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Abstract
While the last decade has witnessed significant advancements
in Automatic Speech Recognition (ASR) systems, performance
of these systems for individuals with speech disabilities re-
mains inadequate, partly due to limited public training data.
To bridge this gap, the 2025 Interspeech Speech Accessibility
Project (SAP) Challenge was launched, utilizing over 400 hours
of SAP data collected and transcribed from more than 500 in-
dividuals with diverse speech disabilities. Hosted on EvalAI
and leveraging the remote evaluation pipeline, the SAP Chal-
lenge evaluates submissions based on Word Error Rate and Se-
mantic Score. Consequently, 12 out of 22 valid teams outper-
formed the whisper-large-v2 baseline in terms of WER, while
17 teams surpassed the baseline on SemScore. Notably, the top
team achieved the lowest WER of 8.11%, and the highest Sem-
Score of 88.44% at the same time, setting new benchmarks for
future ASR systems in recognizing impaired speech.
Index Terms: SAP challenge, ASR, accessibility, dysarthria

1. Introduction
Automatic Speech Recognition (ASR) has witnessed remark-
able advancements in recent years, primarily driven by the
development of deep neural networks (DNN) and the explo-
sive growth of training data. End-to-end ASR systems, in
particular, leveraging self-supervised learning (SSL) or large-
scale weakly-supervised learning techniques, have become the
standard paradigm which achieved significant improvements in
recognition accuracy and overall performance. These progres-
sions have enabled ASR technologies to become increasingly
integrated into various applications.

However, a notable performance gap remains when recog-
nizing speech from individuals with disabilities compared to in-
dividuals without disabilities. As reported in [1], between 2008
and 2023, the lowest error rates for dysarthric ASR decreased
by a factor of three, while for individuals without dysarthria,
the error rates decreased by a factor of five. One primary cause
of this disparity is the limited availability of large-scale, di-
verse data for the standardized and repeatable training and test-
ing of ASR models against dysarthric speech: The largest pub-
licly available English corpus meeting these criteria from 2008
to 2023 was the UA-Speech [2] corpus, which includes 22 hr
of speech by 16 speakers. To address the scarcity of special-
ized data that prevents ASR systems from effectively gener-
alizing and adapting to impaired speech, the Speech Accessi-
bility Project (SAP [1]) is systematically collecting, transcrib-
ing, and distributing U.S., Canadian, and Puerto Rican English
speech from individuals with speech disorders. This effort aims
to prompt research and development in impaired speech recog-
nition, thereby enhancing ASR technology for people with di-

verse speech patterns and disabilities.
In alignment with these objectives, we launched the In-

terspeech 2025 Speech Accessibility Project (SAP) Challenge,
aimed at rapidly advancing the state of the art in dysarthric
speech recognition. To the best of our knowledge, this is the
first impaired speech recognition challenge utilizing a large-
scale speaker-independent corpus. The challenge utilizes the
partial SAP dataset released on April 30, 2024, containing over
400 hours of speech data collected from more than 500 indi-
viduals with disabilities. For the remainder of this paper, we
will refer to this dataset as SAP-240430. We host the SAP
challenge1 through EvalAI [3]. To protect data privacy, we uti-
lize EvalAI’s remote evaluation pipeline, ensuring that evalu-
ations are conducted on a private server provided by The Na-
tional Center for Supercomputing Applications (NCSA), which
securely stores the test data. Competition model submissions
are assessed based on two primary metrics: Word Error Rate
(WER) and Semantic Score (SemScore). WER serves as a tra-
ditional measure of ASR accuracy by quantifying the discrep-
ancies between the recognized words and the ground truth tran-
scripts. SemScore, on the other hand, evaluates the semantic
fidelity of the transcriptions, assessing the degree to which the
transcription preserves the intended meaning and context. We
divided the test data into two subsets: Test1 and Test2. Re-
sults from Test1 are used to benchmark participants on a public
leaderboard, while results from Test2 remain hidden on a private
leaderboard until the competition concludes. Final team rank-
ings are based on the outcomes from the private leaderboard.
As a result, the SAP Challenge received valid results from 22
teams, 12 of which surpassed the baseline (whisper-large-v2)
on WER, and 17 showed better SemScore. The leading team
attained the lowest WER of 8.11%, as well as the highest Sem-
score of 88.44%, establishing new benchmarks for future ASR
systems in the domain of impaired speech recognition.

