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ABSTRACT In this paper, we investigate the use of the spontaneous speech of dysarthric people for training
an automatic speech recognition (ASR) model for them. Although the spontaneous speech of dysarthric
people can be collected relatively easily compared to script-reading speech, which is obtained by having
them read a prepared script, labeling the spontaneous speech of dysarthric people is very difficult and costly.
For training anASRmodel using unlabeled speech data, pseudo-labeling and self-supervised feature learning
have been studied as effective approaches; however, the effectiveness of these approaches has not been
clear when they are applied to the unlabeled dysarthric speech. In addition, pseudo-labeling may not be
effective since the pseudo-labels of dysarthric speech include many errors and are not reliable. In this paper,
we evaluate the above two approaches for the dysarthric speech recognition, and we propose a multi-task
learning approach, which combines these approaches to train anASRmodel that is robust against the errors in
the pseudo-labels. Experimental results using Japanese and English datasets demonstrated that all approaches
are effective, but among them, the proposed multi-task learning approach showed the best performance.

INDEX TERMS Speech recognition, dysarthria, pseudo-labeling, self-supervised feature learning.

I. INTRODUCTION
With the development of deep learning technology, the
accuracy of automatic speech recognition (ASR) has been
greatly improved and is getting closing to human-level
performance [1], [2]. ASR systems have been widely used
in applications such as smart speakers, speech translation,
car devices, and so on. Because we can input commands
to devices with hands-free technology, ASR systems are
expected to be applied to input devices for handicapped
people, and some applications that make use of ASR systems
for handicapped people have already been developed (e.g.,
Nuance Dragon Anywhere).

The associate editor coordinating the review of this manuscript and

approving it for publication was Lin Wang .

Dysarthria is a speech disorder resulting from motor
dysfunction, such as cerebral palsy [3] and amyotrophic
lateral sclerosis (ALS). Because people suffering from such
disease are often restricted their movement of the arms
and legs, most of them cannot use alternative means of
speech communication, such as sign language or written
communication. For this reason, there is a great need of
hands-free communication tools and input devices using the
ASR system for such people. However, because the speaking
style of people having dysarthria tends to be unstable and is
greatly different from the speaking style of person without
disability, it is difficult for conventional ASR systems to
recognize their speech.

Various studies of the dysarthric speech recognition have
been conducted. One problem in this task is the scarcity of
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the dysarthric speech data for training. Although there have
been publicly available databases of dysarthric speech [4],
[5], the amount of data is not still sufficient to train an
accurate ASRmodel. For example, speech of eight dysarthric
subjects are recorded in TORGO dataset [4]; however, the
average length of the recorded speech per subject is less
than 30 minutes. In UAspeech dataset [5], speech of fifteen
dysarthric subjects are recorded, but only speech of isolated
words is recorded. Previous studies tackling this problem of
insufficient data have proposed methods including the data
augmentation approach [6], [7], [8], [9], [10], the model
adaptation approach [11], [12], [13], [14], [15], [16], [17],
and an approach that uses multiple datasets of dysarthric
speech [18].
One reason why it is difficult to collect speech data

from dysarthric people is because they are required to
read a prepared script, which is a heavy burden on them,
in the aforementioned datasets (speech collected in this way
is referred to as ‘‘script-reading speech’’). In this study,
we focus on the use of spontaneous speech for dysarthric
speech recognition. Spontaneous speech of dysarthric people
in their daily life can be recorded relatively easily compared
to script-reading speech. However, unlike script-reading
speech, spontaneous speech requires us to transcribe the
speech to obtain the label for training an ASR model, and
the transcription of dysarthric speech is extremely difficult
and costly due to its being less-intelligible. Therefore,
we investigate methods to leverage speech data without labels
(i.e., unlabeled data) in this study.

There are two main approaches for utilizing unlabeled
speech data for ASR. Although the effectiveness of both
two approaches has been confirmed for normal speech
recognition, it has not been clear for dysarthric speech
recognition. The first is called pseudo-labeling [19], [20],
[21], which estimates labels from unlabeled speech using
speech recognition. The effectiveness of pseudo-labeling
depends on the accuracy of the pseudo-label (i.e., perfor-
mance of the base ASR model). Therefore, pseudo-labeling
may not be effective for dysarthric speech recognition
since the pseudo-labels of dysarthric speech include many
errors.

