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ABSTRACT

Speech impairments resulting from congenital disorders, such as
cerebral palsy, down syndrome, or apert syndrome, as well as acquired
brain injuries due to stroke, traumatic accidents, or tumors, present
major challenges to automatic speech recognition (ASR) systems.
Despite recent advancements, state-of-the-art ASR models like Whis-
per still struggle with non-normative speech due to limited training
data availability and high acoustic variability. Moreover, collecting
and annotating non-normative speech is burdensome: speaking is
effortful for many affected individuals, while laborious annotation
often requires caregivers familiar with the speaker. This work in-
troduces a novel ASR personalization method based on Bayesian
Low-rank Adaptation for data-efficient fine-tuning. We validate our
method on the English UA-Speech dataset and a newly collected Ger-
man speech dataset, BF-Sprache, from a child with structural speech
impairment. The dataset and approach are designed to reflect the chal-
lenges of low-resource settings that include individuals with speech
impairments. Our method significantly improves ASR accuracy for
impaired speech while maintaining data and annotation efficiency,
offering a practical path toward inclusive ASR.

Index Terms— Automatic speech recognition, personalization,
non-normative speech, variational inference, data-efficient learning.

1. INTRODUCTION

Despite having intact cognitive and language abilities, many individ-
uals with speech impairments remain effectively voiceless in a world
built around spoken communication. Daily interactions, whether an-
swering a question in class, telling a story, or participating in a group
play, can become exhausting, frustrating, or simply impossible. For
children, this communication barrier not only isolates them socially
but also disrupts their emotional and educational development. The
burden extends to families, educators and care providers, who must
interpret, advocate and adapt, often without the support of reliable
assistive tools [1}2].

Automatic speech recognition (ASR) systems hold the potential
to bridge this gap, but current models are not designed for non-
normative speech. Even state-of-the-art models such as Whisper [3]
and wav2vec [4, 5] degrade significantly in performance when con-
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fronted with atypical articulation, prosodic variation, or inconsistent
phoneme production [6].

These challenges are further aggravated for non-English lan-
guages due to the lack of representative data, limited linguistic tools,
and the need for language-specific adaptation strategies [} [7]]. Ger-
man remains under-resourced for non-normative speech, particularly
for childrenn, with limited publicly available datasets [8} |9} [10].

To address these limitations, researchers have employed various
strategies. Fine-tuning large pre-trained models has proven effective
for disordered speech, with approaches like those of Shor et al. [[11]
achieving 60% reductions in word error rate for patients with amy-
otrophic lateral sclerosis. However, such methods are often prone to
overfitting and inefficient parameter usage [12].

Parameter-efficient adaptation methods, including lightweight
adapters [12]), low-rank adaptation (LoRA) modules [13], and hyper-
network-based speaker tuning [14], improve speech foundation model
fine-tuning. However, these methods often rely on English language
backbones and assume explicit knowledge of impairment types or
sufficient in-domain data [[15! [7]].

Bayesian Neural Network (BNN)-based approaches offer promis-
ing alternatives for improving ASR robustness in low-data, high-
variability settings [16]], and have been used to maintain robustness
across continuous adaptation [17]. BNN approaches may provide
key benefits in bridging parameter efficient fine-tuning methods to
the high variability data of impaired speech. To this end, our work
proposes:

1. Variational Low-rank Adaptation framework. We intro-

duce a principled Bayesian low-rank adaptation method called
VI LoRA that captures uncertainty during fine-tuning. This en-
ables robust personalization with significantly less data, while
maintaining parameter efficiency, crucial for modeling speech
with high acoustic variability.

2. Data-driven prior estimation. We develop a prior estimation
approach that better captures the multi-modal distribution of
layer-wise weight variations in state-of-the-art ASR architec-
tures. We show that this approach improves robustness and
stability during training.

3. Cross-lingual evaluation. We validate our method on English
and German datasets spanning a range of speech intelligibil-
ity. Our results show substantial improvements, especially for
speakers with very low intelligibility, demonstrating the frame-
work’s effectiveness in low-resource, cross-lingual settings.

Together, these contributions bridge existing research gaps by en-
abling a personalized, interpretable, and scalable ASR solution tai-
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lored for users with atypical speech in multiple languages.