2. Data, Metrics, and Baseline
2.1. Data

In this section, we provide a comprehensive overview of the
SAP-240430 dataset utilized in the SAP Challenge. Compris-
ing approximately 415 hours of impaired speech, the dataset
includes contributions from 524 participants diagnosed with
one of the following five etiologies: Parkinson’s Disease (PD),
Down Syndrome (DS), amyotrophic lateral sclerosis (ALS),
cerebral palsy (CP), or stroke. Contributors to the corpus were
recruited by the University of Illinois, in collaboration with
patient advocacy organizations; all procedures were approved
by the Institutional Review Board at the University of Illinois.

1https://eval.ai/web/challenges/challenge-page/2362
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Table 1: Statics about the (processed) SAP-240430 dataset for
each split, including the number of speakers (# of speakers),
number of utterances (# of utterances), and the duration of
speech data in hours (Duration (h)).

Split # of speakers # of utterances Duration (h)

Train 369 131,420 290.35
Dev 55 19,275 43.56
Test1 50 18,397 42.16
unshared 50 7,601 25.17

Test2 50 17,752 38.77
unshared 50 8,043 23.39

Speech for this competition was primarily recorded during the
period April through December 2023, when the Speech Ac-
cessibility Project was only recruiting participants with PD,
therefore the dataset for this competition was dominated by
speech from people with Parkinsons Disease: 73.4% of the
training corpus, and 75.9% of the test corpus, by speech dura-
tion, were recorded by people with PD. The most common type
of dysarthria for people with PD is hypokinetic dysarthria [4],
which is characterized by constant low energy levels, flat pitch,
articulatory reductions, and voicing that is often breathy or even
whispered [5, 6]. Some speakers, however, exhibited speech
patterns that differed markedly from the norm, including seven
speakers who produced extremely long sequences of stutter
events, and others who exhibited spasticity, extremely rapid
speech, and extremely slow speech. The dataset is partitioned
into Training, Development, and Test sets following a 70:10:20
ratio, ensuring that each split contains unique speakers with no
overlaps on the speaker-level. Participants were selected for dev
and test sets with equal probability regardless of etiology. Fur-
thermore, the Test set is subdivided into two equal parts, Test1
and Test2. During inference, we employ the “unshared” test
subsets, which excludes any utterances whose text also appears
in the training data. As outlined in section 1, the evaluation re-
sults from the Test1 “unshared” subset are publicly available for
benchmarking purpose, while the final rankings of participants
are determined based on the results from the Test2 “unshared”
subset.

Participants are provided with the unprocessed and pro-
cessed Train and Dev sets, and the corresponding pre-
processing pipeline2. The speech data was down-sampled to
a standardized sampling rate of 16 kHz, and transcriptions were
normalized according to the following rules:
• Words enclosed in square brackets were removed, including

spontaneous speech prompts, and speech-language patholo-
gist (SLP) comments, where no associated audio exists.

• The notation {g:w}, used to denote annotator uncertainty
(“guess”) about the word w, was replaced by an instance of
the word w without markup. Symbols denoting unknown
words were all replaced with “UNK” to ensure consistent
treatment of ambiguous content.

• To support the development of ASR systems capable of han-
dling disfluencies effectively, two transcript versions were
provided: one including disfluencies and self-corrections
(reparanda) [7, 8], each enclosed in parentheses, and another
with disfluencies and reparanda removed.

• Basic text normalization was performed using the NeMo Text
Normalization Toolkit [9], converting elements such as nu-

2https://github.com/xiuwenz2/SAPC-template

meric digits, special punctuation marks and abbreviations
into their corresponding spoken equivalents. Subsequently,
a comprehensive manual review was conducted to address
normalization errors and insert spaces between the letters of
abbreviations.

• To ensure consistency in the final transcripts, all punctuation
was eliminated except for apostrophes within words, and the
text was transformed to uppercase.

The detailed information about each data subset within SAP-
240430 (after data pre-processing) is presented in Table 1.

2.2. Metrics

The SAP Challenge employs word error rate and semantic score
as evaluation metrics. Given that ASR models may handle dis-
fluencies differently, two versions of reference transcripts—one
including disfluencies and the other excluding them—were pre-
pared, as described in Section 2.1. During evaluation, the tran-
script version that optimizes the metric for each test utterance
(i.e., lower WER or higher SemScore) is selected dynamically.
The top-performing team for each metric is recognized, estab-
lishing benchmarks to guide future research. To promote trans-
parency and reproducibility, the evaluation scripts2 are publicly
available.

