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Abstract

Individuals with speech disabilities rely on everyday technologies powered by Automatic Speech Recognition
(ASR) systems, yet these systems consistently fail them–producing significantly higher error rates that
undermine the usefulness of voice assistants, hands-free devices, and machine translation pipelines. We
conduct a multi-stage evaluation of speech impairment effects in cascaded speech-to-text translation, examining
two distinct conditions: real dysarthric speech and simulated rhotacism. For dysarthria, we quantify ASR
error rates. For rhotacism, we quantify error rates from a minimal-pair text substitution. We then analyze how
impairment-induced errors propagate through downstream machine translation across three language directions
(English to Spanish, Ukrainian, Khmer), and propose a training-free LLM-based post-correction methodology
as an accessible intervention. We find that larger LLMs (70B parameters or more) consistently improve
downstream translation quality even when surface-level corrections made by those LLMs remain modest,
while smaller models lack the capacity to do so reliably. These results reveal a promising but scale-dependent
path toward more equitable speech technology for users with atypical speech.

1 Introduction

Voice-user interfaces (VUIs) have become deeply
embedded in everyday life, powering applications
ranging from virtual assistants to accessibility tools.
These technologies rely on sophisticated Automatic
Speech Recognition (ASR) systems to interpret user
intent. However, for a significant portion of the
global population, these systems fail to perform re-
liably due to speech disorders and disabilities. Ac-
cording to a 2012 study, approximately 10% of U.S.
adults have a speech, language, and/or voice disabil-
ity (Morris et al., 2016), and more than 80 million
people worldwide stutter.1 Despite this substantial
user base, those with speech disorders continue to
encounter significantly higher error rates when us-
ing ASR-interfaced systems (Jefferson, 2019; Tobin
et al., 2024), highlighting a critical gap between the
populations these technologies serve and those they

are designed to accommodate.
ASR is an essential component for a range

of downstream NLP tasks that rely on spoken in-
put. One prominent example is Speech-to-Speech
Machine Translation (S2ST), in which a cascaded
pipeline integrates ASR, Machine Translation (MT),
and Text-to-Speech (TTS) components to produce a
fully end-to-end spoken translation system. In such
pipelines, the performance of each component is in-
herently dependent on the quality of its predecessor,
meaning that ASR errors propagate downstream and
compound throughout the system (Matusov et al.,
2005; Min et al., 2025). This cascade effect makes
atypical speech particularly problematic: recognition
errors introduced at the ASR stage can fundamen-
tally distort the meaning of subsequent translations,
disproportionately affecting speakers with speech dis-
orders.

1https://www.stutteringhelp.org/faq
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While cascaded S2ST systems have seen con-
siderable advancement in recent years, the robust-
ness of such pipelines to atypical speech remains
poorly understood. Despite substantial progress in
ASR robustness, speech impediment modeling, and
LLM-based error correction, existing work largely
studies these components in isolation. Additionally,
prior research on speech-impaired ASR output pri-
marily focuses on evaluating recognition accuracy
without examining how impairment-induced errors
propagate to downstream tasks, like S2ST. Similarly,
work on MT robustness to ASR noise typically as-
sumes generic or synthetic noise patterns rather than
systematic articulatory errors caused by speech im-
pairments.

Large Language Models (LLMs) have recently
emerged as a promising post-processing solution for
ASR error correction (Pu et al., 2023; Tang et al.,
2025; Iudin et al.), offering a potential remedy that
does not require retraining or adapting the under-
lying recognition model. These studies rarely con-
sider speech impairments explicitly, compare correc-
tion at different stages of the pipeline, or evaluate
downstream translation quality. Whether input cor-
rections effectively mitigate the compounding effects
of speech-impairment noise in a cascaded translation
pipeline remains an open question.

Thus, in this work, we aim to address these
gaps through a systematic, multi-stage evaluation
of speech-impairment effects in cascaded speech-
to-text translation. We analyze both real dysarthric
speech and a simulated rhotacism condition, compar-
ing three open-source LLMs of varying sizes in their
ability to correct impairment-induced ASR errors.
A simulated rhotacism dataset is employed due to
the lack of high-quality real datasets for this specific
speech impairment. We then quantify how these cor-
rections affect downstream translation quality from
English into three target languages representing high,
medium, and low-resource settings.

