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Abstract

Speech Sound Disorders (SSD) are common among children,
affecting their academic, social, and emotional development.
Traditional diagnostic methods are based on speech-language
pathologists, making them resource-intensive. Due to the global
shortage of experts and increasing demand, exploring deep-
learning tools is crucial. Adapting a multi-task framework to
fine-tune a pre-trained multilingual Wav2Vec model, this study
tackles Automatic Speech Recognition and SSD classification
for German children using a custom dataset. We show that in-
corporating public out-of-domain datasets improves robustness
and generalizability. Interestingly, combining pathological and
typical speech data with mispronunciations benefits the perfor-
mance in terms of speech recognition and SSD detection. Fi-
nally, we investigate a two-step training of the model that fur-
ther improves the overall performance.

Index Terms: speech sound disorders, children speech, classi-
fication, multi-task learning, speech recognition

1. Introduction

Speech Sound Disorders (SSDs) are a common reason for
speech therapy, affecting approximately 16% of kindergarten
and preschool-aged children in Germany [1]. SSDs [2] involve
difficulties in acquiring or using speech sounds appropriate for a
child’s age and are classified into organic and functional types.
Early diagnosis and intervention are crucial to preventing
long-term effects on literacy, education, and social interactions.
Without treatment, SSDs can hinder reading and spelling skills,
limiting academic and career opportunities. Socially, SSDs can
cause peer difficulties, stigmatization, and emotional challenges
such as low self-esteem and social withdrawal [3, 4].
Speech-language pathologists use standardized assess-
ments to diagnose SSDs, but the process is time-consuming and
impacted by a shortage of professionals. Advances in artifi-
cial intelligence and automated speech processing offer poten-
tial solutions to enhance diagnosis and therapy efficiency, im-
proving accessibility and scalability in clinical and educational
settings. The shortage of such experts has driven interest in au-
tomated tools to diagnose and treat SSDs: these tools improve
accessibility and affordability, streamline diagnostic processes,
and support early intervention. Recent developments include
Al-driven speech analysis software and interactive therapy plat-
forms [5]. Tools like Vocametrix [6] provide objective speech
assessments, while Tabby Talks [7] and Buddy [8] assist chil-
dren with specific speech disorders through phonological anal-
ysis and interactive exercises. However, many systems lack
robust Automatic Speech Recognition (ASR) or struggle with
the variability of disordered child speech. In Germany, appli-
cations like neolexon Artikulations-App [9] face similar limita-

tions. A key challenge remains the scarcity of large, annotated
datasets, which restricts model generalizability. To address this,
pre-trained deep acoustic models using self-supervised learn-
ing offer a promising approach, improving speech disorder de-
tection and supporting integration into clinical and educational
settings.

Deep acoustic models have revolutionized ASR by boost-
ing transcription accuracy, even in resource-constrained lan-
guages [10]. Beyond ASR, they support speech classification
tasks, including speaker identification, emotion detection, and
accent recognition, enabling applications such as voice assis-
tants and emotion-aware systems [11, 12]. These models are
also used to detect pathological speech patterns, such as voice
disorders, aphasia, and stuttering. Studies show that pre-trained
models like wav2vec2 [10, 13] and HuBERT [14], combined
with domain-specific data, improve classification performance
[15]. Cross-lingual approaches further enhance aphasia detec-
tion [16], while fine-tuned models improve stuttering classifi-
cation accuracy [17]. Deep acoustic models are also applied in
SSD detection, highlighting their growing role in speech disor-
der analysis [5].

This work investigates a multi-task learning approach for
detecting SSDs in German-speaking children. We build upon
[18], a framework that combines ASR and pronunciation classi-
fication, using the pre-trained wav2vec2 model to handle patho-
logical speech. In particular, we explore how publicly avail-
able SSD data as well as typically developed speech can be em-
ployed to enhance the model performance and robustness. To do
5o, a collateral contribution is the creation of a custom dataset of
speech recordings from German-speaking children with SSD,
addressing data scarcity. Finally, we investigate architectural
improvements, such as a two-step training process and selective
classification-head layers, to optimize model performance.

