862) and its
successors (Rix et al., 2001), which score a syn-
thesised utterance against a clean recording of the
same content in the target voice. This is a require-
ment often inappropriate in an AAC context, since
for a user who never spoke orally (Preece et al.,
2024) or who does not want their embodied voice
(Tuttleturtle (S. Fuller), 2020; Zisk, 2021), no such
reference exists. Reference-free predictors such
as UTMOS (Saeki et al., 2022) attempt to predict
human preference. While they are non-intrusive,
they inherit typical-speech and unfamiliar-listener
assumptions instead.

The main limitation with current speech synthe-
sis evaluation for AAC is that it follows standard
speech synthesis evaluation methods, which rely
on listeners’ perceptions of voices that they are
not familiar with, when familiarity has been shown
to significantly change the perception of cloned
voices (Rosi et al., 2025). Even though recent work
has proposed a framework for evaluating personal-
ized speech synthesis that aims for a more situation-
ally framed, preference-based approach (Sanchez
et al., 2026), it is still a non-user centric evalua-
tion. Although these evaluations may still provide
insight into the technical performance of person-
alized speech synthesis, they do not capture what
AAC users themselves want from their voices. As
future work, an evaluation for personalised speech
synthesis developed alongside AAC users is long
overdue.

Solution Sketch 3B
BENCHMARKING USER STUDIES

We propose evaluating personalized voices
with three types of listeners: (1) the user of
the AAC system, (2) listeners familiar with
the user of the voice, and (3) unfamiliar listen-
ers to the user of the voice. For listeners (2)
and (3), evaluations should be contextually-
framed (Edlund et al., 2024) and mimic real-
life use cases wherein the AAC user will
communicate with listeners. Evaluating these
voices from three distinct listeners can pro-
vide more insights, not only based on prefer-
ence and fidelity to the AAC user, but also in
terms of usability in different contexts (e.g.,
talking to your friend, or ordering a coffee).

Problem 3C: Leaderboards prioritize
single-number evaluation.

The limitations in 3A and 3B share a structure: a
single number stands in for a construct it partially
captures, and the field then optimizes the number.

Widely used community leaderboards such as
the HuggingFace Open ASR Leaderboard4 rein-
force this dynamic; a single average of Word Error
Rates (WER%) ranks systems across dozens of un-
related benchmarks and conditions. The resulting
ranking becomes a reference point for model de-
velopment, despite potentially reflecting no real de-
ployment context in particular. It can also privilege
organizations with the resources to optimize across
many benchmarks simultaneously. Examples of
other such proxy metrics and associated problems,
apart from WER (Phukon et al., 2025) include
Mean Opinion Scores (MOS) (Le Maguer et al.,
2024; O’Mahony et al., 2021), speaker-similarity
cosine distances (Carbonneau et al., 2025), and
Multiple Choice Question Answering (MCQA)
measures for bias (Lin et al., 2024), as in NLP (Par-
rish et al., 2022; Nadeem et al., 2021; Jin et al.,
2025).

These metrics underplay what users care about,
e.g., intelligibility-in-context, voice naturalness and
feeling heard, having one’s voice and identity re-
flected back faithfully, whether AI responses are
fair and useful to them — or more domain-specific
metrics, such as hospital preferences for AI medi-
cal scribes to transcribe patient notes using correct
medical terminology and integrating seamlessly

4Hugging Face Open ASR Leaderboard
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with electronic health record systems (Koenecke
et al., 2026).

We do not propose abandoning quantitative eval-
uation; we propose pluralizing it, adding comple-
menting evaluations to it and being explicit about
which metrics matter to whom, and for what deci-
sions, following Blodgett et al. (2020).

Solution Sketch 3C
BENCHMARKING FIELD-BUILDING

PARTICIPATORY DESIGN METRIC CREATION

We propose three commitments: (1) Treat ev-
ery benchmark as a partial, situated metric
and report robustness across voices, prompts,
decoding settings, and task formats by de-
fault, not as an ablation, so that single-
number leaderboards stop being a credible
currency (Bokkahalli Satish et al., 2026a,
2025b; Frisch et al., 2026; Ethayarajh and
Jurafsky, 2020; Wang et al., 2024).(2) Pair
every aggregate metric with at least one eval-
uation in which affected communities and
end-users define and evaluate what forms of
evidence matter, how success should be eval-
uated and how the resulting outcomes are
interpreted. For instance, this could mean
qualitative studies of a small set of delib-
erately diverse N = 1* cases. Recognize
and design evaluations for realistic scenar-
ios, human variability and design measure-
ments keeping in mind the people who cur-
rently fail or are failed by the system (Bokka-
halli Satish et al., 2026b; Bondi et al., 2021;
Zee et al., 2024; Justin et al., 2026; Mei et al.,
2026), and accept that we are intervening in
a complex adaptive system rather than tun-
ing a static objective. (3) Build evaluation
interfaces, not just scores, that let stakehold-
ers interrogate model behavior directly un-
der controlled perturbations of voice (Bokka-
halli Satish et al., 2025a; Li et al., 2025c;
Wei et al., 2026). Such interfaces resist value
capture because they refuse to compress the
evaluation down to a single optimizable num-
ber.