The second approach is called self-supervised feature
learning [22], [23], [24], [25], [26], [27], [28], [29], where
a neural-network model is trained through a pseudo-task
generated without human transcription. The model trained
through the self-supervised learning can be used as a
good pre-trained ASR model to be fine-tuned using labeled
speech data. There have been studies trying to utilize these
techniques for dysarthric speech recognition [15], [16], [17].
However, the previous works uses models pre-trained by
self-supervised learning using normal speech data, and they
use only labeled dysarthric speech data for fine-tuning the
pre-trained models. Therefore, the effectiveness of the self-
supervised learning with unlabeled dysarthric speech data has
not yet been clear.

The contributions of this paper are the following three
points. First, we evaluate the use of unlabeled dysarthric
speech datawith the above two training approaches. Although
we conduct the evaluation using TORGO dataset, this dataset
contains only a small amount of speech data for each subject,
making it difficult to evaluate the effectiveness in detail. For
detail evaluation, therefore, we recorded about three hours
of unlabeled speech and about one hour of labeled speech
from a Japanese dysarthric person. Second, we propose a joint
multi-task learning approach combining pseudo-labeling and
self-supervised feature learning. While the effectiveness of
pseudo-labeling depends on the accuracy of the pseudo-
label, self-supervised feature learning is independent of the
quality of the pseudo-label because this approach does not
use any label information. Therefore, the proposed multi-task
learning approach combines self-supervised feature learning
with pseudo-labeling to train an ASR model robustly against
the errors contained in pseudo-labels. Third, we further
propose a method to switch between multi-task learning and
single-task learning based on the confidence score of the
pseudo-label. The proposed method estimates the confidence
level of the pseudo-labels and trains theASRmodel by single-
task learning using pseudo-labels when the confidence level
is high, and by multi-task learning when the confidence level
is low.

The rest of this paper is organized as follows. In Section II,
we discuss the pseudo-labeling and self-supervised feature
leanring and their related works. In Section III, our proposed
multi-task learning method is explained. We show our
experimental results in Section IV and Section V and
conclude this work in Section VI.

II. RELATED WORKS USING UNLABELED SPEECH FOR
ASR MODEL TRAINING
A. PSEUDO-LABELING
Pseudo-labeling is a popular approach to utilizing speech data
without a human supervision to train an ASR model [30],
[31], [32], [33]. In this approach, a seed ASR model is first
trained by using labeled speech data. The seed model is
used to recognize unlabeled speech data, and the recognition
results are used as pseudo-labels for the unlabeled data. Then,
an ASR model is re-trained by using the pseudo-labeled
speech in addition to the labeled speech. Pseudo-labeling
has also been reported to be effective in training end-to-end
speech recognition models [19], [20], [21].

The effectiveness of the pseudo-labeling depends on the
accuracy of the pseudo-label estimation (i.e., the recognition
rate of the seed model). As an extreme example, if the
recognition rate is 100%, the pseudo-labeling is equivalent
to the supervised learning. However, when applying this
approach for dysarthric speech recognition, it should be noted
that this method has the risk of training the ASR model using
labels containing many errors because estimating labels from
dysarthric speech is more difficult than estimating it from
normal speech.
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FIGURE 1. Proposed training procedure of the automatic speech recognition (ASR) model.

B. SELF-SUPERVISED FEATURE LEARNING
Self-supervised learning (SSL) is the general term for
approaches that use automatically generated labels to train
a model without having to manually create labels, and
has been widely studied in the fields of natural language
processing [34], [35], [36] and computer vision [37], [38],
[39], [40]. SSL has also been actively studied in the field
of the speech recognition [22], [23], [24], [25], [26], [27],
[28], [29], and recent studies [27], [28], [29] reported that
the model pre-trained using the SSL with a large amount of
unlabeled data can provide promising ASR performance by
fine-tuning it with only ten minutes of labeled data.

In the SSL approach, a neural-network model is trained
through a pseudo-task that can be generated without human
transcription. In this way, the model can learn the represen-
tation of the input features, and, therefore, this pre-trained
model can be used as a good initial model for the target task.
In this paper, we refer to the SSLmethods as ‘‘self-supervised
feature learning.’’