Overall, all three LLMs struggle to substantially
correct dysarthria-induced ASR errors, achieving
only up to a 1.4% relative improvement in Word
Error Rate (WER) (Marzal and Vidal, 2002) com-
pared to the original ASR output. In contrast, sim-
ulated rhotacism errors yield a modestly higher av-
erage improvement of up to 2.6% WER. Despite
these limited gains at the recognition level, we ob-
serve a more nuanced pattern downstream. For both

dysarthric speech and simulated rhotacism, the two
largest open-source LLMs evaluated — LLAMA3
(70B) and Qwen3 (235B) — consistently improve
translation performance across all three language di-
rections. In contrast, the smallest model (OLMo-3
7B) does not demonstrate sufficient capacity to pro-
duce consistent downstream gains. These findings
suggest that modest surface-level ASR improvements
can nonetheless yield measurable translation benefits,
but that model scale plays a critical role in effective
correction.

We release the code and datasets used
here: https://github.com/byu-matrix-lab/
project-atypical-speech-mt.

2 Related Works

2.1 Robustness of ASR
Automatic speech recognition (ASR) systems are
sensitive to intrinsic speaker variations, such as pitch
and speaking rate (Meyer et al., 2011), and to ex-
trinsic acoustic noise, such as the background noise
generated by public crowds (Moser et al., 2025).

Early work on ASR robustness focused on audi-
tory processing-based features (Maganti and Matas-
soni, 2014), spectrum enhancement with sparse cod-
ing (He et al., 2015), and LSTM-based speech en-
hancement with feature fusion (Weninger et al.,
2015). More current approaches leverage unsuper-
vised self-training for noise and accent robustness
(Hu et al., 2024), context-aware noise representation
learning (Lee et al., 2024), and two-stage deep neu-
ral network spectral mapping (Wang et al., 2020).
Other approaches focus on error correction via ma-
chine translation (Mani et al., 2020), error corrections
via transformer-based models (Lin et al., 2025), and
training-free intelligibility-guided fusion (Li et al.,
2026) to make ASR more robust.

While these techniques are generally effective,
they remain less effective when systematic errors
arise due to speech impediments, necessitating fur-
ther downstream correction and robustness strategies.

2.2 Robustness of MT to ASR Errors
ASR errors propagate directly to MT systems in tra-
ditional cascaded speech-to-text translation. Conse-
quently, these errors often degrade translation quality.

Early work explored adapting an NMT model
on ASR transcripts to improve model robustness to-
wards these errors (Di Gangi et al., 2019). More
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recent research proposed a unified framework,
Whisper-UT, that improves robustness in multi-
modal MT by simulating ASR errors (Xiao et al.,
2025). Other work has focused on mitigating ASR
errors in speech-to-text translation through cascaded
systems that incorporate multiple ASR candidates
and self-supervised speech features (Min et al., 2025).
Additionally, some approaches for end-to-end mod-
els use regularized cross-attention to transfer align-
ment knowledge from ASR and MT tasks (Zhao et al.,
2024). Finally, low-resource approaches exist that
leverage synthetic data and model regularization to
improve both cascaded and end-to-end ST perfor-
mance (Li et al., 2025).

2.3 ASR Errors Induced by Speech
Impediments

ASR performance degrades substantially when ap-
plied to speech affected by disorders such as
dysarthria, apraxia, or articulation impairments. For
example, commercial ASR platforms are limited in
their ability to decipher dysarthric speech, for which
a 80%-90% error rate has been reported (De Russis
and Corno, 2019). Other research emphasizes the
gap between ASR errors from users with speech im-
pediments and those without one (Jefferson, 2019;
Tobin et al., 2024). Clearly, there is work to be done
to improve ASR models for users with disabilities.

