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Abstract

Speaking is a fundamental way of communication, developed
at a young age. Unfortunately, some children with speech
sound disorder struggle to acquire this skill, hindering their
ability to communicate efficiently. Speech therapies, which
could aid these children in speech acquisition, greatly rely on
speech practice trials and accurate feedback about their pro-
nunciations. To enable home therapy and lessen the burden on
speech-language pathologists, we need a highly accurate and
automatic way of assessing the quality of speech uttered by
young children. Our work focuses on exploring the applica-
bility of state-of-the-art self-supervised, deep acoustic models,
mainly wav2vec2, for this task. The empirical results highlight
that these self-supervised models are superior to traditional ap-
proaches and close the gap between machine and human perfor-
mance.
Index Terms: speech assessment, goodness of pronunciation,
children speech, ASR, wav2vec2

1. Introduction
Speaking is a fundamental skill that enables humans to commu-
nicate efficiently. Typically, speech develops at a young age and
is further tuned as the speaker gets older. However, for children
with speech sound disorder (SSD), speech acquisition takes a
different path. SSDs are characterized by developmentally inad-
equate speech production, often with negative impact on intel-
ligibility [1]. It involves an increased risk of having associated
difficulties with language and literacy [2], and for some, a risk
of a negative social impact. SSD is a high-prevalence condi-
tion in preschool-aged children, and in clinical settings, children
with SSD constitute a large portion of speech-language pathol-
ogists’ caseloads [3]. Clinical intervention serves to minimize
the negative consequences of the SSD, most often focusing on
increasing speech production accuracy [3]. Although multiple
intervention approaches exist, many share as central ingredi-
ents a large number of speech practice trials for the child, and
feedback regarding performance. Home-training is already an
important ingredient in SSD intervention [4], and Covid-19 has
further highlighted the need of intervention approaches that are
not dependent on physical co-presence. An engaging speech
game, with an embedded automatic rating system, may encour-
age the child to achieve the high-enough training dose and fre-
quency needed to expedite change. Providing that such a speech
game can give reliable feedback concerning the child’s speech

* The first two authors have equal contribution.

production performance, it would constitute an attractive com-
plement to traditional SSD intervention.

Computer-Assisted Pronunciation Training (CAPT) sys-
tems rely on a component that accurately predicts the Goodness
of Pronunciation (GOP) [5], [6]. Traditional GOP solutions
consist of a simple pipeline [7]. The first element is an ASR
system that supplies the acoustic scores, which are then used by
an aligner. The aligner decides which phones were uttered at a
given time and also calculates the acoustic scores per phoneme.
Lastly, the scoring module uses the phonetic scores to predict
the GOP for a given speech sample. Recent works, aimed to de-
velop GOP solutions for children, demonstrated that using the
ASR log posterior probabilities to train classifiers is a superior
solution compared to the traditional GOP pipeline method [8].
In line with those findings, we decided to test end-to-end solu-
tions that rely on wav2vec2 models pre-trained on ASR tasks to
estimate the level of the pronunciation. A huge advantage of our
solution is that only a limited amount of annotated, in-domain
data is needed to fine-tune the model.

Regardless of the approach chosen for building a GOP sys-
tem for children’s speech, the main challenge at hand is the
same: it is required to have good quality representation of
children’s speech. It is not possible to use an adult model as
is since children’s speech differ from adult speech both in its
acoustic and linguistic content. First, children’s speech dif-
fers from adults’ in F0, speaking rate and formant frequen-
cies [9], so adults’ ASR systems and training data are of lim-
ited use even after signal modifications [10]. Second, because
all children grow and acquire speaking skills at an individual
pace there is a large acoustic [11] and linguistic [12] varia-
tion within children’s speech itself. Lastly, there exists a short-
age of publicly-available corpora [13] since the organization of
large-scale recordings and collections of good quality children’s
speech data is an exhaustive task due to many practical reasons.

The current work brings the following contributions. First,
to the best of our knowledge, this is the first work that focuses
on rating Swedish speech of children with SSDs. Second, this
work demonstrates the applicability of using contextual fea-
tures derived from self-supervised models for rating children’s
speech.

2. Data
2.1. Swedish PF STAR

The PF STAR dataset [14] includes more than 60 hours of
speech from British, German, Swedish and Italian children. In
this study, we use the Swedish part of the data set. It contains
recordings of 99 children aged 4-8 years uttering phrases of dif-
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Table 1: Rating categories used in the SweSSD corpus and their
description.