2. Methodology

This work investigates the use of Wav2Vec2.0 [10], a self-
supervised speech encoder designed to provide robust and ef-
fective speech representations, in a multi-task training frame-
work to handle both ASR and pronunciation classification tasks
within a unified architecture, following the paradigm in [18].
The architecture includes a convolutional feature encoder and
24 Transformer layers, to extract the speech representations,
that can then be fine-tuned for specific tasks. The model fea-
tures two distinct output heads: one for ASR, which generates
word-level transcriptions, and another for pronunciation classi-
fication, which evaluates speech quality. The training process
integrates two loss functions, CTC loss for ASR and cross-
entropy loss for pronunciation classification, preventing catas-
trophic forgetting.
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The ASR head is trained with Connectionist Temporal Clas-
sification (CTC) loss, which allows alignment-free training by
mapping input sequences X to transcriptions Y of variable
length. The CTC loss is computed as:

Z log Z P(n|X)

Lcorc = —
(X,Y)  meA(Y)

where X is the input speech representation, Y is the target tran-
scription, A(Y) represents all possible alignments of Y, 7 is a
sequence in the alignment set. For the pronunciation classifica-
tion, the cross-entropy loss is applied to measure the difference
between predicted class probabilities and ground truth labels:

Lcg=— Z y; log s

where y; is the true class label and g; is the predicted probabil-
ity for class <. Following [18], both loss functions are equally
weighted and summed:

L=Lcrc+ LcE

Figure 1 shows the architecture with the two classification heads
and the related losses. Experiments in [18] have already demon-
strated the efficacy of the multi-task approach; therefore, we do
not ablate the loss combination in this study.

2.1. SSD classification head

The Wav2Vec2.0 encoder features a series of transformer lay-
ers hierarchically structured. The ASR or speech classification
head is typically placed at the top-end of the stack. However, it
is commonly established that lower layers approximately focus
on acoustic features, intermediate layers on phoneme and word
representations, and higher layers on semantic and contextual
information. Therefore, as explored in [18], it makes sense to
assume that a pronunciation classification task must rely more
on acoustic features. Hence, in this research, we also investigate
optimizing the placement of the SSD classification head within
these layers to improve performance.
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Figure 1: Architecture of the multi-task Wav2Vec2 framework.
Adapted from [18]. The ASR head is placed at the end of the
stack and contributes to the CTC loss. The SSD classification
head is placed after an intermediate transformer layer and con-
tributes to the CE loss.
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2.2. Encoder pre-fine-tuning

Pre-trained speech encoders are generally trained on typical
adult speech. Therefore, the multi-task training is in charge
of both adapting the acoustics of the model to children’s
speech [19] and of optimizing the speech representation for the
SSD tasks. The former, however, does not actually necessitate
pathological speech but can leverage typically developed chil-
dren’s speech. Therefore, we propose a two-step training strat-
egy. In the first step, the pre-trained ASR model is fine-tuned
on correctly pronounced child speech data to improve its tran-
scription of child speech, in a sort of pre-fine-tuning. In the
second step, the pre-fine-tuned encoder is employed in the stan-
dard multi-task framework, training it on both ASR and pro-
nunciation classification tasks. This two-step approach aimed
to improve overall model performance by specializing the ASR
component for children’s speech before performing both tasks.
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Figure 2: Schematic overview of the encoder pre-fine-tuning
strategy. The german Wav2Vec2.0 encoder is fine-tuned on cor-
rectly pronounced children’s speech. Then, the standard multi-
task method is applied using both mispronounced and correctly
pronounced audio.

3. Experimental Setup

This study employs three corpora of German child speech
for training and evaluation: Neumann/Fox-Boyer (NFB), Fox-
Boyer (FB), and a newly collected dataset (DM). These datasets
contain speech recordings from children with and without
SSD. To ensure consistency in model training and evaluation,
a speaker-dependent split was applied to all datasets, which
means that all speech samples from a single child remain within
the same partition. Table 1 provides an overview of the dataset
statistics and class distributions.

Table 1: Dataset statistics and phonological error distribution
across NFB, FB, and DM corpora.

Dataset | #spk. | # words | Mispronounced | Correct
NFB 29 2,678 47.0% 53.0%
FB 32 2,977 16.1% 83.9%
DM 35 2,174 39.6% 60.4%

3.1. Neumann/Fox-Boyer and Fox-Boyer datasets

We employed two publicly available PhonBank corpora [20].
The Neumann/Fox-Boyer (NFB) corpus consists of recordings



from 29 German-speaking children (aged 3 to 10 years) diag-
nosed with SSD. The Fox-Boyer (FB) corpus contains speech
from 32 typically developing children (aged 2 to 9 years).
Although children in the FB corpus are typically developing
speakers, their speech may still contain mispronunciations due
to ongoing phonological acquisition. As children gradually es-
tablish an underlying representation of speech sounds, they may
omit, substitute, or modify certain phonemes. These patterns,
known as phonological processes, reflect age-appropriate de-
velopment [21].