2.4 Speech Impediment Correctors
Several methods have been developed to improve
ASR performance for individuals with speech im-
pairments. Techniques include EEG-assisted deep
learning (Krishna et al., 2021), neural network–based
speech assistance (Mounir et al., 2017), cross-lingual
self-supervised representations (Hernandez et al.,
2022), and two-stage data augmentation (Bhat and
Strik, 2025). Further, other advances leverage trans-
former architectures (Shahamiri et al., 2023), empir-
ical mode decomposition with CNNs (Sidi Yakoub
et al., 2020), acoustic and lexical model adaptation
(Mengistu and Rudzicz, 2011), hybrid feature extrac-
tion with evolutionary optimization (Rughani and
Shivakrishna, 2015), and speaker-dependent parame-
ter tuning (Marini et al., 2021) to improve recogni-
tion accuracy and robustness. Finally, methods such
as fine-tuning the Wav2Vec 2.0 transformer model
(Sapkota et al., 2026) and Mel spectrogram–based
transfer learning for dysarthric ASR (Dhanalakshmi
et al., 2025) further improve accuracy.

2.5 Large Language Models as ASR Correctors
Large Language Models (LLMs) have recently been
applied as post-processing tools to improve ASR out-
put. For general ASR errors, studies have explored
multi-stage reasoning approaches (Pu et al., 2023),
full-text error correction (Tang et al., 2025), post-
correction fine-tuning (Iudin et al.), task-activating
prompting (Yang et al., 2023), and zero-shot correc-
tion (Ma et al., 2025).

In addition to general ASR errors, LLMs have
been used to correct errors in speech-impairment
contexts, including dysarthric and stuttering speech.
For example, La Quatra et al. (2025); Aboeitta et al.
(2025); Bhat and Strik (2025); Lou et al. (2025)
used LLM-based post-correction to improve speech-
impaired ASR, while Hui et al. (2025) applied LLM-
augmented methods in AAC software for dysarthric
speakers. LLMs have also been applied to related
tasks such as stuttering detection (Huang et al., 2025).
Others have used either user-adapted, fine-tuned, or
instruction-tuned LLMs to correct disordered speech
(Hsu and Chang, 2025; Hernandez et al., 2025b,a).
All in all, through previous research, LLMs have
been shown to be robust at speech corrections for
both ASR errors and ASR speech impediment errors.

3 Datasets

We employ a combination of clinical, simulated, and
multilingual datasets to study speech impairments
and induced rhotic errors.

3.1 Dysarthria
For our experiments, we use the Torgo dataset which
contains audio recordings from individuals with
speech impairments due to cerebral palsy or amy-
otrophic lateral sclerosis (Rudzicz et al., 2012). The
dataset includes those with dysarthria and those with-
out a speech impairment. The audio from those in
the control group was filtered out. Additionally, the
dataset was obtained by using a head mounted and
directional microphone from the same session. We
chose to use the head mounted data to better ap-
proximate real world conditions. Moreover, because
Torgo consists of individual words and phrases, we
extracted only the complete sentences for analysis.

Sentence transcription was performed using a
large Whisper model, which is a state-of-the-art open-
source ASR system widely used in research (Radford
et al., 2023). After aligning the ASR output with the
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original prompts, we were left with 691 lines of text.

3.2 Rhotacism
Current rhotacism datasets have their limitations, as
many do not include the original prompts or full sen-
tences. Consequently, we instead chose to simulate
rhotic errors via text-based minimal-pair substitution.
While designed to model potential ASR performance,
this synthetic data does not represent genuine ASR
transcripts.

3.2.1 Language Pairs
For our simulation, we use parallel sentences pulled
from the Tatoeba1 corpus as described by Tiedemann
(2020). Tatoeba was selected because its large par-
allel corpora allowed us to filter for sentences con-
taining sufficient rhotic phonemes while preserving
aligned reference translations. In contrast, smaller
benchmarks would have provided fewer usable exam-
ples after rhotacism-specific filtering. Additionally,
Tatoeba is widely used in machine translation re-
search, making it a suitable choice for our study. We
pulled a random subset from three different datasets
which include the English-to-Spanish, English-to-
Ukrainian, and English-to-Khmer language pairs.
Spanish, Ukrainian, and Khmer were chosen to
compare the possible differences between a high-
resource, a medium-resource, and a low-resource
language.