Among the self-supervised feature-learning methods,
we employ autoregressive predictive coding (APC) [24].
Although state-of-the-art approaches such as wav2vec 2.0
[27] performed better in the normal speech recognition tasks,
our preliminary experiments on dysarthric speech recognition
showed that the APC performed better than wav2vec 2.0 (See
Section IV-B1).
The APC model consists of a unidirectional recurrent

neural network (RNN) and fully-connected layers. The
pseudo-task in this method is the prediction of future frames;
that is, the APC model is trained so that it predicts the feature
vector of the n frame future based on the information of past
frames aggregated by the RNN. Specifically, the training is
performed so as to minimize the L1-loss between the input
sequence x = (x1, x2, . . . , xT ) and the predicted output

sequence y = (y1, y2, . . . , yT ), which is expressed as

LAPC =

T−n∑
i=1

|xi+n − yi|. (1)

III. PROPOSED METHODS
A. MULTI-TASK LEARNING USING PSEUDO-LABELING
AND SELF-SUPERVISED FEATURE LEARNING
In our proposed joint multi-task learning approach, self-
supervised feature learning, which is independent of the
quality of the pseudo-label, is combinedwith pseudo-labeling
to train an ASR model robustly against the errors contained
in the pseudo-labels. Figure 1 shows an overview of the
proposed method. First, self-supervised feature learning is
conducted using APC and the unlabeled spontaneous speech
of a dysarthric speaker. In this process, although spontaneous
speech can be collected relatively easily, it should be noted
that the amount of available dysarthric speech is still much
smaller than normal (non-dysarthric) speech. For this reason,
we take a model adaptation approach, where the APC
model is pre-trained using a large amount of unlabeled non-
dysarthric speech, and the APC model is then fine-tuned
using unlabeled dysarthric speech. The APC model consists
of a three-layer unidirectional gated recurrent unit (GRU) and
a single fully-connected layer.

After conducting the self-supervised feature learning, the
ASR model is trained. The ASR model is also pre-trained
using a large amount of labeled non-dysarthric speech. Then,
the ASR model is fine-tuned using pseudo-labeled speech in
addition to the labeled speech of a dysarthric speaker. In [41],
it is reported that the ASR performance improved by using
pseudo-labeled speech to train an ASR model pre-trained
through self-supervised feature-learning (we refer to this
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approach as ‘‘naive combination’’). In the proposed method,
in order to reduce the negative effects of errors in the pseudo-
labels, we simultaneously conduct self-supervised feature
learning during the training of the ASR model with pseudo-
labeled speech. Specifically, the proposed multi-task learning
is performed so as to minimize the following equation, which
is a weighted sum of the loss function LASR of the speech
recognition task and the loss function LAPC of the APC
pseudo-task.

L = (1 − λ)LASR + λLAPC (2)

In this study, we use hybrid CTC/attention loss [42], which is
proposed for training a combined model of the connectionist
temporal classification (CTC) [43] and the encoder-decoder
model with an attention mechanism [44], as LASR. λ is
a hyper-parameter that determines the weights of LASR
and LAPC .

B. SWITCHING BETWEEN MULTI-TASK AND SINGLE-TASK
LEARNING BASED ON THE CONFIDENCE SCORE OF
PSEUDO-LABEL
The loss function in Eq. (2) emphasizes the speech recogni-
tion loss as the multi-task learning weight λ is closer to 0,
while it emphasizes the self-supervised feature learning loss
as λ is closer to 1. As mentioned in the previous section, the
purpose of the multi-task learning is to reduce the negative
effects of the pseudo-label errors. Conversely, if the pseudo-
labels have few errors, it is better to train the model with
speech recognition loss alone, which is the original objective
function. For this reason, we propose to switch between
multi-task learning and single-task learning based on the
reliability of the pseudo-label. In this method, we define a
confidence score as a measure of the degree of errors in
pseudo-labels.

For predicting the confidence score of the pseudo-label
from a speech utterance, we calculates the mean value of
the probability output from the CTC layer as following
equation:

CS =
1
T

T∑
t=1

max
i
yti , (3)

where yti denotes the probability of token i at frame t
output from the CTC layer, and T denotes the frame length
of the utterance. In this average calculation, frames in
which the blank token has the largest probability are not
used.