Word Error Rate is a standard metric for evaluating ASR
system performance. It quantifies transcription accuracy by cal-
culating the normalized string edit distance between the hypoth-
esis generated by the ASR system and the ground truth refer-
ence. To eliminate potential bias from unusually high WER
values, we limited the maximum WER to 100% for each utter-
ance. Some downstream applications use ASR to capture the
details of an utterance (including disfluencies and reparanda),
while others seek to capture only the intended utterance, there-
fore the WER for each utterance was calculated by comparing
the hypothesis transcript to two different reference transcripts
(with and without disfluencies and reparanda), and choosing the
smaller of the two. Consequently, for a given test set consisting
of M utterances, the formula used in this challenge to calculate
WER is as follows:

WER =

∑M
i=1 WERi ·N∗

i∑M
i=1 N

∗
i

, (1)

WERi = min

(
1, min

j∈{0,1}

(
Si,j +Di,j + Ii,j

Ni,j

))
, (2)

where Si,j , Di,j , Ii,j , and Ni,j represent utterance-level counts
of substitutions, deletions, insertions, and words in the ith ref-
erence transcript with (j = 0) or without (j = 1) disfluencies,
respectively, and N∗

i is denominator of the minimizer of Eq. (2).
Semantic Score redefines ASR evaluation by shifting the

focus from word-level accuracy to assessing how effectively
transcriptions preserve the utterance-level intended meaning
and contextual coherence. The SAP Challenge employs a com-
prehensive version of SemScore introduced in [10]. This Sem-
Score was designed to capture the degree to which an ASR tran-
script is understandable by human readers. Six human readers
each compared ASR hypothesis transcripts to reference tran-
scripts, and used a Likert scale to label the degree to which the
speaker’s meaning can be understood from the ASR hypothesis.
These human ratings were then used to determine linear regres-
sion weights that combine three objective scores: the MENLI
logical entailment score [11], which employs natural language
inference (NLI) to evaluate whether the logical content of the
reference transcript is maintained in the ASR hypothesis; the
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Table 2: Baseline model results on SAP-240430 Test1/Test2 un-
shared subsets. *Wav2vec-based models are all fine-tuned on
LibriSpeech-960h.

Model WER % ↓ SemScore % ↑

whisper base 27.17/31.08 68.16/62.41
base.en 20.87/24.49 73.68/68.25
large.v2 14.97/17.82 82.26/75.85
large.v3 21.06/22.81 81.82/75.89
large.v3.turbo 22.48/22.40 81.48/76.04

wav2vec* base 33.90/39.16 64.03/57.49
large 27.82/33.08 69.00/61.70
large.robust 22.80/26.55 74.91/68.77

Table 3: Performance (WER %, SemScore %) of top 5 teams
and the baseline, on SAP-240430 Test2/unshared subset

Team WER % ↓ Team SemScore % ↑

a 8.11 a 88.44
b 10.03 b 86.19
c 10.51 c 85.50
d 10.90 h 84.93
e 11.62 d 84.50

* 17.82 * 75.85

BertScore F1 semantic similarity score [12], which uses con-
textual embedding to measure the semantic similarity between
the hypothesis and reference transcript; and the Soundex Cod-
ing phonetic distance3, which quantifies the degree of phonetic
similarity between the hypothesis and the reference transcript,
thereby assessing how accurately original pronunciation is pre-
served.

SemScore = α ·ScoreNLI+β ·ScoreBERT+γ ·ScoreSoundex, (3)

where ScoreNLI is computed using a fine-tuned RoBERTa-large
model [13], while ScoreBERT is obtained using the official code-
base4. The ScoreSoundex is calculated using Soundex with Jaro-
Winkler similarity3. Hyperparameters α, β, γ are empirically
determined5 via linear regression with 5-fold cross-validation
using human-rated ASR hypothesis-reference pairs.