Level Description
1 not at all identifiable as the target word
2 hard to identify as the target word
3 slight phonemic error
4 subphonemic error or ”unexpected variant”
5 prototypical/adult-like/correct

ferent lengths for a total of 17 hours of speech. The speech from
the children was elicited by spoken prompts, thus resulting in ei-
ther spontaneous or imitated responses. The material includes
a total of 3036 unique words. Annotations include markers for
filled pauses, intermittent and stationary noise, mispronuncia-
tions and truncations of words. In our experiments, we used a
subset of the corpus with the total size of 8.3 hours for ASR
training purposes.

2.2. SweSSD

The primary dataset used in this study named SweSSD consists
of samples collected by the Functional consequences of misar-
ticulation in children’s connected speech project [15]. Isolated
words uttered by children were recorded, the vocabulary was
elicited from the articulation test LINUS [16] and the material
for intelligibility testing, STI-CH [17]. The participants were all
native Swedish children ages 4-10. In total, the dataset has 28
speakers, 12 of which had typical speech, and 16 had an SSD.
All recordings have been anonymized to prevent the identifica-
tion of speakers immediately after collection. For each record-
ing, the expected word was stored and the rating assigned by an
expert annotator. Table 1 demonstrates the 5 levels of speech
qualities and their meaning, and Figure 1 showcases their dis-
tribution in the corpus. Based on the description, we can expect
that separating level 1 from 2 and 4 from 5 will be a significant
challenge to any automatic system. All recordings were used in
speech rating experiments.

Given that no human transcriptions are provided in the
dataset, only recordings with ratings 4 and 5 were used in the
ASR experiments, supposing that the uttered word matches the
target word in these samples. There are 900 unique words in this
”clean” sub-set, and 422 of them are uttered only once. The lat-
ter ones were used as a test set in our ASR experiments, expect-
ing to prevent the ASR system from memorizing these words
during training. To summarize, the sizes of the ASR training
and test sets are 64 minutes (3371 recording) and 10 minutes
(422 recordings), respectively.

3. Methods
3.1. wav2vec2

wav2vec2 [18] is a self-supervised deep acoustic model that
is pre-trained on un-transcribed speech data. During the pre-
training phase, a series of 1D convolutional layers are applied
to downsample the raw speech signal into dense representation.
Next, the convolved dense representations are discretized us-
ing quantization algorithm. The quantized representations are,
then, partially masked and predicted using a transformer model
similar to BERT [19] to obtain richer, contextual acoustic repre-
sentation. Finally, the model is trained to recognize true quan-
tized representations from a set of negative samples using a con-
trastive objective function.

level 1

7.1%

level 2

11.0%

level 3
19.0%

level 4

16.2%

level 546.7%

Figure 1: Data distribution in the SweSSD corpus.

These pre-trained acoustic representations can be fine-
tuned for downstream tasks, such as speech recognition and
general audio classification. For ASR purposes, they can be
applied in an end-to-end ASR pipeline in which they are ap-
pended with a randomly-initialized classification head to predict
transcripts directly using a connectionist temporal classification
(CTC) loss. Standard wav2vec2 ASR fine-tuning pipeline [18],
[20] incorporates freezing the feature extraction CNN layers be-
cause their weights are expected to be sufficiently trained dur-
ing the pre-training step, eliminating the need for further adjust-
ment.

3.2. Speech rating system

To automatically assess the speech samples, we built multi-
ple solutions. The baseline GOP approach simply utilized
the character error rate (CER) of the utterances instead of the
phoneme posteriors and employed decision trees to find the de-
cision boundaries between classes (W2V2 CER+DT). As an
alternative solution, we utilized the wav2vec2 model to pro-
duce the log probabilities for all possible characters and then
used a convolutional recurrent deep neural network (CRDNN)
to transform them into categorical labels (W2V2 logp). These
models combine the advantages of convolutional and recur-
rent neurons and became a popular choice in paralinguis-
tics and ASR [21]. To showcase the benefits of using the
wav2vec2 model, we also trained CRDNNs that classify the ex-
amples based on their MFCC features (MFCC+CRDNN). An-
other baseline (MFCC+GMM-HMM+DT) is based on a GMM-
HMM model originally trained on the NST Swedish database
[22] and adapted to the target data. In this case, we use a con-
fidence score given by the difference of log likelihoods when
running word as opposed to phoneme recognition with the same
acoustic models. Of the many models available from [22], tri-
phone HMMs with 64 Gaussian components per state trained
on MFCC features were used in this study. Decision trees were
used to map scores to rating classes.