Previous studies have proposed methods of selecting
training samples based on the confidence scores of the
pseudo-labels, excluding samples with low confidence scores
from the training data [45], [46], [47]. In our method, we do
not exclude training samples with low confidence scores,
but use them with multi-task learning. On the other hand,
training samples having true labels (i.e. script-reading data)
or pseudo-labels with high confidence scores are used with

single-task learning as follows:

λ =


λ0 (if Spontaneous speech and CS < th)
0 (if Spontaneous speech and CS ≥ th)
0 (if Script-reading speech),

(4)

where λ0 denotes the weight of the self-supervised feature
learning for the multi-task learning, and th denotes the
threshold for the confidence score.

IV. EXPERIMENTS ON A JAPANESE DATASET
A. EXPERIMENTAL SETUP
The speech data in our original Japanese dataset was
uttered by one Japanese male who has dysarthria due to
athetoid cerebral palsy. For labeled script-reading speech,
the dysarthric subject read 429 sentences (about one hour)
out of 503 phoneme-balanced sentences included in the ATR
Japanese speech database [48]. The script-reading speechwas
divided into 50 sentences for evaluation, 50 sentences for
validation, and the rest for training.

For unlabeled spontaneous speech, we recorded a total
of 1,460 sentences (about 3 hours) uttered by the subject
when he was giving a lecture at a university and when
he was reading a newspaper. The spontaneous speech was
divided into 76 sentences for evaluation, 59 sentences for
validation, and the rest for training. Therefore, the evaluation
set for this experiment consisted of 50 sentences of script-
reading speech and 76 sentences of spontaneous speech.
Although we considered spontaneous speech as unlabeled
data in previous sections, the spontaneous speech recorded
for our experiments is transcribed, that is, has true labels.
The true labels of the spontaneous speech were used for only
evaluation and not used for training. When we pre-trained
the APC model and the ASR model, we used 660 hours of
non-dysarthric speech recorded in the Corpus of Spontaneous
Japanese (CSJ) [49].

As input acoustic features, 80-dimensional mel-filterbank
features were used. The APCmodel consisted of a three-layer
unidirectional GRU with 512 hidden units for each layer and
a single fully-connected layer with 80 output units. The size
of the forecasting frame n was set to 1. Adam [50] was used
for optimization, the learning rate was 1e-4, and the number
of epochs was set to 50.

The output label of the ASR model was defined by
phonemes (i.e., a phoneme-level recognition task). The labels
consisted of 39 phonemes, unknown symbols, and start and
end of sequence symbols (42 dimensions in total). Word
error rates or character error rates are commonly used for the
evaluation of the normal speech recognition tasks. However,
in dysarthric speech recognition tasks, the recognition is often
performed at the phoneme level and the phoneme error rate
(PER) is used for the evaluation [51], [52]. We conducted
phoneme-level speech recognition experiments in order to
confirm the performance of purely acoustic models, which
is the focus of this study, without the influence of language
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models (some experimental results on word error rates are
given in Appendix).

For the ASR model, the hybrid CTC/attention model [42]
was trained using ESPnet toolkit [53]. The shared encoder
consisted of a four-layer pyramidal bidirectional long short-
term memory (LSTM) with 320 hidden units for each layer.
The decoder consisted of a single-layer unidirectional LSTM
with 320 hidden units and an attention mechanism, followed
by an output layer. The weight of the CTC was set to
0.5 during both training and recognition. Adadelta [54] was
used for optimization. The learning rate was set to 1e-8, and
the number of epochs was set to 50.

B. RESULTS
1) COMPARISON WITH OTHER MODEL ARCHITECTURES
AND WAV2VEC 2.0 AS A SELF-SUPERVISED FEATURE
LEARNING METHOD
First, we evaluated the validity of using the APC for
self-supervised feature learning by comparing it with
wav2vec 2.0. For the baseline systems, we evaluated
the LSTM-based model described in Section IV-A and
a transformer-based model (2 convolution layers +

12 transformer blocks as encoder and 6 transformer blocks
as decoder) which has a similar model architecture to
wav2vec 2.0. These baseline models were pre-trained on non-
dysarthric speech (660 hours) and then fine-tuned on labeled
script-reading dysarthric speech (1 hour). The baselines did
not use unlabeled spontaneous speech for training.

