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Figure 1: Overview of EvolveCaptions. (1) Hearing users correct live captions of the DHH speaker’s voice. (2) The DHH speaker
records targeted phrases generated from the corrected terms. (3) The Whisper ASR model is fine-tuned with the recordings and
adapts to the speaker over time.

Abstract
Current ASR systems struggle to reliably recognize the speech of
Deaf and Hard of Hearing (DHH) individuals, particularly in real-
time communication. Existing personalization methods typically
require extensive pre-recorded data and place the burden entirely
on DHH users. We present EvolveCaptions, a live ASR adaptation
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system that supports collaborative, in-the-moment personalization.
Hearing participants correct ASR errors during conversation, and
the system generates short, phonetically relevant phrases for the
DHH speaker to record. These recordings are then used to itera-
tively fine-tune the ASR model. In a preliminary evaluation, our
system reduced word error rate from 0.53 to 0.27 over four adap-
tation rounds with minimal user effort. This work introduces a
low-effort, socially collaborative method for adapting ASR to di-
verse DHH voices in real-world settings.

CCS Concepts
• Human-centered computing→ Accessibility systems and
tools.
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1 Introduction
Automatic Speech Recognition (ASR) has found widespread ap-
plication and stands as a crucial tool enhancing communication
experiences for people. However, the diverse array of speaking
styles presents a challenge in developing a universally accurate
ASR system capable of recognizing speech from different individu-
als [1, 3, 13]. Despite the remarkable performance of state-of-the-art
ASR models on numerous speech benchmarks [6], they still strug-
gle to accurately transcribe the speech of deaf and hard of hearing
(DHH) individuals [5, 16], contributing to inequities in access to
communication technologies for people with atypical or disordered
speech [4, 7]. DHH speech can vary widely in pronunciation—both
across and within individuals—sometimes making it challenging to
understand, even for familiar listeners [2, 10].

Prior approaches to improving ASR for DHH speakers, such as
Project Euphonia [9] and Tobin et al. [15], have relied on large-
scale, pre-recorded datasets collected in controlled settings. How-
ever, these methods face three key limitations. First, they impose
a substantial motivational burden: asking DHH individuals to
spend hours recording scripted speech is taxing and impractical.
Second, they lack contextual relevance: the collected samples
are disconnected from real-world usage, limiting their ability to
generalize to the variability and spontaneity of live conversation.
Third, they treat ASR adaptation as a solitary, pre-emptive
task, placing the full responsibility on the DHH individual, with
no mechanisms for real-time, collaborative improvement during
actual communication.

In this demo paper, we present EvolveCaptions, an interactive
ASR adaptation system that enables real-time, collaborative person-
alization of ASR to a DHH speaker’s voice during live conversations.
The system works as follows in a mixed-ability setting: when a
DHH individual speaks, the ASR system transcribes their speech in
real-time. Hearing participants simultaneously read the transcript
and correct any errors. These error-marked segments are sent to a
language model (GPT-4), which generates phonetically plausible
alternatives based on the identified keywords. The DHH speaker
then records only those brief corrected phrases, which are used
to fine-tune the ASR model. This process is repeated iteratively,
allowing the model to incrementally adapt to the speaker’s unique
vocal characteristics with minimal effort.

By focusing only on misrecognized segments, EvolveCaptions
minimizes the recording effort required from the DHH speaker
while maximizing the relevance of collected training data. This
reduces the motivational barrier to participation and ensures that
ASR adaptation is grounded in the actual context of communication,
which static, pre-recorded methods fail to achieve. Our approach

also reframes ASR training as a dynamic, in-the-moment process
and redistributes the accessibility workload: hearing participants
actively contribute by flagging and correcting errors as they occur.
This design draws on the principle of collective access, which em-
phasizes shared responsibility in creating accessible environments
[11, 12, 14].

We conducted a preliminary evaluation with one DHH-hearing
participant pair, where the DHH user read a 10-minute script over
five iterative trials. After each trial, the hearing participant cor-
rected transcription errors (around 20–25 per session) and the DHH
participant recorded short corrected segments (~2 minutes per trial).
We observed a substantial improvement in transcription quality,
with Word Error Rate (WER) dropping from 0.53 to 0.27 over five
rounds of adaptation. Qualitative feedback from both participants
highlighted that the systemwas intuitive, low-effort, and seamlessly
integrated into the communication flow.