Beyond these baseline systems, we also wanted to fully uti-
lize the wav2vec2 model. To achieve this, two separate ap-
proaches were tested. The first one is simply wav2vec2 CTC
model further fine-tuned for the classification task (W2V2). As a
lightweight alternative to avoid the costly fine-tuning procedure,
we also used the wav2vec2 model as a feature extractor and re-
placed the MFCC inputs of the CRDNN with the embeddings
produced by the last hidden layer (W2V2 emb). The advantage
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of the latter approach is that the wav2vec2 is static, and we need
to run the inference over the whole data only once. Further-
more, the training time of the CRDNN is negligible compared
to wav2vec2 fine-tuning.

4. wav2vec2 children ASR
In this work, we used various publicly available wav2vec2-
Large (317M parameters) models1,2. The ASR systems were
evaluated in terms of word and character error rate (WER and
CER). We decided to operate on the character level rather than
the phoneme level, since the latter option would have required
a hand-crafted lexicon, preferably with multiple pronunciations
per word. Additionally, a recent study [23] showed that in low-
resource scenarios, output units like characters lead to better
performance than fine-grained phonemes. Table 2 summarizes
their general properties, as well as the performance on Swedish
children ASR after fine-tuning on the SweSSD data.

Table 2: ASR results for wav2vec2 models adapted to children
speech. 3. column indicates whether the model was only pre-
trained on unlabeled speech, or it was also fine-tuned on la-
beled adult Swedish data before adapting to Swedish children
ASR. 4. column shows whether the CTC head weights of an
adult ASR model were adjusted to children ASR along with the
rest of the network, or they were initialized from scratch before
fine-tuning on children speech.

W2V2 Model Pretrain Fine-tuned on Adult WER, CER,
size, h adult speech LM head % %

KB VoxPopuli 5.5K ✓ ✗ 43.13 15.00
✓ ✓ 42.89 14.24

KB Voxrex 11.5K
✗ ✗ 71.80 26.77
✓ ✗ 37.91 14.75
✓ ✓ 35.31 13.20

FB VoxPopuli 29.9K ✗ ✗ 76.30 29.20

The monolingual models, KB VoxPopuli and KB VoxRex,
were pre-trained by KBLab3 (the data lab at KB, the Na-
tional Library of Sweden) on Swedish local radio broadcasts.
KB VoxPopuli was also pre-trained on European Parliament ple-
nary session recordings from the VoxPopuli corpus [24], while
the KB VoxRex pretraining data included audio books and other
speech from KB collections. Transcribed speech data from
Nordisk Sprakteknologi (NST), Swedish Common Voice [25]
and Swedish local radio were used in the fine-tuned version of
KB VoxRex. The multilingual model, FB VoxPopuli, was pre-
trained on VoxPopuli recordings in two North Germanic lan-
guages: Swedish (16.3K hours), and Danish (13.6K hours).

According to the results of the ASR experiments, the mod-
els benefit much from intermediate fine-tuning on adult speech.
In addition, our experiments proved that preserving the lan-
guage modeling head weights from the fine-tuned adult ASR
model and adjusting them during fine-tuning for children ASR
gives better performance than training them from scratch.

The most accurate model achieved 35.31%/13.20%
WER/CER on the SweSSD test set and was applied in our
speech rating experiments. In addition, we attempted to fur-
ther improve the ASR results of this system by incorporating
an additional intermediate step in our training pipeline: before
fine-tuning the model on the target data (SweSSD), we tuned it

1https://huggingface.co/KBLab/wav2vec2-large-voxrex-swedish
2https://github.com/facebookresearch/voxpopuli#pre-trained-

models
3https://www.kb.se/in-english/research-collaboration/kblab.html

on the PF STAR corpus. The derived model yielded a WER of
34.36% and CER of 12.40% on the SweSSD test set.

5. Speech Rating Experiments
First, we investigated the wav2vec2 model used in this study. To
train the wav2vec2-based speech rating systems, we utilized the
ASR models described in Section 3.1 with a few minor modi-
fications. The model CTC head was replaced with a projection
layer, followed by an average pooling step before the classifica-
tion layer. The resulted network was optimized by minimizing
the cross-entropy loss, with the CNN part kept frozen.

As a CRDNN, we opted for a relatively simple architecture;
the input is first processed by two convolutional layers, which
are convolved along the time axis. After the CNN part, a biL-
STM layer summarizes the utterance-level information. Before
the final softmax layer, an additional feed-forward layer trans-
forms the embeddings produced by the recurrent layer.