2. METHODOLOGY

2.1. ASR Model and Evaluation Metrics

For all experiments, we used Whisper-Large V3 [3] as the backbone
of the impaired speech model, evaluating its performance under both
zero-shot and supervised fine-tuning settings, with augmentation via
semantic re-chaining (i.e., assembling semantically coherent sentence-
level utterances from word-level counterparts [18]). We used word
error rate (WER) and character error rate (CER) as metrics to evaluate
our experiment outcomes.

2.2. Bayesian Low-rank Adaptation Framework

To address the challenges of low data availability, overfitting, and over-
parameterization encountered when fine-tuning large models [12], we
propose a Bayesian low-rank adaptation framework. This approach
enhances the standard low-rank adaptation (LoRA) [13]], a promi-
nent parameter-efficient fine-tuning (PEFT) technique [19]. LoRA
adapts a pre-trained weight matrix Wy € Réut*din by freezing Wy
and introducing a trainable low-rank update AW,. This update is
parameterized as the product of two smaller matrices, B € Rout X"
and A € R™*%n where the rank r < min(diy, dout). The adapted
weight matrix then becomes Wo + > BA, with « being a scaling
factor.

While LoRA significantly reduces training efforts, in data-sparse
scenarios, the matrices A and B can still overfit the limited training
data and cause generalization degradation [20]]. Drawing inspiration
from Bayes by Backprop [21]], which regularizes neural networks
by learning distributions over their weights, we extend LoRA to a
Bayesian setting. This allows us to capture uncertainty about the
LoRA parameters, which is particularly beneficial for regularization
and improving robustness when training data is scarce. Specifically,
we perform variational inference (VI) to estimate the posterior dis-
tributions of A and B given the training data D. We approximate
the true, often intractable, posterior p( A, B|D) with a tractable varia-
tional distribution g4 (A, B), parameterized by ¢. Adopting the mean-
field approximation, we assume independence between A and B, and
further, between individual elements: g4 (A, B) = ¢¢ , (A)qs 5 (B),
where each factor is a fully diagonal Gaussian:

r dip
o4 (A) = H HN(A’L‘jLLLAtj ) 0'1241'3')’
i=1j=1

dout T

4o (B) = H HN(BMWBM?U]Z:?M)'
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The variational parameters ¢ = {(ua,04), (uB,0RB)} are associ-
ated with the LoRA adapter layers (e.g., in query, key, and value
projection matrices of multi-head attention) and are learned by mini-
mizing the negative evidence lower bound (ELBO):

¢ = arg m¢in KL[gs (A, B) || p(A, B|D)]

: q4(A, B)
= arg min A,B)log ————~—F————d(A,B
s [ 4o, ) g o e (4, 5)

— argmin KL{gs (A, B) || p(A, B)] ~ E, 1.5 logp(D|A, B)],

—LgLBo(9)

here, p(A, B) is the prior distribution over the LoRA matrices. The
term B, 4 p)[log p(D| A, B)] is the expected log-likelihood of the
training data, corresponding to the task-specific loss (e.g., cross-
entropy for ASR) computed with samples from ¢4 (A, B), typically
estimated using Monte Carlo sampling. Let N be the total number
of LoRA layers where VI is applied. The KL divergence term in the
ELBO, KL[g4(A, B)||p(A, B)], is theoretically a sum over all N
layers. However, numerical instabilities, especially in early training
stages before posteriors stabilize, can lead to non-finite KL values for
some layers. To ensure robust optimization, our final loss function
Lv1 employs an average over layers yielding finite (non-NaN, non-
Inf) KL divergence terms in the current optimization step:

Lvi=—Ey,(a,p)[logp(D|A, B)|+
8 (3_ KLlas (4, B)|lp(A, B)] # NaN or Inf ),

KL[qy||P]

where [ is a scaling factor. To construct a more informed prior
p(A, B), we assume factorization across layers [ and between AW

and BY, ie., p(A,B) = [T, p(AD)p(BW). For individual ele-

. . ! 1 1
ments, we use Gaussian priors: p(agj)) = N(aﬁj |tep, (e$)?) and

similarly for bE?. A common choice sets p, = 0 and employs a
single, global prior variance, e.g., 012, = 1. However, this assumes
that the LoRA updates should operate at a scale comparable to a
standard normal distribution, which can be problematic if the pre-
trained weights Wé” themselves exhibit significantly distinct vari-
ances across layers in the pre-trained network parameters, potentially
leading to an overly restrictive prior for some layers or an overly
loose one for others. For a more informed prior, we first analyze
the empirical standard deviations of pre-trained weights within each
target layer Wo(l). The final loss is a weighted sum of the standard
Whisper loss (90%) and a KL divergence term (10% - KL(q||p)),
which acts as a regularizer. This relative weighting prevents the KL
term from dominating when task loss becomes small. For each layer
[ designated for LoRA updates, we compute its empirical weight
standard deviation &Z(f) as