To ensure the datasets were suitable for mod-
eling induced rhotic errors, we filtered the data
to retain only lines containing five “r”s in the En-
glish–Spanish and English–Ukrainian files, and two
“r”s per line for English–Khmer. The resulting
datasets included 1000 lines of English-to-Spanish,
999 lines of English-to-Ukrainian, and 386 lines of
English-to-Khmer lines.

3.2.2 Simulation Techniques
Rhotacism is defined as a speech impediment that
affects the production of the phoneme /r/, frequently
leading to substitutions that resemble /l/ or /w/
(Flipsen Jr, 2021). Thus, in order to simulate
rhotacism we utilize minimal pairs which are words
that differ by one phoneme. For example, right (R
AY1 T) and white (W AY1 T) are considered minimal
pairs. To craft a minimal pair dictionary, we leverage
CMUDict which is an open-source pronunciation dic-
tionary (Carnegie Mellon University Speech Group,
2014).

To generate the simulated-rhotacism dataset, we
first processed the original English sentences and
identified minimal pairs within each sentence. When-
ever a matching word was found, it was replaced
with its corresponding minimal pair. To replicate real-
world noise, there was a 1% probability that a word
would remain unchanged. This simulation resulted
in three aligned files of the original English-Target
language pair and the aligned English rhotacism sim-
ulated file.

4 Methodology

We now define the technical architecture, algo-
rithms, and data flow used to evaluate how speech-
impairment-induced ASR errors affect downstream
machine translation, and whether input-level correc-
tion mitigates these effects.

4.1 System Architecture Overview
Our system follows a cascaded speech-to-text transla-
tion pipeline consisting of four primary components:

1. Speech Recognition or Text Simulation
2. Optional Input Correction
3. Machine Translation
4. Evaluation

For dysarthria, the pipeline begins with impaired
speech audio, while for rhotacism, it begins with
clean English text that is algorithmically modified to
simulate articulatory errors. In both cases, the output
is English text that contains systematic recognition or
articulation errors. Additionally, this text may option-
ally be corrected before being passed into a machine
translation model. The translated outputs are then
evaluated using automatic metrics.

4.2 Input-Level LLM Correction
To mitigate impairment-induced errors prior to
translation, we apply input-level correction using
instruction-tuned large language models. Each ASR
output or simulated sentence is processed indepen-
dently using a fixed prompt that instructs the model
to correct errors caused by the specific speech im-
pairment. The prompt used is included in Appendix
A.

We evaluate three open-source LLMs:

• LLaMA-3.3-70B-Instruct
• Qwen3-235B-A22B
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• OLMo-3-7B-Instruct

These models were selected to represent current
state-of-the-art open-source systems across different
parameter scales and training strategies (Grattafiori
et al., 2024; Yang et al., 2025; Olmo et al., 2025).

LLMs are known to produce variable outputs
or be sensitive to prompt formatting even under con-
strained prompting, with minor changes in prompt
wording or format leading to substantially different
responses across multiple models (Chatterjee et al.,
2024). Thus, it is necessary that we apply determin-
istic post-processing rules. If the output has tags or
formatting difficulty such as ”The corrected sentence
is: [THE SENTENCE],” it was cleaned to not include
the extra format. Additionally, if the LLM output has
no meaningful sentence to extract or there was a
failure for any other reason such as model refusal
for inappropriate sentences, the original sentence is
returned. Finally, if the outputted sentence is a legi-
ble, extractable sentence it is simply returned. These
rules applied to all correction files.

As a result from the input correction process,
our erroneous English sentences were transformed to
corrected English sentences.

4.3 Machine Translation
To evaluate downstream effects on translation, all
English source variants are translated using the
same MT system: facebook/nllb-200-distilled-600M
(Costa-Jussà et al., 2022). Decoding uses the Hug-
ging Face default generation settings (greedy decod-
ing; no beam size or length penalty was explicitly
specified), and these settings are held constant across
all conditions. This model was selected due to its
strong multilingual performance, coverage of low-
resource languages, and open-source availability.