One critical part of all studies is the evaluation part, where
appropriate steps must be used to showcase the real perfor-
mance of the presented models. In our case, we need to consider
several factors. First of all, we have a limited amount of data.
Thus, we choose cross-validation (CV) to evaluate solutions.
We opted for a 6-fold CV, this way, roughly 1000 randomly
selected examples were part of each fold, with no overlap be-
tween folds. To train and evaluate the models 4 folds were used
as training data, 1 fold as development data for hyperparam-
eter tuning and 1 fold for testing. In this CV, each fold was
used exactly once for testing and development (and not by the
same model), and to get the final evaluation values we micro-
aggregated the confusion matrices of the 6 models.

The next problem is the unbalanced nature of the data. As
the best rating is severely over-represented (approx. 47% of the
data belongs to this class, see Figure 1), the accuracy (ACC)
metric could result in misleading results. Unweighted average
recall (UAR) is a popular choice for scenarios like this [26],
and it could give us a better understanding of the general per-
formance. Additionally, we report two other metrics. The mean
absolute error (MAE) showcases the expected difference be-
tween the predicted and annotated ratings, which could be con-
sidered as the expected error value between the predicted and
the annotated level of speech. Lastly, the permissive accuracy
(PACC) disregards mistakes between the top two levels (4 and
5), which, by definition are extremely hard to be separated.

5.1. Speech rating evaluations

Our first experiments were aimed to determine which wav2vec2
model is better suited for the rating task. Our initial experiments
revealed that KB Voxrex-based systems, when fine-tuned purely
on in-domain data, consistently achieved better development re-
sults compared to the other models. One possible explanation
might be that using the PF STAR corpus unintentionally made
the model robust against mispronunciation errors, which in turn
degraded its ability to detect them and predict the pronuncia-
tion levels accurately. Another explanation is that PF STAR
has a different speech domain than SweSSD. The first consists
of spontaneous and imitated speech while the latter is one-word
and read-aloud speech.

Table 3 summarizes the results of different speech rating
approaches using the best wav2vec2 ASR model from Table 2.
The first thing that we can notice is that the simple MFCC-based
solutions achieved the worst scores in all evaluation metrics.
This result confirms the necessity of the ASR component for
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Table 3: Results of the speech rating solutions.

System ACC, % PACC, % UAR, % MAE
MFCC+GMM-HMM+DT 42.3 59.5 30.4 0.92
MFCC+CRDNN 47.4 58.5 35.1 0.91
W2V2 logp+CRDNN 52.5 65.3 36.7 0.72
W2V2 emb+CRDNN 57.0 68.7 37.8 0.61
W2V2 CER+DT 57.0 70.6 40.0 0.63
W2V2 60.4 71.9 43.6 0.51
Human (20% data) 65.8 72.8 66.7 0.39
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W2V2
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Figure 2: Recalls of each system per categories.

building well-performing systems. Next, we can compare the
different wav2vec2-based solutions. As expected, fine-tuning
the whole model for the classification task worked the best, out-
performing all other approaches. Interestingly, the second-best
solution turned out to be the simplest one; using only the CER
of each recording to estimate the pronunciation category. The
remaining two rows showcase that the embeddings of wav2vec2
contain more information and thus are better suited for this
task than the log probabilities. The best model (W2V2) seems
to have low accuracy, and an even lower UAR reveals that it
greatly overfitted to the overrepresented classes. To understand
the difficulty of this task and provide an upper bound on the
performance, we asked the original annotator to re-evaluate a
randomly chosen subset (approx. 20%) of the data, six months
after the original annotating process. This re-evaluation con-
firmed that the task is extremely difficult even for a human ex-
pert. We can see that the gap in accuracy is about 5%, which
drops to only 1% when we merge the two hardest to separate
classes (PACC). While these observations could suggest that
we almost reached the human level performance with W2V2,
the UAR and MAE metrics paint a different picture. According
to the recall and average error, the human annotator is still con-
siderably better at the rating task than the automatic systems.

The overall performance values might suggest that neither
humans nor machines are good at this task. Contradicting this
observation, the low MAE values indicate that a vast majority of
the mistakes are just minor ones. Upon closer look, we observed
that only 11.7% of the human errors are serious ones, where
the difference between the original and re-annotated levels are
more than one. Performing the same analysis on our best model
(W2V2) revealed that it was also making predominantly minor
errors; about 30% of its mistakes belong to the severe category.