In summary, our work contributes a novel, live-collaborative
method for adapting ASR to DHH speakers, leveraging both ma-
chine intelligence and social interaction to reduce effort and im-
prove equity in communication technology.

2 The System
EvolveCaptions is an interactive ASR adaptation system designed to
support mixed-hearing communication by enabling real-time cap-
tion correction and lightweight, speaker-specific model fine-tuning.
The system allows hearing participants to collaboratively improve
captions while automatically generating targeted prompts for the
DHH speaker to record, thus refining the ASR model with minimal
extra effort. We describe the design motivations, key components,
and technical implementation of the system (see Figure 1).

2.1 Design Rationale
EvolveCaptions is grounded in three design goals:

(1) Low-effort personalization: DHH users contribute short
recordings only for misrecognized words, dramatically re-
ducing the time and effort typically required for model adap-
tation [15].

(2) In-situ adaptation: Instead of relying on pre-collected datasets,
our system adapts the ASR model in the context of real com-
munication, improving both relevance and effectiveness.

(3) Collaborative correction: The system enables hearing
users to assist by identifying and correcting ASR errors,
aligning with the principle of collective access [11, 14].

These design choices reflect a shift from solitary, pre-emptive
adaptation to a socially co-constructed ongoing process.

2.2 Interaction Workflow
Each EvolveCaptions session includes a three-stage loop:

(1) Live caption correction: The system transcribes the DHH
speaker’s voice and displays live captions. Hearing users can
highlight errors and make corrections in real-time (Figure
1.1).

(2) Clause generation and recording: The system uses cor-
rected words to generate short, natural clauses (via GPT-4)
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that include the corrected term. The DHH speaker reads only
these targeted phrases (Figure 1.2).

(3) ASR model update: The system fine-tunes the ASR model
in the background using the new recordings, improving its
performance over time (Figure 1.3).

This loop is repeated across conversations, progressively refining
the ASR model to better match the speaker’s unique vocal patterns.

2.3 System Components
EvolveCaptions consists of four main components:

2.3.1 Caption Display. The system transcribes speech using a
Whisper-based ASR engine and displays real-time captions to all
participants. Hearing users can correct transcription errors directly
by selecting individual words or short phrases. Inspired by prior
crowd-correction interfaces [8], our design allows users to mark
confirmed corrections (highlighted in yellow) and uncertain seg-
ments (in red), offering flexible feedback even when exact transcrip-
tions are unclear (see Figure 1.1). All corrections are broadcast to
participants in real-time.

2.3.2 Clause Generation. Corrections provided by hearing users
are used to generate full clauses for the DHH speaker to record.
For each corrected error, the system creates one short clause using
OpenAI GPT-4. The model is prompted to produce phrases that are
conversational (5–15 words), natural-sounding, and phonemically
similar to the original misrecognized utterance (see full prompt in
the Appendix). For example, if “fok” was misrecognized as “fork,”
the system might generate: “She picked up the fork from the table.”
This contextual generation ensures that speaker recordings are both
natural and effective for improving model performance.

2.3.3 Recording Collection. Generated clauses are presented to the
DHH speaker in a user-friendly interface that allows them to record
selectively (see Figure 1.2). Each clause includes a waveform display
for visual feedback and playback functionality. Users can re-record,
delete, or upload samples at will. The aim is to make recording
intuitive and low-effort while ensuring high-quality, targeted data
collection.

2.3.4 ASR Engine. EvolveCaptions uses OpenAI’s Whisper base
model for real-time speech recognition and personalized fine-tuning.
During inference, the engine receives 16 kHz, 16-bit PCM audio
via WebSocket and transcribes it using a low-latency setup. Whis-
per runs on an NVIDIA RTX 4090 GPU and streams captions to
the interface with minimal delay, comparable to commercial ASR
services. For fine-tuning, corrected audio-text pairs are formatted
as HuggingFace datasets. Data is padded and collated for batch
training, and the model is fine-tuned using Seq2SeqTrainer with
lightweight settings (learning rate 1e-5, batch size 8, max steps 100).
The updated model is deployed for future sessions.

2.4 System Implementation
EvolveCaptions is built as a cross-platform web application with
a Python-based backend. The frontend is implemented in ReactJS
using Vite for fast deployment. It includes modules for real-time
caption viewing, correction, and DHH recording. Audio input is cap-
tured using React’s Audio Worklet and streamed via WebSocket to

the backend, which is built in FastAPI. The backend handles caption
inference, correction tracking, and model training. We extended
the open-source WhisperLive project for low-latency, chunked
transcription. Corrections and metadata are stored in CSV/JSON
formats, and a connection manager tracks sessions between users.
All communication is secured over HTTPS with CORS enabled,
supporting integration with external web tools or deployment on
public servers.