We translate all source conditions into Spanish,
Ukrainian, and Khmer, representing high, medium,
and low resource target languages. Translation is
performed using identical decoding settings across
all conditions to ensure comparability.

5 Experiments

5.1 Experimental Setup
Baselines and Comparisons For our experiments,
we compare the following conditions:

• Clean Prompt Translation (Upper Bound): The
original English Prompt translated directly

• Raw Impaired Translation (Baseline): The un-
corrected ASR output or simulated rhotacism
text translated

• Input-Corrected Translation: The LLM-
corrected English input translated

This design isolates the effect of speech impair-
ment and evaluates whether correction prior to MT
recovers translation quality.

Data Splits and Processing All datasets are
evaluated in a sentence-level, one-pass setting with-
out train/dev/test splits, as no model parameters are
trained. All processing is deterministic given fixed
prompts and decoding parameters.

5.2 Evaluation Methodology
5.2.1 Speech Impediment Effect
To measure the severity of impairment-induced text
corruption, we compare raw impaired text against
the original English prompts using Word Error Rate
(WER) which is a normalized edit distance computed
from insertions, deletions, and substitutions between
two sequences (Marzal and Vidal, 2002). WER di-
rectly measures recognition errors common in im-
paired speech. This metric allows us to quantify
impairment severity and assess the effectiveness of
input-level correction independently of translation.

5.2.2 Machine Translation Effect
For rhotacism, we compute BLEU scores using
the sacrebleu library (Post, 2018). System outputs
are compared against aligned reference translations
within the same language. For our evaluation, Khmer
uses the flores200 tokenizer (Costa-Jussà et al., 2022)
and all the other languages uses the default 13a to-
kenizer which is the sacreBLEU implementation of
the mteval-13a tokenization script. All other settings
were left to the defaults of sacreBLEU. Scores are
only computed for datasets with available reference
translations. Because the TORGO dataset only has
the aligned text prompt and the corresponding audio
file, BLEU cannot be calculated for the dysarthria
dataset.

For both rhotacism and dysarthria, we
use MetricX-24-Hybrid-XXL2 and XCOMET-XL3

(Juraska et al., 2024; Guerreiro et al., 2024). These
2https://huggingface.co/google/metricx-24-hybrid-xxl-v2p6
3https://huggingface.co/Unbabel/XCOMET-XL
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models estimate translation quality using the source
and hypothesis alone and have been shown to cor-
relate strongly with human judgments. MetricX4

emphasizes semantic adequacy, while XCOMET cap-
tures overall translation quality using cross-lingual
contextual representations.

Together, these metrics provide a comprehen-
sive evaluation of how speech impairments propagate
through MT and how effectively input correction mit-
igates their impact.

6 Results & Discussion

Using the dysarthria and simulated rhotacism data
described in Section 3, we first evaluate the effect of
speech impairments and the ability of the three open-
source LLMs to correct the errors. After this, we
evaluate the downstream Machine Translation perfor-
mance comparing the uncorrected to the corrected
sentences.

All Word Error Rates (WER) are presented as
percentages.

6.1 ASR Results

In Table 1, we show the WER for the dysarthric ASR
output and the simulated rhotacism condition when
compared to the correct reference sentences. The
dysarthria transcript has a very large WER, above
100 indicating extremely poor ASR performance.
Meanwhile the three rhotacism datasets achieve a
small WER percentage appropriate for the propor-
tion of words with /r/ sounds. These values act as
baselines for our LLM correction experiments.

Dataset WER ↓
Dysarthria 113.07
Rhotacism - Khmer 6.80
Rhotacism - Ukranian 4.08
Rhotacism - Spanish 4.27

Table 1: Word Error Rates (WER) calculated against
the correct transcriptions, showing authentic ASR
performance for dysarthria alongside results from
the three simulated rhotacism datasets.