50 _ 1
A N

Z (w - w(l>)27

wEWéw

where W represents the set of all weights in the original matrix
Wél), and w'¥ is their mean. Our empirical analysis of these layer-

wise standard deviations, {6;”}{21 (across N = 288 target layers in
our experiments), reveals a distinct bimodal distribution, as illustrated
in Figure[T} A simple Gaussian Mixture Model was used to find the
optimal p for the layer specific o prior.

3. EXPERIMENTAL SETUP

We conduct a comprehensive evaluation of our approach across mul-
tiple dimensions to assess both personalization effectiveness and gen-
eralizability. First, we compare personalization performance against
several baselines, including full-parameter fine-tuning, standard low-
rank adaptation (LoRA), the high-rank updating technique MoRA
[22], and variational inference LoRA (VI LoRA) with single and bi-
modal priors. Second, we analyze the impact of architectural design
choices on recognition accuracy to understand how specific configura-
tions influence performance. Selecting a comparable rank for MoRA
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Fig. 1: Histogram of the empirically estimated standard deviations,
&z(,l), computed individually for each of the NV = 288 target LoORA
layers based on their pre-trained weights Wo(l). Dashed lines indicate
the means of the two distinct modes identified by k-means, justifying
a layer-type specific prior variance.

is non-trivial, since the rank must divide the Whisper embedding
dimension and cannot be directly matched parameterwise. Moreover,
Bayesian methods and deterministic methods differ fundamentally in
parameterization. To align with the parameter count of VI LoRA, in-
cluding variance terms, we set 7 = 320 for MoRA. We also evaluated
several (VI-)LoRA ranks (r) to optimize the model’s configuration.
We selected » = 32 for our experiments, as it provided a strong
balance between performance gains on non-normative speech and a
minimal increase in catastrophic forgetting. We observed that higher
ranks (e.g., 7 = 64) failed to further improve target domain perfor-
mance while exacerbating forgetting, a behavior consistent with the
“intrinsic rank” hypothesis of LoRA [13].

3.1. Datasets

Developing effective ASR systems for individuals with speech im-
pairments requires datasets that capture the acoustic variability, ar-
ticulatory challenges, and language-specific characteristics of non-
normative speech patterns [[23]]. We evaluated our method using the
following datasets: UA-Speech [24] and BF-Sprache [18]], as well as
Mozilla Common Voice Dataset [[25] for non-impaired speech:

UA-Speech. The English UA-Speech dataset [24] is widely used
benchmarks in dysarthric speech recognition research and has laid
the foundation for numerous deep learning-based works [26l 27]].
The dataset consists of recordings from 19 speakers with varying
degrees of dysarthria, along with recordings from 10 control speakers.
The dataset emphasizes isolated word-level utterances, comprising
455 distinct words including digits, letters, and phonetically rich
uncommon words.

BF-Sprache. To evaluate our personalization framework across
languages, we use the German BF-Sprache [[18]] dataset. For consis-
tency, the dataset also consists of isolated word-level utterances in
the training set, but was tested on spontaneous speech for the most
realistic assessment.

The structured design of the two datasets enables controlled
experimentation and provides insights into the effectiveness and gen-
eralizability of ASR personalization across different intelligibility
levels of speech impairment and languages.

Normative evaluation set. To measure the forgetting of the already
learned distribution of normal speech we used a split in the respective
language (German for BF-Sprache and English for UA-Speech) of
the widely known Mozilla Common Voice Dataset.

3.2. Model Evaluation

To ensure robust evaluation, we stratify experiments along two pri-
mary dimensions:

1. Intelligibility levels. We partition the UA-Speech dataset into
subsets based on reported intelligibility levels (i.e., very low,
low, medium), enabling a detailed analysis of model perfor-
mance across speech impairment levels and the calibration of
uncertainty estimates throughout the spectrum.

2. Cross-lingual generalization. We test our methods on both
UA-Speech and BF-Sprache datasets to evaluate how well the
personalization framework generalizes across languages.

Table 1: Results of different models on normative and non-normative
speech. WD refers to Weight Decay, DP to Dual Prior, SP to Single
Prior, KL to 10% KL|[q||p].