For the systems using self-supervised feature learning,
we evaluated the APC model consisting of three layers of
unidirectional GRU described in Section IV-A, the APC
model consisting of three layers of unidirectional LSTM,
and wav2vec 2.0 Base model (7 convolution layers +

12 transformer blocks). These systems were pre-trained on
non-dysarthric speech (660 hours) and unlabeled sponta-
neous dysarthric speech (3 hours) and then fine-tuned on
labeled script-reading dysarthric speech (1 hour) in the
manner described in Section III-A, but neither pseudo-
labeling nor multi-task learning was used.

Table 1 shows the PER of each method. As shown in this
table, the APC systems, especially the GRU-based APC sys-
tem, showed the best performance. Wav2vec 2.0 performed
better than Baseline (Transformer), which has a similar model
architecture, but performed worse than Baseline (LSTM).
A previous study [16] reported that state-of-the-art self-
supervised learning methods, including wav2vec 2.0, did
not outperform a simple LSTM-based model in pathological
speech recognition tasks, and our experiments showed similar
results. While Baseline (LSTM) and APC systems use rela-
tively small RNN-based models, Baseline (Transformer) and
wav2vec 2.0 use large transformer-based models. Therefore,
these results may suggest that it is still challenging to train
such larger models on small amounts of dysarthric speech,
even if they are pre-trained on a large amount of non-
dysarthric speech. Similarly, the GRU-based APC system

TABLE 1. Comparison between APC model, wav2vec 2.0 and other model
architectures.

TABLE 2. PER [%] of each method without multi-task learning.
Self-supervised feature-learning (FL) is the same condition as ‘‘APC
(GRU)’’ in Table 1.

FIGURE 2. The correlation between PER [%] of pseudo-label and PER [%]
of test set.

may be better than the LSTM-based APC system because
the GRU has fewer parameters than the LSTM. In the
following experiments, we use the GRU-based APC for the
self-supervised feature learning.

2) EVALUATION WITHOUT MULTI-TASK LEARNING
Table 2 shows the PER of each method without multi-
task learning. ‘‘Baseline (LSTM)’’ and ‘‘self-supervised
feature-learning (FL)’’ are the same conditions as ‘‘Baseline
(LSTM)’’ and ‘‘APC (GRU)’’ in Table 1, respectively.
As shown in Table 2, both pseudo-labeling and

feature-learning improved the PER from the baseline,
but feature-learning showed better performance than the
pseudo-labeling. In this experiment, the PER of the pseudo-
label of the training set was 26.1%. In order to analyze the
change in speech recognition performance with respect to
the accuracy of pseudo-labels, we trained the ASR model by
replacing a part of the pseudo-labels with true labels. The
experimental results are shown in Figure 2. As shown in this
figure, the PER of the test data improved as the pseudo-labels
are replaced by the true labels. When all pseudo-labels were
replaced with true labels, that is, if the PER for pseudo-labels
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TABLE 3. PER [%] of each method combining feature-learning (FL) and
pseudo-labeling (PL).

had been 0%, the PER would improve to 13.2%. These
results indicate that because the accuracy of the pseudo-labels
of dysarthric speech is worse than that of non-dysarthric
speech reported in the previous works, the performance of the
pseudo-labeling is limited by the errors in the pseudo-labels.

3) EVALUATION WITH MULTI-TASK LEARNING
Table 3 shows the PER of each method combining feature-
learning (FL) and pseudo-labeling (PL). In the naive
combination approach [41], the pseudo-label was estimated
using the ASR model pre-trained through self-supervised
feature-learning (i.e. FL model shown in Table 2),1 and
then, the ASR model was fine-tuned by using script-reading
speech and spontaneous speech with the pseudo-label. This
method is equivalent to the proposedmethod when the weight
parameter λ in Eq. (2) is set to 0.0. In the method using
multi-task learning without switching, the weight parameter
λ was set to 0.5. In the method using multi-task learning with
switching, the weight parameter λ0 and the threshold for the
confidence score th were set to 0.5 and 0.9, respectively.
As shown in Table 3, all three methods showed better

performances than methods using PL or FL alone shown
in Table 2. When using the multi-task learning, the PERs
were improved compared to the naive combination approach.
Furthermore, the use of confidence-based switching between
multi-task and single-task learning showed slightly lower
PER than that without switching.