2.3. Baseline System

In order to ensure that the competition baseline is easily acces-
sible to all participants, open-source ASR systems with pub-
licly available model parameters were tested without any fur-
ther finetuning, and the system with the lowest WER on the
Test1 and Test2 unshared subsets was chosen as competition
baseline. As shown in Table 2, the official whisper-large-
v26 model, featuring 1.55 billion parameters, achieved the best
WER, with 14.97% on Test1 and 17.82% Test2. Consequently,
it was chosen as the challenge baseline. Part of OpenAI’s
Whisper [14] family, the model leverages a transformer-based
encoder-decoder architecture and scales weakly supervised pre-
training to an extensive 680,000 hours of audio, with 117,000
hours covering 96 languages beyond English.

3https://ics.uci.edu/∼dan/genealogy/Miller/javascrp/soundex.htm
4https://github.com/Tiiiger/bert score
5α = 0.40, β = 0.28, γ = 0.32
6https://github.com/openai/whisper
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Figure 1: Ranked performance of all participating teams by
WER % (top) and SemScore % (bottom), with baseline results.
Note that for a single team, the best WER and the best SemScore
may come from different submissions.

3. Results and Discussion
Around 40 parties joined the SAP Challenge by signing the
Data User Agreement (DUA)7. Among these participants, 22
teams progressed to the submission stage, benchmarking their
performance on the SAP-240430 Test1/unshared split, with re-
sults displayed on the public leaderboard. Figure 1 illustrates
the ranked final outcomes of all participating teams on the
Test2/unshared split, which was held until the conclusion of
the challenge. To protect the privacy of the participants, the
teams’ original names have been replaced with the letters a–v
throughout the paper. Notably, 12 out of 22 teams outperformed
the baseline system on WER, while 17 teams achieved a higher
SemScore.

As detailed in Table 3, the top 5 teams achieved comparable
results, each demonstrating strong performance. The leading
team achieved a WER of 8.11%, and a SemScore of 88.44%,
which represent relative improvements of 54.49% and 16.60%
over the baseline, respectively.

We conducted additional analyses on the 29 top-performing
systems from each team. In cases where a team’s best WER
and best SemScore came from different systems, both systems
were included. SemScore is computed as a linear combina-
tion of logical entailment, semantic similarity, and phonetic dis-
tance, therefore there is no a priori necessity for its rankings to
closely match the system rankings produced by WER. Never-
theless, we find that WER and SemScore exhibit a highly sig-

7https://speechaccessibilityproject.beckman.illinois.edu/conduct-
research-through-the-project
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nificant negative correlation, with a Pearson correlation coeffi-
cient of ρ = −0.9649. In most cases, rank order differences
between the two scoring metrics were observed when systems
had very similar scores. Among the 22 participating teams, 7
teams achieved their best WER and SemScore through two sep-
arate submissions. On average, the team-wise difference be-
tween the paired submissions is 0.92% (std: 1.47) for WER
and 1.12% (std: 1.24) for SemScore. We analyzed the system
pair that exhibited the largest performance differences across
our two metrics, and the following example illustrates that a
lower WER does not necessarily correspond to a higher Sem-
Score. Given the reference sentence ‘how do you spell exer-
cise,’ the two ASR systems produced the hypotheses ‘how do
you feel exercise’ and ‘how to spell exercise.’ The first hypoth-
esis retains more of the reference words but less of the reference
meaning (WER=20%, SemScore=41.84%); the second hypoth-
esis retains fewer reference words but more reference meaning
(WER=40%, SemScore=90.36%).

The baseline Whisper system tends to omit disfluent seg-
ments in transcription. In terms of WER, 3.48% of the Test2
hypotheses favor references containing disfluencies (Type 1),
while 11.86% prefer references without disfluencies (Type 2).
The remaining 84.66% shows no preference, either because the
references contain no disfluency or the WER is identical for
both references types. As for SemScore, 12.74% prefer refer-
ence Type 1, whereas 21.6% choose Type 2. Among the 29
selected systems, only three exhibit a preference for transcrib-
ing disfluencies both in terms of WER and SemScore, two of
which are from team e. This tendency may result from a com-
bination of the foundation model’s architecture and the type of
references used for training and fine-tuning.