6.2 LLM Correction Results
Table 2 presents the WER of each LLM-corrected
output relative to the original ASR output, where a
negative ∆ indicates an improvement over the uncor-
rected baseline. For both dysarthria and rhotacism,
model scale is a strong predictor of correction qual-
ity. Qwen3 (235B) achieves the best overall perfor-
mance, attaining the lowest post-correction WER
in nearly every setting and producing the largest
reductions for both dysarthria (∆ = −1.40) and
the rhotacism conditions (∆ ranging from −2.47 to
−2.73). LLaMA (70B) follows closely behind, also
improving over the uncorrected baseline across all
rhotacism datasets. OLMo (7B), by contrast, con-
sistently increases WER relative to the uncorrected
input, suggesting the model lacks sufficient capacity
to reliably distinguish and repair impairment-induced
errors.

Model Dataset WER ↓ ∆ ↓

OLMo Dysarthria 114.04 0.97
OLMo Rhotacism - Khmer 9.64 2.84
OLMo Rhotacism - Ukranian 6.55 2.47
OLMo Rhotacism - Spanish 7.74 3.47

LLaMA Dysarthria 113.29 0.22
LLaMA Rhotacism - Khmer 5.22 -1.58
LLaMA Rhotacism - Ukranian 3.05 -1.03
LLaMA Rhotacism - Spanish 3.08 -1.19

Qwen3 Dysarthria 111.67 -1.40
Qwen3 Rhotacism - Khmer 4.07 -2.73
Qwen3 Rhotacism - Ukranian 1.53 -2.55
Qwen3 Rhotacism - Spanish 1.80 -2.47

Table 2: WER of each LLM-corrected output com-
pared to the correct transcriptions. ∆ denotes the
change relative to the uncorrected ASR baseline from
Table 1, where negative values indicate improvement.

For dysarthria specifically, all three models
struggle, with corrections yielding only marginal
changes — even the best result from Qwen3 rep-
resents a modest 1.4% relative improvement. This
is unsurprising given the severity of the dysarthria
WER baseline (113.07), where the ASR output is
heavily degraded and the correction signal is corre-
spondingly weak. The rhotacism conditions, while

4We use MetricX-24 rather than MetricX-25 because, although MetricX-25 has been described in the literature, the model was not
publicly available at the time of our experiment Juraska et al. (2025).
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Experiment Target Language XCOMET ↑ MetricX ↓
Uncorrected Khmer 0.6466 10.4437
OLMo Corrected Khmer 0.6438 10.2847
LLaMA Corrected Khmer 0.6518 10.1358
Qwen3 Corrected Khmer 0.6512 10.1901
Clean Khmer 0.8014 6.2781

Uncorrected Ukrainian 0.7321 9.4699
OLMo Corrected Ukrainian 0.7347 9.3444
LLaMA Corrected Ukrainian 0.7414 9.1619
Qwen3 Corrected Ukrainian 0.7388 9.2161
Clean Ukrainian 0.9212 4.0137

Uncorrected Spanish 0.7677 8.9878
OLMo Corrected Spanish 0.7645 8.8321
LLaMA Corrected Spanish 0.7716 8.3588
Qwen3 Corrected Spanish 0.7739 8.4062
Clean Spanish 0.9388 2.3965

Table 3: Downstream MT results for Dysarthria across three target languages. Clean denotes translation from
ground-truth transcriptions; Uncorrected denotes translation from unmodified ASR output.

lower in overall error rate, show a clearer correction
benefit, particularly for Qwen3 and LLaMA, whose
post-correction WERs approach near-clean levels in
several cases.

6.3 Downstream MT Results
Tables 3 and 4 present the downstream MT results for
dysarthria and rhotacism respectively. In each table,
the clean row represents the theoretical performance
ceiling (translation from ground-truth transcriptions),
while the uncorrected row represents the floor, re-
flecting translation directly from unmodified ASR
output. The LLM-corrected rows fall between these
two bounds and are the focus of this analysis.