Comparing Table 3 with Figure 2, we can see that the PER
when using multi-task learning without switching (17.4%)
is almost the same as the PER of 17.5% when the PER of
the pseudo-labels was 20.8% in Figure 2. This result implies
that the effect of multi-task learning corresponds to correcting
about 20% of the pseudo-label errors (26.1% → 20.8%).
Table 4 shows the effect of the weight parameter for the

multi-task learning. Both with and without switching, the
lowest PER was obtained when the weight was 0.5, and the
PER increased as the weight was decreased or increased
from 0.5. Moreover, the use of switching showed lower
PERs for all weight parameter settings compared to the PERs
without switching. These results indicate that the use of
single/multi-task switching had a small but definite effect in
this experiment.

Figure 3 shows the relationship between the predicted
confidence score and the actual PER of the pseudo-label for
each utterance, showing a negative correlation (correlation

1The PER of the pseudo-label estimated by FL-based ASR model was
24.3%.

TABLE 4. The effect of the weight parameter for the multi-task learning.
Multi-task weight of 0.0 means the naive combination approach without
multi-task learning.

FIGURE 3. The correlation between confidence score and PER of
pseudo-label for each utterance. Correlation coefficient was −0.56.

coefficient was −0.56) between them. Since speech utter-
ances with higher confidence scores tend to have fewer
pseudo-label errors, this result indicates that our confidence
score can predict the accuracy of the pseudo-label to some
extent.

Figure 4 shows the relationship between the predicted
confidence score and the actual errors (deletion errors and
substitution errors) of the pseudo-label averaged for each
phoneme. Similar to the results in Figure 3, a negative
correlation (correlation coefficient was−0.69) was observed.
However, some long vowels (i.e. ‘‘i:’’ and ‘‘e:’’) had relatively
low error rates despite their low confidence scores. This is
because when the ASR model recognized those long vowels,
it tended to output higher probabilities for the associated
short vowels (i.e. ‘‘i’’ and ‘‘e’’), resulting in relatively
low confidence scores for those long vowels. In addition,
as shown in this figure, we can see that plosives (i.e. ‘‘py’’
and ‘‘by’’) and fricatives (i.e. ‘‘z’’ and ‘‘hy’’) were difficult
to recognize.

V. EXPERIMENTS ON TORGO DATASET
A. EXPERIMENTAL SETUP
We also evaluated our proposed method on an English
dataset. As described in the introduction, there are two
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TABLE 5. PERs [%] on TORGO dataset under the overlapping speaker condition. MTL stands for the multi-task learning. ‘‘Oracle confidence’’ refers to the
use of the true PER of the pseudo-labels instead of the predicted confidence score in single/multi-task switching. The best result in each speaker is
bolded.

FIGURE 4. The correlation between average confidence score and
average deletion/substitution error rate per phoneme.

publicly available representative English dysarthric speech
datasets: TORGO dataset [4] and UAspeech dataset [5];
however, we only used TORGO dataset because UAspeech
contains only isolated word speech and was difficult to use
for self-supervised feature learning.

TORGO dataset contains script-reading speech uttered
from eight subjects with either cerebral palsy or amyotrophic
lateral sclerosis. Because the TORGO dataest, like the
other publicly available datasets, does not have spontaneous
speech we focus on in this work, we used 1,803 utterances
recorded with array microphones as unlabeled training set
for pseudo-labeling and feature learning, and we used 1,958
utterances recorded with a head-mounted microphone as
labeled training set. For each subset, the 10% of the training
set was used as development set. For the evaluation set, a total
of 1,727 utterances, including both speech recorded with
array microphones and the head-mounted microphone, were
used. In this data setup, the same speaker is included in both
the training set and the evaluation set. We call this setup the
‘‘overlapping speaker condition’’. In addition, we conducted
experiments on a ‘‘non-overlapping speaker condition’’,
where the speaker to be evaluated is not included in the
training set. In this condition, each speaker was evaluated

individually, and the model was trained by excluding the
evaluated speaker’s speech from the training data. In both
conditions, about 300 hours of non-dysarthric speech from
the Librispeech dataset [55] were used for pre-training.

The output labels were defined with 69 phonemes. The
other experimental conditions were same as for the Japanese
speech recognition task in the previous section. In the method
using multi-task learning without switching, the weight
parameter λ was set to 0.5. In the method using multi-task
learning with switching, the weight parameter λ0 and the
threshold for the confidence score th were set to 0.5 and 0.9,
respectively.