Both corpora consist of speech samples elicited through the
PLAKSS picture-naming task, which includes 96 target words
that cover all vowels, consonants, and consonant clusters in
German, with variations in word length and stress patterns [1].
Each corpus includes timestamps and phonetic transcriptions
for both the target word and the child’s actual utterance [22].
For this research, we used a binary classification scheme, dis-
tinguishing between correctly pronounced and mispronounced
words. While a three-level classification system was initially
developed (differentiating between words affected by a single
phonological process and those exhibiting multiple phonologi-
cal processes), our analysis in this paper is exclusively based on
the binary classification task.

3.2. Custom dataset

Additionally, a custom dataset (DM) was collected from 35
children (aged 3 to 7 years) diagnosed with SSD, recorded
between August and November 2024 in speech therapy prac-
tices in Stuttgart (Baden-Wiirttemberg) and Hanau (Hesse). The
dataset includes 19 male and 16 female children. The PLAKSS
picture-naming test was used for all assessments. Depending
on the diagnostic context, 16 recordings employed the screening
version (30 items), while 19 recordings used the full version (96
items). The raw therapy recordings were manually segmented
in Praat [23], isolating individual word-level utterances. Each
segment was transcribed and labelled, following the same clas-
sification schemes applied to the Phonbank corpora (see Figure
3 for an example of manual transcription and labelling). Since
this dataset contains personally identifiable audio recordings of
children, it will not be publicly released due to ethical and data
protection concerns.

3.3. Dataset Combinations

We consider two approaches to augment our custom dataset DM
with publicly available data. In both cases, our evaluation is
carried out on the test sets of DM and NFB.

* COMBI considers only data with pathological speech as it
merges the training sets of NFB and DM.

* COMBI+ extends COMBI by incorporating selected samples
from FB, specifically recordings from nine speakers where at
least 25% of the words were mispronounced. This ensures
that additional data from typically developing children do not
introduce excessive class imbalance while still contributing
to phonological variability.

3.4. Implementation Details

For this study, we employ a Wav2vec2 model optimized for
German speech!. Training was performed with a batch size of
16, a learning rate of Se-5, and 50 epochs. A warm-up ratio of

"https://huggingface.co/facebook/
wav2vec2-large-xlsr-53-german
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Figure 3: Example of manual transcription and labelling in the
DM dataset. The spectrograms show the word Gespenst (ghost)
produced incorrectly (top) and correctly (bottom), with corre-
sponding TextGrid annotations.

0.1 was applied, and Unweighted Average Recall (UAR) was
used as the evaluation metric for the best model. A sampling
rate of 16 kHz was used for all datasets. The classification head
was initially placed at layer 24, but additional experiments eval-
uated placements at layers 17 and 20 to optimize classification
performance. We employed the code of [18]°.

4. Results

4.1. Evaluation Metrics

The model’s performance was evaluated using Word Error Rate
(WER) and Character Error Rate (CER) for ASR, and Accuracy
(ACC), Unweighted Average Recall (UAR), and F1-Score for
classification. WER measures transcription errors at the word
level, while CER evaluates character-level mistakes. Both were
calculated only for correctly pronounced words, excluding mis-
pronounced samples. Accuracy provides a general classifica-
tion overview but can be biased in imbalanced datasets. UAR
ensures a balanced evaluation across classes by averaging recall
values, making it particularly relevant for SSD classification.
F1-Score, the harmonic mean of precision and recall, accounts
for both false positives and false negatives, offering a compre-
hensive assessment.

4.2. Baseline Performance

The baseline performance of the multi-task model was evalu-
ated by training separately on the NFB and DM datasets. The
model achieved 76.5% UAR, 40.1% WER, and 18.6% CER on
NFB, while on DM, it obtained 75.2% UAR, 34.0% WER, and
16.3% CER. These results are summarized in the top rows of
Table 2.

4.3. Effect of Dataset Combination

To assess the impact of increased training data, the model was
trained on the COMBI dataset, which merges the training sets

2https://github.com/aalto-speech/
multitask-wav2vec?2



of NFB and DM. This was further extended to COMBI+, incor-
porating selected FB samples. Training on COMBI led to im-
proved performance, achieving 77.8% UAR on DM and 77.4%
on NFB, while reducing WER to 26.5% for DM and 28.3% for
NFB. Even if the acoustic quality of the two datasets is differ-
ent, their combination improves performance on both datasets
substantially, in particular for ASR metrics. Very interestingly,
the inclusion of additional typically developed speech data
in COMBI+ further enhanced performance, particularly for
NFB test set, reaching 80.4% UAR and 20.9% WER. Using
more data probably helps the model adapt to the children’s
speech, and the mispronunciations, although not pathological,
seem to help detect correct speech segments. A detailed com-
parison of these results can be found in Table 2.