3 Pilot User Evaluation
To evaluate EvolveCaptions, we conducted a preliminary study with
one DHH–hearing participant pair. Both participants were fluent in
written English and familiar with captioning tools. The DHH partic-
ipant (33, male) was severe-to-profound deaf and self-identified as
hard-of-hearing. The evaluation was designed to simulate a natural
interaction while supporting controlled iteration. The DHH partic-
ipant read aloud a 10-minute passage sourced from CNN Health
news, while the hearing participant monitored and corrected the
captions. After each session, the DHH participant recorded system-
generated prompts. This cycle was repeated four times in one day
to balance adaptation opportunities with participant effort. Each
session lasted approximately 15 minutes.

Across the four iterations, the hearing participant made an aver-
age of 24 corrections per session (28, 21, 23, 24). The DHH partici-
pant contributed roughly 2 minutes of audio per round (160, 113,
125, 106 seconds). Starting with the Whisper base model, the initial
Word Error Rate (WER) was 0.53. After the first adaptation round,
WER dropped to 0.36, and by the fourth round declined to 0.27,
demonstrating the system’s ability to improve recognition accuracy
with minimal, targeted user effort (see Figure 2).

Figure 2: Word Error Rate (WER) improvement across four
iterations using EvolveCaptions in our preliminary evalua-
tion.

Qualitative feedback from both participants was generally pos-
itive. The DHH participant found the interface easy to use and
appreciated that the recording prompts targeted phonemes they
often pronounced differently—such as the “sh” sound—making the
training feel personalized and purposeful. They also noted satisfac-
tion in seeing ASR accuracy improve over time with little burden.

The hearing participant found the correction interface intuitive
and described the editing task as lightweight. However, they noted
that in fast-paced conversations, making timely corrections could
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be cognitively demanding. They suggested that correction might
be more sustainable in settings where the hearing person plays
a more passive or secondary listening role (e.g., group meetings).
Both participants appreciated that the system allowed flexible par-
ticipation—they could choose to correct or record as much or as
little as they had energy or time for.

4 Limitations and Future Work
While EvolveCaptions shows promising results in improving ASR
performance for DHH speakers with limited user effort, this work
has several limitations. First, our evaluation involved only a single
DHH–hearing pair, and further studies are needed with a broader
range of speakers and speech styles to generalize findings. Second,
the study involved the DHH participant reading the same script
multiple times—useful for measuring incremental model adaptation
but not reflective of natural conversational contexts. Third, our fine-
tuning pipeline, while functional, remains resource-intensive and
could benefit from further exploration of lightweight, on-device,
real-time adaptation strategies.

Futureworkwill explore long-term, in-situ deployments of Evolve-
Captions, including use in classroom or meeting environments
where multiple hearing participants may contribute corrections col-
laboratively. We also aim to investigate how many corrections are
sufficient for meaningful improvement, which types of recognition
errors matter most for performance, and how to optimize the bal-
ance between user effort and ASR gains. Our planned larger-scale
study would help us better understand how correction behaviors
vary across contexts and how the system can adapt accordingly.

5 Conclusion
EvolveCaptions demonstrates a new approach to ASR personal-
ization for DHH speakers by combining live human correction,
targeted data collection, and collaborative interaction. By involving
hearing participants in the correction process and focusing training
on misrecognized speech, the system enables low-effort, real-time
ASR adaptation grounded in principles of collective access. Our pre-
liminary findings show that even a small set of targeted recordings
can substantially improve model accuracy. We believe this work
highlights a promising direction for equitable, human-centered ASR
systems that adapt not only to speech but also recognize accessibil-
ity as a collaborative, social process.
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A Prompt provided to GPT-4 for generating
recording clauses
Prompt

You are generating short, spoken English clauses to help
improve an automatic speech recognition (ASR) system.
Based on a word that was misrecognized by ASR, your
goal is to create a new clause (5–15 words) that:

— Sounds natural in a daily conversation
— Contains the corrected word in a prominent, clear
context
— Has a similar phonetic structure to the original sentence

Original words: "{original}"
Corrected words: "{corrected}"

Generate one new clause that can be used to help the ASR
model learn this correction. Just reply with the clause (no
quotes, no explanation).
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