B. RESULTS
Table 5 shows the experimental results on the TORGOdataset
in the overlapping speaker condition. Focusing on the results
using PL and FL alone, both showed PERs averaged over
all subjects that were lower than baseline. However, the
performance improvement for PL was quite small compared
to FL. In this experiment, the PER of the pseudo-label of
the training set was 56.5% on average for all subjects. Since
the accuracy of the pseudo-labels was worse than that on
the experiments using Japanese dysarthric dataset (PER =

26.1%), the pseudo-labeling might not be effective in this
experiment.

Three methods combining FL and PL (naive combination,
MTL w/o switching, and MTL w/ switching) showed lower
average PERs than using FL alone. However, single/multi-
task switching did not show significant improvement
for the multi-task learning in this experiment. Figure 5
shows the relationship between the predicted confidence
score and the actual PER of the pseudo label for each
utterance. Compared to the results in Figure 3, the confidence
score did not represent the accuracy of the pseudo-labels well
(correlation coefficient was −0.43). To see how effectively
the switching approach would work if the confidence scores
perfectly represented the accuracy of the pseudo-labels,
we evaluated the performance by using the true PERs
of pseudo-labels as the oracle confidence scores instead
of the predicted confidence scores in the single/multi-task
switching. The results are shown in the bottom row of
Table 5. By using the oracle confidence scores, the switching
approach showed the lowest average PER. These results
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TABLE 6. PERs [%] on TORGO dataset under the non-overlapping-speaker conditions. The best result in each speaker is bolded.

FIGURE 5. The correlation between confidence score and PER of
pseudo-label for each utterance in TORGO dataset. Correlation
coefficients was −0.43.

indicate that the effect of the single/multi-task switching was
limited because the confidence score did not represent the
accuracy of the pseudo-labels well.

Table 6 shows the PERs for the non-overlapping speaker
condition. Compared to the overlapping speaker condition
shown in Table 5, the overall PERs were higher because
the speech of the evaluated speaker was not included in the
training set. Nevertheless, similar to the overlapping speaker
condition, the FL improved the overall error rate while the
effects of the PL were limited. Furthermore, MTL-based
approaches between FL and PL showed the best performance
for all speakers. These results suggest that the use of the
unlabeled speech is also effective even when the speech of
the evaluated speaker is not included in the unlabeled speech.

VI. CONCLUSION
In this study, we investigated the use of unlabeled dysarthric
speech data with pseudo-labeling and self-supervised feature
learning for dysarthric speech recognition and proposed
a joint multi-task learning approach with single/multi-task
switching based on the confidence score of pseudo-labels.

In our experiments using a Japanese dataset and TORGO
dataset, we confirmed that both of pseudo-labeling and self-
supervised feature learning were effective to use unlabeled
dysarthric speech for training an ASR model. However,

TABLE 7. WER [%] of each method without multi-task learning.

TABLE 8. WER [%] of each method combining feature-learning (FL) and
pseudo-labeling (PL).

because the accuracy of the pseudo-labels of dysarthric
speech is worse than that for non-dysarthric speech, the per-
formance of the pseudo-labeling is limited compared to the
self-supervised feature learning. In addition, we confirmed
that combining the pseudo-labeling and self-supervised fea-
ture learning is more effective than using those two methods
alone, and furthermore, the multi-task learning worked more
effective than the naive combination. However, while the
single/multi-task switching workedwell in experiments using
Japanese dataset, the effect of this approach was limited in
experiments using TORGO dataset because the confidence
score did not represent the accuracy of the pseudo-labels
well. In the future, we will investigate a method to use
pseudo-labeling and self-supervised feature learning more
effectively.

APPENDIX
EVALUATION ON WORD ERROR RATES
We re-evaluated the experimental results shown in Table 2
and Table 3 using word error rates (WERs). Table 7 and
Table 8 show the WERs for the corresponding experimental
results. WERs showed higher values than PERs because
PER evaluates phoneme errors independently, whereas WER
evaluates combinations of phonemes in a word. Nevertheless,
similar to the PER results, the best WERs were obtained by
themulti-task learning of self-supervised feature learning and
pseudo-labeling. For lower WERs, in addition to improving
the acoustic model, which is the focus of this study, it would
also be necessary to improve the language model.
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