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ASR is widely used in tools like voice assistants and translators
but often struggle to transcribe stuttered speech, impacting 80
million PWS. Our research question is: How can fine-tuning
ASR models improve recognition of disfluent speech?

We evaluated models on English and Mandarin stutters and
fine-tuned them to reduce bias’ to make ASR technology more
Inclusive and accessible.

" Inequalities in transcription accuracy between fluent and stuttered speech

DATA & METHODS

Datasets

e LibriStutter [1]: 20 hours of English stuttered speech audio.
e StammerTalk [2]: 50 hours of Mandarin stuttered speech audio.

Stutter Types
. Word Repetition: Repeating entire words (e.g., "I-I-| want").
. Sound Repetition: Repeating single sounds (e.g., "b-b-b-ball").
. Phrase Repetition: Repeating full phrases (e.g., "l like | like | like").
. Blocks: Complete stoppage of speech, often with tension.
. Prolongation: Stretching sounds out (e.g., "ssssee").
. Interjection: Adding filler sounds or words (e.g., "um," "uh").

Model Training Pipeline

We fine-tuned OpenAl's Whisper-base ASR model [3] for each of the
English and Mandarin dataset. Fine-tuning improves model performance
by further training it on specific datasets to better handle stuttering.
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Figure 1. ASR fine-tuning workflow. Datasets were preprocessed, and Whisper-base
was fine-tuned with learning rate (n) and dropout rate (p), evaluated, and published.

MANDARIN StammerTak

Evaluation Metrics
e WER(Word Error Rate) — Used for English’s word-based structure

e CER(Character Error Rate) — Used for Mandarin’s monosyllabic
structure

e WER(CER) =

Insertions + Deletions + Substitutions
Total Words(Characters) in Ground Truth

RESULTS
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Figure 2. Mean WERs of ASR models on stuttered speech.

ENGLISH MODEL: WER 20.4% - 6.2% (-14.2%)
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Figure 4. Train/validation loss for English fine-tuning.

Comparison of Finetuned and Baseline Whisper on English
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Figure 5. Compares baseline and fine-tuned English
model's WER across stutter types.

WER Comparison Between Fluent vs Stuttered Speech
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MANDARIN MODEL: CER 66.4% - 19.0% (-47.4%)
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Figure 6. Train/validation loss for Mandarin fine-tuning.
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Figure 7. Compares baseline and fine-tuned
Mandarin model's CER across stutter types.
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CONCLUSIONS

14.2% WER reduction for the English fine-tuned model
and 47.4% CER reduction for the Mandarin model, proving

their robustness and adaptability for stuttered speech.
* Fine-tuned models are available on Hugging Face [4][5].

While even large corporations like OpenAl have not fully
addressed diverse speech patterns in ASR systems, our
work sets the foundation for inclusive Al that supports
marginalized communities.

This research encourages ASR developers to prioritize
inclusivity and build equitable Al for all, including 80M PWS.

KEY FINDINGS

Fine-tuning significantly improved sound/word repetitions
— Our models successfully address the repetitive nature of
stuttered speech

English Model: WER dropped to ~5% across all stutter types
— Model performs stable on stuttered English

Mandarin Model: Prolongation had the highest CER
— Mandarin is tonal language. Elongated sounds could
disrupt tonal patterns, causing inaccurate transcription.

— Linguistic factors significantly impact ASR performance!

Ground Truth

Whisper Base Transcription | WER 59%

Fine-Tuned Transcription | WER: 0%

... doone (Word Repetition) ... to man
that you're a liar he added can you
ever be (Phrase Repetition) happy ...

... dune dune dune ... the cheerleyer he | ... doone ... to man that you're a liar
added can you ever be can you ever
be can you ever be happy ...

he added can you ever be happy ...

Table 1. Example transcriptions from the baseline and fine-tuned models. The base model struggles with repetitions,
while the fine-tuned model accurately removes repetitions, showing its effectiveness in handling disfluencies.

FUTURE WORK

e Fine-tune ASR models on diverse languages, dialects, and
accents to expand inclusivity.

e Create publicly available stuttered speech datasets by
collaborating with communities to address data scarcity.
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