Dysarthria. Despite the modest WER improve-
ments observed in Table 2, LLM-based correction
still yields consistent downstream translation gains
for the two largest models. LLaMA achieves the best
XCOMET and MetricX scores in two of the three
language directions (Khmer and Ukrainian), while
Qwen3 has the best XCOMET scores for Spanish.
The two models are largely comparable, with differ-
ences falling within a narrow range. OLMo, consis-
tent with its correction results, fails to improve over
the uncorrected baseline XCOMET scores for Khmer
and Spanish, though it does show minor MetricX
gains across all three directions. Overall, improve-

ments remain modest relative to the gap between the
uncorrected and clean conditions, which is expected
given the limited correction gains at the ASR stage.

Rhotacism. The rhotacism results are more clear.
Qwen3 generally yields the highest translation scores
across conditions, though its advantage over LLaMA
is typically modest and not consistent across all set-
tings. Notably, Qwen3-corrected output approaches
near-clean translation performance in several cases
— for Ukrainian and Spanish in particular, the gap be-
tween Qwen3-corrected and clean narrows substan-
tially across both XCOMET and MetricX. This is
consistent with the near-zero post-correction WERs
observed for Qwen3 in Table 2, suggesting that
when surface-level errors are systematic and cor-
rectable, the effect of strong LLM correction can
propagate meaningfully through the downstream
pipeline. OLMo again lags behind, showing only
marginal gains over the uncorrected baseline and fail-
ing to match LLaMA or Qwen3 in any direction.

6.4 Summary
Taken together, these results highlight two consis-
tent themes. First, model scale matters: Qwen3 and
LLaMA outperform OLMo at both the correction
and translation stages across nearly every condition,
while OLMo frequently fails to improve over — or
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Experiment Target Language BLEU ↑ XCOMET ↑ MetricX ↓
Uncorrected Khmer 8.76 0.8663 4.9233
OLMo Corrected Khmer 8.74 0.8748 4.6139
LLaMA Corrected Khmer 9.65 0.9046 3.8716
Qwen3 Corrected Khmer 9.54 0.9122 3.6724
Clean Khmer 9.71 0.9240 3.2711

Uncorrected Ukrainian 34.00 0.9231 3.7415
OLMo Corrected Ukrainian 34.42 0.9362 3.2167
LLaMA Corrected Ukrainian 35.69 0.9544 2.6289
Qwen3 Corrected Ukrainian 36.37 0.9584 2.4417
Clean Ukrainian 37.55 0.9660 2.1251

Uncorrected Spanish 47.43 0.9275 3.3913
OLMo Corrected Spanish 48.07 0.9420 2.5573
LLaMA Corrected Spanish 50.78 0.9565 1.9746
Qwen3 Corrected Spanish 51.22 0.9632 1.4978
Clean Spanish 52.73 0.9690 1.1615

Table 4: Downstream MT results for simulated rhotacism across three target languages. Clean denotes
translation from ground-truth transcriptions; Uncorrected denotes translation from unmodified simulated
ASR output.

actively degrades — the uncorrected baseline. Sec-
ond, even modest surface-level corrections can yield
measurable downstream benefits.

For dysarthria, where WER reductions are
small, LLM correction still produces consistent trans-
lation gains for the two larger models. For rhotacism,
where the errors are more systematic and more cor-
rectable, this effect is amplified — with Qwen3-
corrected output approaching clean translation qual-
ity in the three language directions examined. These
findings underscore both the promise and the current
limitations of LLM-based ASR post-correction as a
drop-in component for cascaded speech translation
pipelines serving speakers with speech impairments.

Representative transcript examples illustrating
both ASR errors and LLM corrections are provided
in Appendix A.

7 Conclusion

In this work, we presented a systematic evaluation of
speech impairment effects in cascaded speech-to-text
translation, examining both real dysarthric speech
and a text-based simulated rhotacism condition. We
compared three open-source LLMs of varying scale
as ASR post-correction tools and measured the down-
stream impact on translation quality across three lan-

guage directions.
Overall, our results demonstrate that while

LLM-based correction yields only modest WER
improvements–particularly for dysarthria–these
surface-level gains can nonetheless produce con-
sistent downstream translation benefits when model
scale is sufficient. Qwen3 and LLaMA both im-
prove over the uncorrected baseline across nearly all
conditions, with Qwen3-corrected rhotacism output
approaching clean translation quality in the three
language directions examined. OLMo, at 7B param-
eters, lacks the capacity to reliably correct either
condition. Taken together, these findings highlight
both the potential and the current limitations of LLM
post-correction as an accessible, training-free inter-
vention for improving cascaded pipeline robustness
for atypical speech.