*N = 1 in the sense of highly-intersectional, com-
plex users; consider, for example, a user with a unique
set of health conditions, who can realistically say

“there is no one like me.”

A Call for Structural Change

The three problems follow from a division of la-
bor: one community holds the instruments that
make speech systems measurable, the other the
vocabulary that makes their social consequences
describable, and neither suffices alone for a modal-
ity that encodes identity in every utterance. Whose
voice is heard, on whose terms, and with what con-
sequences for identity are questions that broader
corpora and disaggregated metrics can inform but
cannot settle by themselves — which is why nearly
every sketch we offer carries tags from more than
one methodological family, and why measuring
what these systems do to people requires bench-
marks and field studies, metrics and co-design, in
combination.

AAC anchors the argument because it is where
the stakes are least deniable: a user whose voice is
the system’s output, whose identity is negotiated
through a menu of imperfect options, and who is
judged by listeners on the result. What AAC makes
vivid is present wherever speech AI is deployed.
Much remains unsettled — what diversity should
mean here, whether instruments imported from text
and vision can be repaired or need replacing, who
holds authority over a voice once it has entered a
model — and each of these requires both commu-
nities in the room.

Getting them into the room is a matter of incen-
tives, and those incentives are set by reviewers and
program committees. We therefore address them
directly. The routes available to the kind of work
we describe are uneven: *ACL venues admit po-
sition work into the main track and route speech
submissions through a dedicated speech area, while
ICASSP and Interspeech call for technical papers
in a single format with no contribution type for
a critical argument or reflection, so a claim about
what the field should measure reaches those review-
ers once it has been instantiated as results. FAccT,
CHI, and ASSETS accept critique and construction
alike, at some remove from the practitioners who
maintain the benchmarks in question. Organizers
hold the levers that close this distance: seating area
chairs with cross-community expertise, recruiting
reviewer pools that can assess both kinds of con-
tribution, creating evaluation tracks and special
themes where this work has a natural home, and
stating in calls for papers that methodological plu-
ralism is expected. Where those levers go unpulled,
the sketches we offer will be written by people
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whose venues will not reward them for it, and the
technical and sociotechnical communities will con-
tinue to publish past each other.

We close with an invitation to build the shared
vocabulary this work depends on. At the scale
of a community, that means joint workshops and
boundary-spanning papers of every kind: position
papers such as this one, and equally the mixed-
methods studies written to be read on both sides of
the divide. At the scale of a single researcher it is
smaller, and available without anyone’s permission:
write the next paper with the other half of the room
in mind. Cite across the divide. Recruit a co-author
trained differently. Change accumulates one paper
at a time.
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Limitations

This is a position paper, and our contributions are
solution sketches: early ideas meant to open cross-
community work, not finished methods or evalu-
ated systems. We are excited about the directions
they point toward, and we offer them in the expec-
tation that the shape each one finally takes will be
worked out by the researchers who take them up —
refined, recombined, and put in contact with real
users, real data, and real constraints. We see the
sketches as starting points, and we look forward
to what emerges as different communities build on
them.

Our critique draws on AAC as its anchoring case.
Given AAC users’ reliance on speech AI, we be-
lieve this case study may be an instantiation of
the curb-cut effect, wherein optimizing for users
who rely on these technologies most can yield ben-
efits for the majority of users (Blackwell, 2017).
Nonetheless, AAC users are not a monolith, and

lessons drawn from this setting will not transfer
cleanly to every underserved speaker. Future re-
search may explore the needs of the other com-
munities we invoke more deeply, such as people
who stutter, non-binary and transgender voice users,
multilingual speakers, speakers of low-resource
languages, older adults, children, and others. Our
account of ‘both communities’ likewise flattens
real internal heterogeneity within the technical and
socio-technical venues we name, and the bound-
ary between them is more porous than our framing
sometimes suggests; we use this lens as we be-
lieve cross-community collaboration is central to
progress. This framing helps to highlight each com-
munity’s strength and weakness, and opportunities
to assist one another.

Ethical Considerations

Several of our sketches carry risks that must be ad-
dressed as that work unfolds. Problem 1, in partic-
ular, admits physiological and facial sensing as opt-
in inputs to an expressive model; such sensing is
invasive by construction and raises acute concerns
around consent, surveillance, and data governance.
The personalization directions in Problem 2 raise
parallel questions about who owns a cloned voice
and who controls the model trained on someone’s
speech. Our treatment of Problem 3 also assumes
an actor with the resources to evaluate however it
chooses. In practice, much of the existing evalua-
tion apparatus is already difficult for smaller speech
AI companies to commit resources to partaking in,
and our critique of what those instruments measure
says nothing about who is in a position to run them.
A fuller account would treat the metrics we dis-
cuss as constrained by cost as well as by construct.
We flag these tensions throughout, but we do not
resolve them, and we caution against reading any
sketch as a mandate to collect intimate data absent
community-defined safeguards.
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A Contributor Tags

