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Figure 1: Adapt4Me: an end-to-end, human-in-the-loop ASR personalization system for non-normative speech. ○1 The system 
prompts the user with high-information sentences for initial recordings; ○2 Word-level model uncertainty is visualized through 
color-coding, guiding users directly to likely identify and correct transcribing errors; ○3 Users resolve errors via low-efort 
top-� best corrections powered by a Bayesian backend, with validated edits continuously fed back into active learning and 
model fne-tuning. 

Abstract 
Individuals with atypical speech are systematically excluded from 
Automatic Speech Recognition (ASR) systems, as personalization 
remains hindered by labor-intensive data collection and technically 
complex model training. To address these limitations, we propose 
Adapt4Me, a web-based, user-controlled environment that opera-
tionalizes Bayesian active learning to enable end-to-end personal-
ization without expert supervision. The app exposes data selection, 
adaptation, and validation to lay users through a three-stage human-
in-the-loop workfow: (1) rapid profling via greedy phoneme sam-
pling to capture speaker-specifc acoustics; (2) backend personaliza-
tion using Variational Inference Low-Rank Adaptation (VI-LoRA) 
to enable fast, incremental updates; and (3) continuous improve-
ment, where users guide model refnement by resolving visualized 
model uncertainty via low-friction top-� corrections. By making 
epistemic uncertainty explicit, Adapt4Me reframes data efciency 
as an interactive design feature rather than a purely algorithmic 
concern. We show how this enables users to personalize robust ASR 
models, transforming them from passive data sources into active 
authors of their own assistive technology. 

CCS Concepts 
• Human-centered computing → Accessibility technologies; 
Interactive systems and tools; • Computing methodologies 
→ Active learning settings; Speech recognition. 
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1 Introduction 
State-of-the-art ASR models like Whisper [32] or Wav2Vec [36] 
have achieved remarkable performance on normative speech, yet 
they exclude individuals with motor speech disorders (e.g., dysarthria) 
[3, 5, 21] or structural impairments of the speech apparatus (e.g., 
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Apert syndrome) [45].1 While previous work has explored fne-
tuning foundation ASR models for non-normative speech, error 
rates remain substantially higher than those observed for normative 
speech [17, 20, 38]. This lack of generalization to non-normative 
speech further reinforces the marginalization of individuals with 
speech impairments, as their specifc communicative needs are 
rarely addressed by modern speech technologies, thereby limiting 
their access to the benefts of AI. 

Nevertheless, although personalizing ASR models for user-specifc 
transcription is technically feasible, it remains largely inaccessible 
in practice. Conventional model personalization typically requires 
hours of voice recordings, which is often exhaustive for individuals 
with speech impairments and places a substantial burden on family 
members and caregivers [4, 12, 25, 35]. This process becomes even 
more burdensome when personalized models must be repeatedly 
optimized with newly recorded data to adapt to the evolving acous-
tic characteristics of individuals with speech impairments, who are 
often everyday ASR users without expert knowledge. 

Users often experience ASR systems as “black-box” transcribers, 
with little insight into which phonemes cause recognition errors[7, 
18]. This opacity is largely due to the absence of token-level un-
certainty visualizations that reveal the system’s transcription dif-
fculties, preventing users from providing targeted and efective 
feedback in subsequent fne-tuning iterations. Previous work in HCI 
suggests that well-designed uncertainty visualizations enable users 
to make better-informed decisions and act as efective supervisors 
of imperfect AI systems [15]. 

We argue that efective ASR personalization requires a shift from 
passive data collection to interactive curating. This shift hinges on 
exposing the model’s epistemic uncertainty, its awareness of what 
it does not yet model reliably, so users can guide personalization in 
a principled and efcient way. Recent work in Interactive Machine 
Learning has shown that users value transparency and agency 
when training assistive tools [8, 14]. This shift is particularly critical 
for implementation of ASR personalization in real-world settings, 
where minimizing user efort is essential for enabling continuous 
adaptation to newly recorded speech data, but also for ensuring 
sustained user engagement. 