Several directions remain open for future work.
Most directly, our rhotacism experiments rely on
simulated ASR errors rather than real recordings;
collecting and evaluating on authentic rhotacism au-
dio would provide a stronger empirical foundation.
More broadly, extending this methodology to other
speech disorders–such as stuttering or apraxia–would
help characterize how impairment type and sever-
ity interact with downstream pipeline performance.
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Thus, future work may benefit from speech-disability
resources such as the Speech Accessibility Project
, which contains substantially larger collections of
authentic atypical speech Hasegawa-Johnson et al.
(2024). Finally, it remains an open question whether
other NLP technologies that consume spoken in-
put, such as spoken dialogue systems or speech-
based information retrieval, are similarly affected by
impairment-induced ASR errors, and whether LLM
post-correction offers comparable benefits in those
settings.

Limitations

While our results offer meaningful insights into the
effects of speech impairments on cascaded transla-
tion pipelines, several limitations should be noted.

Our rhotacism experiments rely on simulated
ASR errors via minimal pair substitution rather than
real speaker recordings, and future work should vali-
date these findings using authentic rhotacic speech.
The Torgo dataset also lacks reference translations,
limiting MT evaluation to reference-free neural met-
rics (XCOMET and MetricX) and preventing direct
comparison with rhotacism results. Because Tatoeba
is publicly available, we cannot completely rule out
the possibility of training-data overlap. We there-
fore interpret absolute translation scores cautiously
and focus primarily on relative differences between
conditions evaluated under identical settings. Be-
yond data constraints, our study examines only two
speech impairments, and findings should not be as-
sumed to generalize to conditions such as stuttering
or apraxia of speech. The LLM correction exper-
iments are similarly constrained by a single fixed
prompt per condition; given known prompt sensitiv-
ity, our results likely represent a lower bound on what
post-correction can achieve.
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A Appendix

A.1 Prompt Template

Prompt for Corrections

This is a sentence in English that was transcribed by an ASR system. The person who spoke it has a
speech impairment ([INSERT IMPAIRMENT TYPE]). Fix any errors caused by the speech impairment
and ASR. If the sentence is not in English, correct it to proper English based on how it sounds. If the
sentence appears to be accurate, return it as is with nothing extra. Return only the corrected sentence.
The sentence: [INSERT SENTENCE]

A.2 Examples from Transcripts

Rhotacism Example 1 (Line 43)

English
Original: Fresh fruit is good for you.
Uncorrected: flesh flute is good fall you.
OLMo Corrected: flesh flute is good for you.
LLaMA Corrected: Fresh fruit is good for you.
Qwen3 Corrected: Fresh fruit is good for you.

Spanish Translation
Original: Las frutas frescas son buenas para ti.
Uncorrected: La flauta de carne es buena para ti.
OLMo Corrected: La flauta de carne es buena para ti.
LLaMA Corrected: Las frutas frescas son buenas para ti.
Qwen3 Corrected: Las frutas frescas son buenas para ti.

Rhotacism Example 2 (Line 137)

English
Original: I am writing to express my dissatisfaction.
Uncorrected: I am lighting to express my dissatisfaction.
OLMo Corrected: I am lighting out to express my dissatisfaction.
LLaMA Corrected: I am writing to express my dissatisfaction.
Qwen3 Corrected: I am writing to express my dissatisfaction.

Spanish Translation
Original: Estoy escribiendo para expresar mi insatisfacción.
Uncorrected: Estoy encendida para expresar mi insatisfacción.
OLMo Corrected: Estoy encendida para expresar mi insatisfacción.
LLaMA Corrected: Estoy escribiendo para expresar mi insatisfacción.
Qwen3 Corrected: Estoy escribiendo para expresar mi insatisfacción.
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