Setup Non-Normative Normative
CER WER CER WER
0-shot Inference 40.38 £0.00 82.11+0.00 | 201 +0.00 6.18 +0.00
Full Fine-tuning 22.60 +£1.85 4643 +2.74 | 240+£0.34 7.83 £0.72
+WD | 2253+ 1.55 46.17 £2.66 | 2.38 +£0.27  7.66 £ 0.49
Standard LoRA 23.85+0.51 46.64 + 147 | 242+0.21 7.11 £0.40
+WD | 23.11 £ 044 46.18 +£1.29 | 240+ 0.19 6.98 £0.38
MoRA 2587 £0.66 49.11 +1.44 | 254 +0.15 7.80+£0.23
+WD | 2643 +0.57 48534147 | 233+0.14 697 +0.23
DP VILoRA + KL | 20.09 +0.41 42.86+ 148 | 2.15+0.13  6.05+0.23
+WD | 3142+ 1.62 5536+3.51 | 821+0.72 16.82 £ 1.17
SPVILoRA +KL | 21.33 £0.51 4485+1.87 | 202+0.18 6.05+0.27
+WD | 26.02£1.06 5029+2.09 | 233+0.35 7.62+0.65

4. RESULTS AND ANALYSIS

Table 2: Results on the UA-Speech dataset for different adaptation
methods, including a 0-shot baseline. All methods are evaluated on
both normative and non-normative speech.

CER

WER

271.30% =+ 0.00%
43.50% =+ 0.00%

328.80% + 0.00%
46.94% =+ 0.00%

105.32% + 1.71%
78.55% £ 4.11%

106.81% =+ 2.77%
81.21% + 4.35%

91.07% £ 2.11%
44.17% =+ 5.84%

91.74% + 2.02%
47.29% £ 6.11%

Setup Speech Type
O-shot N Ol’l—NOI'II.laIiVB
Normative
LoRA Non-Nor@atlve
Normative
SP VI LoRA N on-Norrr.lative
Normative
DP VI LoRA Non-NornTatlve
Normative

88.94% + 2.36%
49.87% £ 6.21%

90.24% + 1.78%
55.36% + 5.78%

Table[T] presents a comparative analysis of different adaptation
strategies, including standard LoRA, full parameter fine-tuning, and
VI LoRA with and without a KL regularization term. All models were
fine-tuned on BF-Sprache. The results indicate that VI LoRA, when
regularized with a 10% KL[g||p] term, demonstrates a compelling
trade-off. This configuration achieves the lowest CER and WER



Table 3: CER and WER on non-normative speech for different train-
ing dataset sizes and adaptation methods.

. VI LoRA Full Fine-tuning LoRA
Train Data

CER WER | CER WER CER  WER
100% 19.86 4242 | 22.28 48.02 23.66  47.55
75% 2232 44.75 | 24.38 49.01 2591 51.10
50% 24.77 50.40 | 28.95 66.04 28.02 5843
25% 28.08 56.35 | 33.07 70.43 31.29 66.94
0% 40.38  82.11 | 40.38 82.11 40.38  82.11

on the target non-normative speech. Concurrently, it exhibits the
least forgetting of normative speech, as evidenced by its leading CER
and WER scores, surpassing both standard LoRA and full parameter
fine-tuning which show higher error rates on normative data. Those
findings translate well onto multiple english speaker of diffferent
intelligibility levels from the UA-Speech dataset as shown in Table 2}

We speculate that the performance of VI LoRA with KL diver-
gence regularization stems from its ability to effectively adapt to
non-normative speech characteristics while mitigating catastrophic
forgetting. The KL divergence term acts as a regularizer, penaliz-
ing significant deviations of the adapted LoRA weights (g) from the
original pre-trained weight distribution (p). This constraint likely en-
courages the model to learn the specific variations of non-normative
speech more parsimoniously, preventing overly aggressive updates
that could shift the weights too far from their initial state benefi-
cial for normative speech. This allows for controllable adaptation
without sacrificing much of the model’s generalization ability to the
pre-trained normative speech patterns.

Table [3]reports CER/WER on non-normative speech across vary-
ing training set sizes. VI LoRA consistently outperforms all baselines,
with its advantage being most pronounced when less data is available.
While full fine-tuning underperforms even standard LoRA in low-data
settings, it surpasses LoRA once the full training set is used. This
trend is particularly evident in WER.