We present Adapt4Me, a web-based, accessible, and low-efort 
environment that operationalizes Bayesian Active Learning (AL) 
for personalizing ASR for non-normative speech. Compared to 
existing personalization platforms such as Project Euphonia [39] 
and Project Relate [22], which rely on centralized data submission to 
commercial backends, require substantially larger recording eforts, 
and operate as opaque batch trainers without per-word feedback, 
Adapt4Me exposes word-level uncertainty, supports incremental 
active adaptation, and keeps the personalization loop under direct 
user control. By integrating an uncertainty-aware VI-LoRA-based 

1We use atypical speech and non-normative speech interchangeably to refer to the broad 
population whose articulation deviates from training-data norms (e.g., dysarthria, 
structural impairments, age-related changes). Adapt4Me is method-agnostic across 
these subpopulations. 
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ASR model [31] into a user-friendly interface, Adapt4Me ofers the 
following advantages: 
• Efcient “Cold Start”: A profling method using Greedy Bi-
phone Coverage [29] that bootstraps personalization in minutes 
of training data rather than hours; 

• Uncertainty-Guided Feedback: A visual interface that high-
lights confused phonemes, guiding users to provide personal-
ization data for active learning through direct human-computer 
interaction; 

• Longitudinal Resilience: A lifecycle management feature that, 
unlike comparable systems, explicitly handles non-linear speech 
changes (e.g., post-surgery recovery or puberty voice change) by 
preserving lexical personalization across acoustic re-baselining. 
Adapt4Me is a proof-of-concept prototype that demonstrates 

how advances in ASR models can be converted into tangible solu-
tions to improve communication accessibility for individuals with 
speech impairments. By bridging the gap between technological 
advances and real-world deployment, Adapt4Me enables efcient 
and personalized ASR adaptation that can support speech-impaired 
users over the long term. 

2 Motivation 

Table 1: Comparison of duration in hours of existing speech 
datasets (recording hours are reduced by redundant micro-
phones). 

Domain Dataset Hours 

Normative Common Voice (EN) [2] ∼3,800 
Normative LibriSpeech (EN) [26] ∼1,000 

Dysarthric SAP (EN) [10] ∼415 
Dysarthric UA-Speech (EN) [16] ∼9 
Dysarthric BF-Sprache (DE) [29] ∼2.5 
Dysarthric TORGO (EN) [34] ∼3 

The rich diversity of speech impairments cannot be addressed 
simply by collecting more data, as variability across individuals is 
substantially higher than in normative speech populations [40, 41, 
44]. This high inter-speaker variance poses signifcant challenges 
for training personalized ASR models. As shown in Table 1, available 
non-normative speech resources are orders of magnitude smaller 
than their normative counterparts. Consequently, this data-scarcity 
bottleneck limits the applicability of traditional personalization 
approaches, which are typically data-intensive and depend on ex-
tensive expert annotation, making them impractical for deployment 
in a home settings [27]. In addition, standard personalization ap-
proaches typically fne-tune models on small amounts of user data, 
making them prone to overftting and catastrophic forgetting [6, 23]. 
While Parameter-Efcient Fine-Tuning (PEFT [11]) methods such 
as LoRA [13] partially alleviate these issues, they do not address a 
more fundamental problem: the lack of an efective and accessible 
workfow for personalizing ASR models. Without human-in-the-
loop (HITL [24, 43]) guidance, users often expend efort recording 
redundant data, namely utterances that the model already tran-
scribes well, while failing to gather data that is most informative 

for further reducing recognition errors. This mismatch between 
user efort and model improvement underscores the necessity of 
systems that enable data-efcient personalization while minimizing 
cognitive and physical burden on end users. 

To address both data scarcity and the lack of efective person-
alization workfows in ASR, Adapt4Me is designed following the 
principle of active learning [9, 37]. Rather than treating users as pas-
sive data providers, Adapt4Me positions them as active participants 
in the personalization loop, a paradigm aligned with interactive ma-
chine learning principles [1]. In this setting, users inspect transcrip-
tion outputs, judge their quality, and correct erroneous predictions 
to directly guide model adaptation. This HITL process enables the 
system to focus data collection on informative samples that con-
tribute most to performance improvement. Through Adapt4Me, we 
demonstrate that efective ASR personalization systems must go be-
yond algorithmic adaptation alone: they must reduce human efort 
through targeted interaction and provide actionable feedback that 
supports iterative model improvement in real-world, home-based 
settings. 

3 System Architecture 
The architecture of Adapt4Me follows the three-step workfow vi-
sualized in Figure 2, starting from speech recording to continuous, 
uncertainty-guided adaptation. 

Step 1: Speech Profling. To bootstrap personalization for a 
new user, we employ a Greedy Biphone Coverage algorithm [29]. 
The system frst selects a minimal set of initial words from the 
literature to maximize phonetic variance. These words are used as 
seeds for an LLM prompt to generate semantically and structurally 
coherent training samples. 

Step 2: End-to-End Personalization. Once the initial audio is 
captured, the backend personalizes the model using the VI-LoRA al-
gorithm [31]. This parameter-efcient method stabilizes fne-tuning 
on small datasets and quantifes epistemic uncertainty [30]. We ag-
gregate this uncertainty to calculate a Phoneme Difculty Score (i.e., 
PhDScore), identifying the user’s specifc articulatory struggles [30]. 
This diagnosis drives the Semantic Re-chaining engine to synthesize 
new, targeted sentence prompts rich in these difcult phonemes, 
constructing a personalized training curriculum for the next phase. 