Next, we took a closer look at the performances per cat-
egory. Figure 2 displays a more detailed picture about the
strengths and weaknesses of the different approaches. The first
thing to notice is that all systems performed extremely well for
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Figure 3: Confusion matrix of the best model (W2V2).

level 5, outperforming even the human level. On the other hand,
the annotator had a superior performance in recognizing level 4,
which proved to be the most challenging class for all systems.
Overall, the human expert proved to be the best for levels 1 and
4, while some models managed to reach the human performance
in recognizing levels 2 and 3. W2V2 performs quite well com-
pared to the other solutions but lags behind in recognizing level
1, while the CER-based decision trees proved to be most capa-
ble of recognizing the two extreme levels (1 and 5), but failed to
properly separate the intermediate ones. Interestingly, using the
log probabilities leads to better performance in case of the first
two levels compared to the embeddings, which are more helpful
in discriminating between the higher levels (3,4 and 5).

Lastly, we investigated the performance of the best auto-
matic rating solution. Figure 3 depicts its confusion matrix. As
mentioned before, a majority (∼70%) of the errors are made
between consecutive levels. Confusing very different ratings is
quite rare. Additionally, we can see that the model has diffi-
culties separating level 4 from 5 and level 1 from 2, which is
expected based on their definition in Table 1. Overall, we can
say that despite its shortcomings, our solution manages to reach
good performance, although not yet on par with a human expert.

6. Conclusions
This work demonstrated that wav2vec2-based approaches are
viable for predicting the pronunciation level of children with
speech sound disorders in comparison to other techniques. An
additional advantage of our proposed solution is the fact that
it requires only a limited amount of supervised data, which is
quite hard to acquire in this field. Even though the best model
fails to reach the performance level of a human expert, we are
confident that it would be a valuable tool for non-expert parents
during home treatment. To confirm this, we plan to investigate
expert and non-expert human performances using this dataset.
Furthermore, our approach can also be applied in other settings
such as second language learning for children.
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Ahlman, A. Börjesson, and C. Persson, “Swedish test of
intelligibility for children (STI-CH) – validity and reli-
ability of a computer-mediated single word intelligibil-
ity test for children,” Clinical Linguistics & Phonetics,
vol. 29, no. 3, pp. 201–215, 2015, PMID: 25489674.

[18] A. Baevski, Y. Zhou, A. Mohamed, and M. Auli,
“wav2vec 2.0: A framework for self-supervised learning
of speech representations,” in Advances in Neural Infor-
mation Processing Systems, vol. 33, Curran Associates,
Inc., 2020, pp. 12 449–12 460.

[19] J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova,
“Bert: Pre-training of deep bidirectional transformers
for language understanding,” in Proceedings of NAACL-
HLT, 2019, pp. 4171–4186.

[20] A. Conneau, A. Baevski, R. Collobert, A. Mohamed, and
M. Auli, “Unsupervised Cross-Lingual Representation
Learning for Speech Recognition,” in Proc. Interspeech
2021, 2021, pp. 2426–2430.

[21] R. Aloufi, H. Haddadi, and D. Boyle, “Configurable
Privacy-Preserving Automatic Speech Recognition,” in
Proc. Interspeech 2021, 2021, pp. 861–865.

[22] N. Vanhainen and G. Salvi, “Free acoustic models
for large vocabulary continuous speech recognition in
Swedish,” in Proc. of the Language Resources and Eval-
uation Conference (LREC), 2014.

[23] C. Yi, J. Wang, N. Cheng, S. Zhou, and B. Xu, “Ap-
plying wav2vec2.0 to speech recognition in various low-
resource languages,” CoRR, vol. abs/2012.12121, 2020.

[24] C. Wang, M. Riviere, A. Lee, et al., “VoxPopuli: A
large-scale multilingual speech corpus for representation
learning, semi-supervised learning and interpretation,” in
Proceedings of the 59th Annual Meeting of the Associa-
tion for Computational Linguistics and the 11th Interna-
tional Joint Conference on Natural Language Process-
ing, vol. 1, Association for Computational Linguistics,
Aug. 2021, pp. 993–1003.

[25] R. Ardila, M. Branson, K. Davis, et al., “Common voice:
A massively-multilingual speech corpus,” English, in
Proceedings of the 12th Language Resources and Eval-
uation Conference, Marseille, France: European Lan-
guage Resources Association, May 2020, pp. 4218–
4222.

[26] B. W. Schuller, A. Batliner, C. Bergler, et al., “The IN-
TERSPEECH 2021 Computational Paralinguistics Chal-
lenge: COVID-19 Cough, COVID-19 Speech, Escalation
& Primates,” in Proc. Interspeech 2021, 2021, pp. 431–
435.

3622