As illustrated in Table[d] a qualitative analysis of the transcription
outputs reveals a critical distinction between the error patterns of full
fine-tuning and our proposed VI LoRA model on out-of-distribution
(OOD) phrases. The fully fine-tuned model consistently exhibits
a form of structured hallucination. For instance, it transcribes the
Japanese place name "Higashirinkan" as the grammatically plausible
but semantically unrelated German sentence "Ein Gassi rennt da."
This suggests the model defaults to familiar linguistic patterns when
faced with novel acoustic signals, effectively pattern-matching to the
closest structure in its learned distribution.

In stark contrast, VI LoRA produces transcriptions that are pho-
netically much closer to the ground truth, such as "Higashirenpa."
While imperfect, this output demonstrates a failure mode that is
grounded in the acoustic evidence rather than learned linguistic priors.
This highlights a significant limitation of standard metrics like WER
and CER, although both models yield high error rates, the nature of
VI LoRA’s errors is far more interpretable and useful, as it preserves
crucial phonetic information.

We speculate that this robustness stems from the stochastic nature
of VI LoRA. The inherent variance across multiple forward passes
may disrupt the model’s tendency for rigid pattern matching. By
marginalizing over these varied predictions, the model is forced to
find the smallest common ground, which appears to be the underlying
phonetics of the input rather than a pre-learned grammatical structure.

Table 4: Comparison of transcription examples for out-of-distribution
phrases. Phonetic transcriptions (IPA) are provided in ifalics to aid
interpretation for non-German speakers.

System Transcription Output PER/CER
Ground Truth: “Wiedikon, Enge, Thalwil, Baar.” -
['virdikon, ‘ego, 'ta:lvil, ba:r] -
Full Fine-tuni “Wie die k i ilwei
ull Fine-tuning ie die kann, eine, teilweise, war. $6.0/45.7
[vi: di: kan ‘amno 'tarlvaizo va:r]
VI LoRA (ours) Vidikon, Enne, Talwil, Borg. 20.0/25.0
['vidikon, 'eno, 'ta:lvil, bork]
Ground Truth:  “Higashirinkan.” -
[¢i ga Ji riy kay] -
Full Fine-tuni “Ein Gassi t da.”
ull Fine-tuning in Gassi rennt da 86.7/63.2
[ain 'gasi rent da]
VI LoRA “Higashi .”
oRA (ours) igashirenpa 26.7/25.0

[ci ga [i rempa]

5. DISCUSSION AND CONCLUSIONS

In this work, we propose a novel personalization framework using
Bayesian LoRA. Our experimental results demonstrate substantial im-
provements in recognition accuracy for speech-impaired individuals
across different intelligibility levels and languages, while maintaining
efficient parameter usage.

Our experiments revealed several key insights. Our dual prior ap-
proach to VI LoRA (Table[T) showed particularly strong performance,
reducing non-normative speech CER to 20.09% (compared to 21.33%
for single prior) while maintaining reasonable normative speech per-
formance. This suggests that modeling the bimodal distribution of
pre-trained weights significantly improves adaptation capability.

The cross-lingual results are especially encouraging, with our
framework generalizing effectively from English to German despite
the latter’s phonological complexity. Furthermore, the observed trade-
off between performance on non-normative and normative speech
highlights a key design consideration: systems optimized solely for
impaired speech may sacrifice generalization, suggesting that multi-
objective training strategies could further improve generalizability.

While promising, our work has some limitations. Our pipeline
assumes independent factorization of g,(A, B) by disentangling it
as ¢y 4 (A)ge 5 (B). While computationally efficient, it may not best
capture the interactions between LoRA adapter matrices [28| 29].
Also, educational considerations must be noted, as systems that rely
heavily on contextual pattern matching like Whisper may discourage
children from learning correct grammar, emphasizing the importance
of accurate word-by-word transcription in educational contexts. The
main limitation of this study however, remains the small speaker
pool in the BF-Sprache dataset, due to previous resource and ethical
approval constraints. With the ethical approval now secured, our im-
mediate future work will focus on expanding this dataset by recruiting
a larger, more diverse group of speakers across various conditions
and intelligibility levels.

Our further work will focus on expanding the speaker-base in
BF-Sprache over different conditions and intelligibility-levels as well
as incorporating VI LoRA in a active learning setting for continuous
speaker specific adaption, leveraging its robustness against forgetting
of normative speech.
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