Step 3: Active Learning. Users correct the free speech predic-
tions, guided by word-level uncertainty scores. A key challenge 
is that standard top-� alternatives from ASR models often lack se-
mantic coherence. To address this, we employ a two-pass decoding 
strategy: a coherent pass, which produces semantically consistent 
transcriptions, and a variation pass, which selectively re-samples 
only high-uncertainty words while keeping their surrounding con-
text fxed. 

4 Human-Computer Interaction Design 
Adapt4Me is designed primarily for end users with atypical speech 
to operate themselves; for users with co-occurring cognitive or 
motor limitations (e.g., young children, individuals with secondary 
disabilities), a caregiver can take on the operator role. 

To actively guide user correction, Adapt4Me highlights low-
confdence words in model transcriptions (e.g., “Pylikan” in Figure 2) 
using entropy-based uncertainty scores. These uncertainty scores 
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Figure 2: The Adapt4Me Personalization Lifecycle. Step 1 (Speech Recording): The system creates a "Cold Start" profle using a 
minimized set of 500 words selected via Greedy Biphone Coverage and LLM Prompting [29]. Step 2 (Model Personalization): 
The backend adapts the model. It uses Semantic Re-chaining (SRC) [29] to generate context, calculates the Phoneme Difculty 
Score (PhDScore) to search for highly informative training-samples [30], and fne-tunes the VI-LoRA adapters [31] (Top Right). 
Step 3 (Active Learning): The continuous interaction loop. The model transcribes free speech, highlights uncertain words (e.g., 
“Pylikan”), and generates context-aware N-best suggestions to minimize annotation efort. 

serve two complementary purposes: (1) as a speech diagnostic tool, 
ofering insights into how the model interprets user speech by re-
vealing words or phonemes that consistently cause transcription 
errors; and (2) as a task management tool, directing user attention 
to the most probable errors, thereby eliminating the need to proof-
read correctly transcribed segments and reducing cognitive load 
of the user. Our design choices, word-level color coding paired 
with top-� selection rather than free-text editing, were informed 
by consultation with a clinical logopedist and shaped by the motor 
and cognitive profles of the target population, though they have 
not yet been validated in a formal formative study (see Section 7). 

Motor impairments frequently co-occur with speech impair-
ments in individuals with neurodevelopmental disorders [19], which 
can make fne-grained motor actions such as typing corrections 
difcult and fatiguing. As a result, manually editing ASR outputs 
can become a signifcant barrier for such users [42]. To address 
this challenge, Adapt4Me replaces typing-based corrections with a 

context-aware top-� selection mechanism, allowing users to correct 
errors by simply selecting the appropriate word from a short list of 
alternatives. Manual insertion remains available as a fallback. By 
transforming error correction from a typing task into a lightweight 
selection task, the system substantially reduces physical efort and 
improves accessibility for users with motor limitations. 

To support lifelong ASR personalization, Adapt4Me is designed 
to accommodate the dynamic nature of speech impairments. The 
system incrementally adapts to gradual changes, such as a child’s 
speech development, as users continuously contribute corrected 
samples. In contrast, major physiological changes, including post-
surgical recovery [33] or puberty-related voice changes [28], may 
render an existing personalized acoustic model less efective. In 
such cases, users can re-initiate the system from the initial record-
ing stage to establish a new acoustic baseline, while preserving 
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previously learned semantic and lexical personalization. This de-
sign prevents a complete loss of progress and supports long-term, 
evolving use. 

When transcribing with Adapt4Me, ten forward passes produce 
an inference latency of ≈ 2 s on a standard GPU (e.g. NVIDIA 
GeForce RTX 3090). This is acceptable for the home setting, as 
Adapt4Me was designed primarily to personalize ASR models rather 
than the real-time user experience. We employ a client-server setup, 
with a web application (Client) running on edge devices like tablets 
or smartphones, familiar to children. The computationally intensive 
personalization is ofoaded to a secure cloud backend. This ensures 
that families do not need high-end GPUs for home deployment of 
the system. 

Unlike sound-treated clinical environments, home settings are 
often acoustically noisy. Adapt4Me therefore incorporates a light-
weight Signal-to-Noise Ratio (SNR) check that runs locally in the 
browser to prevent the submission of low-quality recordings, such 
as speech contaminated by background television noise, that could 
degrade system performance. In addition, Adapt4Me also supports 
collaborative use by family members. Prompts are presented in 
large, simple fonts suited to a speech-impaired child, while the 
uncertainty visualization and top-� panel are positioned for an ad-
jacent caregiver to oversee corrections. This arrangement supports 
a dyadic workfow in which the child produces speech and the 
caregiver validates or selects corrections, distributing cognitive and 
motor efort across the pair. 