Each solution sketch in the main text carries one
or more contributor tags that signal the kind of
work the sketch invites, so that readers can scan
for the sketches where their own methods apply.
The seven tags fall into four color families: em-
pirical study ( USER STUDIES , FIELD STUDIES ), mea-
surement ( METRIC CREATION , BENCHMARKING ), system
building ( SYSTEM BUILDING ), and community prac-
tice ( PARTICIPATORY DESIGN , FIELD-BUILDING ). Most
sketches span more than one: a single piece of
work can, for instance, build a system and evaluate
it with a user study. Here, we define each tag:

USER STUDIES User Studies
Controlled, participant-facing empirical work: per-
ception and listening tests, lab experiments, sur-
veys, and other structured evaluations of how peo-
ple perceive or respond to a system.

FIELD STUDIES Field Studies
Situated, in-context empirical work in real settings:
interviews, ethnography, lived-experience accounts,
and longitudinal or community-embedded observa-
tion.

METRIC CREATION Metric Creation
Designing and validating a new measure or instru-
ment: formalizing a construct and showing it cap-
tures what it claims to.

BENCHMARKING Benchmarking
Building, running, and reporting evaluations
against a measure: datasets, protocols, robustness
reporting, and leaderboard practice.

SYSTEM BUILDING System Building

Designing and implementing models, architectures,
interfaces, datasets, or pipelines.

PARTICIPATORY DESIGN Participatory Design
Work done with affected communities: co-design,
data governance, ownership, and community-
defined success criteria.

FIELD-BUILDING Field-Building
Work that changes how the field itself evaluates and
rewards progress: cross-community infrastructure
such as shared evaluation tracks, joint workshops,
boundary-spanning position papers, and shifts in
what the field treats as credible evidence.

B Inclusive Design Practices

If we are serious about reducing inequity and sup-
porting meaningful innovation, we need to rethink
what we measure. Alternative metrics should focus
on the extent to which efforts reach and make a
substantive difference for people facing the great-
est barriers to inclusion, and the degree to which
projects engage with complex, high-effort chal-
lenges that may take longer but have the poten-
tial for deeper, systemic impact. This reframing
aligns with critiques by Jutta Treviranus (Trevi-
ranus, 2025), who argues that prevailing evaluation
systems undermine inclusive innovation by reward-
ing ease and scalability over necessity and equity.

Several overlapping traditions make a related
argument from different starting points: design
justice centers the leadership and needs of commu-
nities most harmed by design processes (Costanza-
Chock, 2020), data feminism names how suppos-
edly neutral data practices encode existing power
hierarchies (Garcia et al., 2020), and participatory
AI calls for affected communities to shape sys-
tem design and evaluation directly rather than be-
ing consulted after the fact (Birhane et al., 2022).
We draw here specifically on Treviranus’s (Trevi-
ranus, 2018) inclusive design framework, which
advances an approach grounded in recognizing
and designing for human variability, rather than
conformity to an assumed norm. It emphasizes
open, transparent, and participatory processes, in-
cluding co-design with individuals who are often
excluded or underserved by conventional design
practices and technologies as defined by Ursula
Franklin, “Technology involves organizations, pro-
cedures, symbols, new words, equations, and most
of all, Mindsets.” (Franklin, 2014). Situated within
complex adaptive systems, Inclusive Design and
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wider situated design frameworks (e.g., Bennett
et al., 2018; Costanza-Chock, 2020; Delgado et al.,
2023; Birhane et al., 2022) understand design out-
comes as emergent, contextualized, and interde-
pendent, challenging the assumption that they can
be optimized through standardization or efficiency-
driven models. These frameworks call for alter-
native evaluation criteria: examining the extent to
which technologies meaningfully engage those fac-
ing the greatest barriers to inclusion, and the degree
to which projects address complex, systemic chal-
lenges with the potential for transformative impact.
In this way, inclusive design not only reorients
design practice but also redefines what counts as
success and what mindset we apply to technology.

C Exclusionary Practices

Often, deficit-based design sees disability as some-
thing to fix — with technology’s help (Sin et al.,
2025). The problem is how pervasive uninclusive
designs, i.e., designs that perpetuate exclusion of
certain communities, introduce marginalization in
which excluded communities experience deeper
marginalization due to the increased lack of access;
this can be, for instance, introduced inability to
access healthcare apps or social media, which can
be detrimental when considering enlarging social
and psychological exclusion over time, a process
termed as digital design marginalization (Sin et al.,
2021). While the problem is noted and inclusive
practices are understood to be important (Sin et al.,
2023; Wu et al., 2025; Wenzel et al., 2026b), there
are additional hurdles, such as voice-first design
principles being difficult to identify and implement,
as VUI designers often rely on their prior GUI de-
sign experience for voice-based interaction design
(Murad et al., 2022).
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