For etiology-specific analysis, we focus on individuals with
PD and ALS due to the limited number of speakers in the Test 2
split for DS, CP, and Stroke. The baseline model achieves com-
parable WERs of 17.09% for PD and 16.88% for ALS while
the top five models ranked by WER reduce these to an average
of 10.06% and 7.36%, respectively. For SemScore, the base-
line model achieves 77.99% for PD and 74.08% for ALS, with
the top five models improving these to an average of 86.91%
and 88.11%. Despite PD being the dominant etiology in the
dataset, the relative improvement for ALS is larger, possibly
due to lower variability among ALS speakers in the Test2 split.
Specifically, the baseline model’s average speaker-level WERs
are 18.47% (std:0.1933) for PD and and 16.29% (std:0.1032)
for ALS, and the best model from team a reduces these to 9.61%
(std:0.1401) and 5.05% (std:0.0330).

To gain deeper insights, we analyze the architectures, train-
ing strategies and key techniques adopted by the top-performing
teams. As presented in Table 4, all proposed ASR systems build
upon existing large, publicly available foundation ASR models,
namely parakeet from NVIDIA8 and whisper from OpenAI. By
fine-tuning these models on the SAP data, they achieve sub-
stantial improvements in ASR performance and robust general-
ization for unseen speakers with dysarthria. In addition, team
a and b both adopt audio segmentation strategies by dividing
long audio files into shorter clips. To improve model robustness,
Team a employs model-merging that combines multiple check-
points, while Team c addresses the hallucination problem using
WhisperX preprocessing pipeline and rule-base postprocessing.
Team d boosts overall ASR accuracy through leveraging large
language models to refine transcriptions. Team h explores per-

8https://huggingface.co/collections/nvidia/parakeet-
659711f49d1469e51546e021

Table 4: Comparison of model architectures, training strate-
gies, and core techniques of selected teams and the baseline

T. Model Descriptions

a Model: Parakeet-tdt-1.1B
Fine-Tuning; +Audio Segmentation sentence-level
segmentation via forced alignment; +Model Merging
using multiple-checkpoint weight averaging.

b Model: Whisper-large-v3
Fine-Tuning; +Audio Segmentation 15-second seg-
mentation via VAD and semi-supervised self-training
strategies.

c Model: Whisper-large-v2
Fine-Tuning using AdaLoRA; +Hallucination Re-
duction using WhisperX Preprocessing pipeline and
Rule-based Postprocessing; +Curriculum Learning
with data filtering.

d Model: Whisper-large-v3
Fine-Tuning using LoRA; +Post-ASR Error Cor-
rection by LLM-based Generative Error Collection.

e Model: Parakeet-rnnt-0.6B
Fine-Tuning; +Architecture Comparison among
three architectures, including (Fast)Conformer en-
coders, CTC/RNNT decoders and ContextNet[15];

h Model: Whisper-large-v3
Fine-Tuning using AdaLoRA; +Personalization:
Mapping speaker vectors to latent spaces.

* Model: Whisper-large-v2 w/o fine-tuning

sonalization strategies using speaker vectors. Due to space con-
straints, Table 4 does not include the methods of all partici-
pating teams. Additional explored strategies include multi-task
learning with etiology classification, dysarthric speech enhance-
ment, and other advanced techniques.

4. Conclusion
This paper provides an in-depth review of the Interspeech 2025
Speech Accessibility Project (SAP) Challenge, a pioneering ef-
fort to advance Automatic Speech Recognition (ASR) for indi-
viduals with speech disorders. Using the SAP-240430 dataset,
which contains over 400 hours of diverse impaired speech,
and evaluating performance through Word Error Rate and Se-
mantic Score, the challenge attracted submissions from 22
teams. Twelve teams outperformed the baseline whisper-large-
v2 model, with the leading team achieving the lowest WER
of 8.11%, as well as the highest SemScore of 88.44%. These
achievements establish significant benchmarks, demonstrating
the effectiveness of fine-tuning the speech foundation models
on the SAP data in improving ASR for impaired speech. They
also validate the critical role of large-scale, speaker-independent
datasets of impaired speech in advancing ASR performance and
generalization for unseen speakers with dysarthria. Advanced
strategies that have also been explored by our participants in-
clude but are not limited to audio segmentation, model merg-
ing, hallucination reduction, curriculum learning, post-ASR er-
ror correction, and personalization. Building on the founda-
tion established by this challenge, future research should further
explore within- and across-group similarities and differences,
e.g., among etiology-based or impairment severity-based popu-
lations, to further develop inclusive and effective speech recog-
nition technologies accessible to a broader audience.
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