5 Envisioned Conference Experience 
To efectively demonstrate this home-based, collaborative work-
fow in a conference setting, we will present Adapt4Me via a local 
web interface deployed on a provided laptop and tablet. Because 
conference attendees typically possess normative speech, and be-
cause live model fne-tuning exceeds feasible booth dwell times, the 
demonstration is designed as an interactive, simulated authoring 
scenario. 

Attendees will step into the role of the “human-in-the-loop” (e.g., 
acting as the caregiver or user), tasked with curating pre-recorded, 
anonymized non-normative speech samples. This workfow allows 
attendees to directly experience the system’s core HCI contribu-
tions: interpreting the token-level uncertainty visualizations and 
utilizing the low-friction top-� selection mechanism to correct tran-
scription errors without typing. 

Following the correction phase, attendees will experience a live 
comparison, contrasting the semantic hallucinations of a base-
line Whisper model with the phonetically accurate output of an 
Adapt4Me-personalized model. The physical setup natively sup-
ports the dyadic interaction described above, ensuring a fast, en-
gaging 3-minute fow that accommodates high booth throughput 
while mitigating the challenges of the noisy conference exhibition 
hall. 

6 Evaluation and Clinical Evidence 
We deployed Adapt4Me in a home setting for a teenage user with 
structural speech impairment. As shown in Figure 3, only 75 min-
utes of cumulative interaction (recording and correction) reduced 

Figure 3: Longitudinal user study with a teenage child with 
structural speech impairment. The system reduces word er-
ror rate (WER) from a non-functional ∼70% to usable ∼25% 
within under 90 minutes of total interaction. Uncertainty-
aware active learning (orange/grey bars) eventually outper-
forms the full fne-tuning baseline (blue dashed line), demon-
strating the efectiveness of VI-LoRA in data-scarce regimes. 

the Word Error Rate (WER) from a non-functional 70% of a Whis-
per Large baseline [32] to a usable level of approximately 25%. The 
proposed active learning pipeline with VI-LoRA fne-tuning out-
performed a brute-force full-parameter fne-tuning baseline (blue 
dashed line) while using substantially less data, providing prelim-
inary evidence that targeting high-uncertainty phonemes is an 
efcient personalization strategy. We note that these fndings come 
from a single longitudinal deployment and treat them as illustra-
tive rather than conclusive; broader evaluation across speakers is 
ongoing. Qualitative analysis further shows that personalization 
restores communicative intent. Rather than producing semantic hal-
lucinations, the adapted model makes phonetically plausible errors 
that remain intelligible to humans. For example, when dictating 
Swiss train stations (“Wiedikon, Enge, Thalwil, Baar” ), the base-
line hallucinated unrelated sentences, whereas Adapt4Me produced 
“Vidikon, Enne, Talwil, Borg”. Despite high WER, these phonetic 
spellings are understandable in context, making the system useful. 
Because residual errors remain phonetically grounded in the user’s 
intent, downstream conversational use (e.g., dictation, voice-agent 
commands) continues to convey meaning even when WER alone 
would suggest unusability, a qualitative pattern we have observed 
repeatedly in live testing. Prior work [30] validated model-predicted 
phoneme difculties against clinical logopedic assessments. The 
strong correlation between the model’s internal uncertainty esti-
mates and therapists’ evaluations confrms that the visual feedback 
provided by Adapt4Me is clinically meaningful rather than a mere 
statistical artifact. 

7 Future Work 
Adapt4Me ofers a novel platform for large-scale speech science. By 
aggregating anonymized model states, specifcally the trajectories 
of uncertainty heatmaps, researchers could perform meta-analysis 
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on speech patterns without manual annotation. This could reveal 
latent population-level clusters, such as distinguishing between age-
related phonetic drift and pathology-driven changes, efectively 
turning the ASR model into a diagnostic sensor. 

We also plan a formative study with end users and caregivers to 
validate the uncertainty visualization and top-� correction inter-
face, examining whether the chosen visual encoding and interac-
tion granularity match users’ actual needs. Closely related, we are 
interested in the social dynamics of dyadic personalization, how 
parent-child or caregiver-user pairs negotiate authority over correc-
tions and how their difering goals (accuracy, speed, engagement) 
shape the personalization trajectory. 

Finally, sustained engagement, especially for child users, will 
likely require gamifcation of the correction loop. Casting prompt 
recording and top-� selection as a reward-driven game could turn 
a repetitive curation task into a motivating activity, an avenue we 
view as essential for real-world long-term deployment. 
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