Table 2: Performance metrics across individual datasets (NFB,
DM) and dataset combinations (COMBI, COMBI+).

. WER | CER | ACC | UAR F1

Train Test

(%) | (%) (%) (%) | (%)

NFB NFB | 40.1 18.6 | 76.5 76.5 | 76.5

DM DM 34.0 163 | 772 | 752 | 75.1

COMBI NFB | 28.3 145 | 77.3 774 | 77.1

DM 26.5 12.0 | 78.3 77.8 | 77.6

COMBL+ NFB | 20.9 11.0 | 804 | 804 | 80.4

DM 22.6 11.5 | 80.8 | 78.7 | 78.9

4.4. Classification Head Placement

Following the results reported in [18], the effect of classification
head placement within the Transformer layers was analyzed by
testing configurations from layer 16 to layer 24. The impact
of classification head selection is illustrated in Figure 4. The
best performance for DM was observed at layer 17, with 79.7%
UAR, while NFB benefited from placement at layer 20, achiev-
ing 79.4% UAR. WER was also lowest when placing the classi-
fication head at layer 17 for DM (22.4%) and layer 20 for NFB
(22.0%).
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Figure 4: Unweighted Average Recall (UAR) across Trans-
Sformer layers 16 to 24 for the classification head, comparing
performance on the DM and NFB test sets.
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4.5. Encoder pre-fine-tuning.

Finally, Table 3 reports the performance of the encoder pre-
fine-tuning. The two-step training approach was designed to
enhance pronunciation classification by first fine-tuning the
ASR model exclusively on correctly pronounced word seg-
ments from NFB, FB, and DM before integrating it into the
multi-task framework. Based on the findings of the classifica-
tion head placement analysis, the experiment incorporated the
optimal classification head layers identified in the previous anal-
ysis. By placing the classification head at layer 20 for NFB
and layer 17 for DM, the model achieved improvements over
the original single-step framework. For NFB, two-step train-
ing increased UAR from 80.4% to 81.7% and reduced WER
from 20.9% to 19.8%. Similarly, for DM, UAR improved from
78.7% to 80.7%, while WER decreased from 22.6% to 20.0%.

Table 3: Performance metrics for two-step training; optimal
classification head uses layer 20 for NFB and layer 17 for
DM (see Section 4.4). These models are fine-tuned only on
COMBI+.

. WER | CER | ACC | UAR | Fl1
Train Test

(%) | (%) | () | (B) | (P)
COMBI+ NFB | 21.1 119 | 793 | 794 | 793
DM 20.2 10.6 | 81.0 | 79.5 | 794

+ optimal class head layer
COMBI+ NFB | 198 | 10.5 | 81.7 | 81.7 | 81.6
DM | 20.0 113 | 82.7 | 80.7 | 81.0

5. Conclusion

The work investigates a multi-task learning framework com-
bining ASR and pronunciation classification to detect SSDs
in German-speaking children. By leveraging the pre-trained
wav2vec2 model, it demonstrated the feasibility of deep learn-
ing for pathological child speech and investigated architectural
modifications to optimize performance.

Experimental findings highlight the impact of two-step
training and classification head layer selection on model perfor-
mance. Fine-tuning on correctly pronounced speech in a two-
step approach improved both ASR and classification. Addition-
ally, placing the classification head at intermediate Transformer
layers yielded better performance than the final layer, reinforc-
ing the need for dataset-specific adaptations.

A central contribution of this study was the DM dataset,
a custom collection of speech recordings from children with
SSDs. Despite its limited size, incorporating publicly avail-
able corpora (NFB, FB) enhanced model robustness, demon-
strating that combining pathological and typically developing
speech data mitigates data scarcity challenges.

While promising, the approach is constrained by dataset
size, reliance on manual segmentation, and simplified phono-
logical labelling. Future work should explore larger datasets,
alternative model architectures, and a more detailed classifica-
tion approach.

This research provides a solid foundation for the develop-
ment of automated SSD detection tools in German-speaking
children, advancing automated speech disorder diagnosis with
implications for clinical practice and future research.
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