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Abstract—Machine Learning methodologies are making a
remarkable contribution, and yielding state-of-the-art results
in different speech domains. With this exceptionally significant
achievement, a large amount of labeled data is the largest
bottleneck in the deployment of these speech systems. To generate massive data, hand-labeling training data is an intensively
laborious task. This is problematic for clinical applications where
obtaining such data labeled by speech pathologists is expensive
and time-consuming. To overcome these problems, we introduce
a new paradigm called Weak Speech Supervision (WSS), a
first-of-its-kind system that helps users to train state-of-the-art
classification models without hand-labeling training data. Users
can write labeling functions (i.e., weak rules) to generate weak
data from the unlabeled training set. In this paper, we provide the
efficiency of this methodology via showing the case study of the
severity-based binary classification of dysarthric speech. In WSS,
we train a classifier on trusted data (labeled with 100% accuracy)
via utilizing the weak data (labeled using weak supervision) to
make our classifier model more efficient. Analysis of the proposed
methodology is performed on Universal Access (UA) corpus. We
got on an average 35.68% and 43.83% relative improvement in
terms of accuracy and F1-score w.r.t. baselines, respectively.
Index Terms—Dysarthria, Severity-based Classification, Data
Scarcity, Weak Supervision, CNN.

I. I NTRODUCTION
Speech production is one of the most complex motor coordination processes of the human brain [1]. Dysarthria is
a speech disorder in which people lose the natural way to
produce speech; which results in slurred, blurred and less
intelligible speech. Articulatory parts which are used during
speech production can not work properly due to the neurological diseases such as Cerebral Palsy (CP), Parkinson’s disease
(PD), etc. which causes dysarthria. Losing the natural way of
speaking affects one’s life tremendously in terms of conveying
messages, expressing emotions, using speech technologies
like Intelligent Personal Assistants (IPAs), etc. Dysarthric and
natural speech are different from speech production-perception
perspective [2], and it is hard for machines to recognize and
process impaired speech. For this, it is necessary for the machines to recognize the severity of that speech. Understanding
the severity can help significantly in improving dysarthric
speech [3], [4].
Severity-based classification of impaired speech is a hard
and time-consuming process even for speech pathologists [5].
Despite the unprecedented success of Deep Learning (DL)based techniques, massive labeled data is often needed for
classification problem [6]. In deploying Machine Learning
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(ML)-based systems, hand-labeling training data is an intensively time-consuming, costly, and laborious task. In addition,
the performance of these systems degrades in the presence of
noisier labels. To solve these problems, Weak Supervision is
one of the efficient methods to generate noisy or heuristic
labels, and training of the model is performed with these
weakly labeled data along with trusted data in order to
improve the performance [6]. Moreover, dysarthric speech data
collection is difficult [7] and there is a scarcity of labeled data
for severity-based classification.
In this study, our main aim is to explore weak supervision
methodology to label the dysarthric speech data for binary
severity-based classification. To this end, we present the Weak
Speech Supervision (WSS), the first-of-its-kind system that
helps users to train state-of-the-art models without handlabeling severity-based training data of dysarthric speech.
WSS is a general framework for many application domains
in speech or speaker classification. However, the scope of this
study is focused on the severity-based binary classification of
dysarthric speech. In our case, we want to classify dysarthric
speech into two classes: 1) Low-to-Mid, 2) Mid-to-High. WSS
is fundamentally operates on two key steps: 1) Generation
of weak labels for unlabeled data, and 2) Utilize weakly
labeled data to train classifier. We conclude that WSS achieved
on an average 35.68% and 43.83% relative improvement in
accuracy and F1-score w.r.t. baseline. Our contributions are
summarized as follow: 1) We propose a principled way to
learn with weak speech supervision for speech classification
tasks; 2) We demonstrate a novel approach for severity-based
binary classification of dysarthric speech with limited labeled
data; and 3) We conduct experiments on real-world datasets
to demonstrate the effectiveness of WSS for given case study.
II. R ELATED W ORK
In this Section, we briefly show the past attempts have been
made for 1) Severity-based classification of dysarthric speech,
and 2) Weak Supervision.
A. Severity-based Classification
There are many subjective and objective methods to measure
the severity of dysarthria; however, researchers consider the
standard measure, which is given by Speech-Language Pathologists (SLP) [8]. The study reported in [9] shows a detailed
analysis of the various methodologies for dysarthria severity
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assessment. Some of these methods determine the severity
by extracting the intelligibility of phonemes, single words,
narratives, paragraph, etc. Most of the past attempts have
been made, mainly focused on the feature-based techniques,
and the acoustic modelling for the recognition or detection
of severity [10], [11]. Recently, with the advent of ML and
DL, the methodology proposed in [12] using different features
set and Artificial Neural Network (ANN) has got state-ofthe-art results in severity-based classification. With this, data
augmentation technique is also used to solve the data scarcity
problem in severity-based classification [13]. The method
presented in [14] uses a multi-task learning-based approach
and Convolutional Neural Network (CNN)-based classifier.
One of the significant works in this field is reported in [15]
using spectro-temporal features, and ANN and CNN-based
classifiers.

generated weak labels. We denote this data as D̂, and often
n << N . Now, we formally define our problem as:
Problem Statement: Given a small manually annotated dysarthric speech data D for binary severity-based
classification, and weakly labeled large data D̂, learn
severity-based classifier, F : X → Y which can
do efficient classification and generalizes for unseen
speakers’ data as well.
IV. P ROPOSED M ETHODOLOGY
This methodology is using the concept of weak supervision
to train a classifier, and is comprised of two major key steps:
1) weak rule extraction to generate weak data, and 2) training
discriminative model as illustrated in Fig. 1.

B. Weak Supervision Learning

(a)

The performance of machine learning systems is reliant
on labeled data, and show degradation in performance in the
presence of noisy labels [16]. Hence, modeling, correcting,
and learning with noisy labeled data has been well-studied
in [17], [18]. Recently, people are increasingly using the
weak supervision: cheaper sources of labels that are noisier
or heuristic [6]. One method is to generate noisy labels is
to heuristically align records of the external knowledge with
the data points [19]–[21]. For labeling the data, crowdsourced
labels [22], [23], rules and heuristics [24], [25] are used.
Several other attempts have been made to achieve weak supervision [26]–[28]. Recently,the state-of-the-art system Snorkel
was proposed by [6] for rapid training data creation with Weak
Supervision.
In this work, we propose a novel approach that aims to
improve the performance of speech classification systems
using the WSS technique and provide a case study of severitybased binary classification.
III. P ROBLEM F ORMULATION
Our goal is to classify dysarthric speech based on its
severity-level. In this study, it is binary classification problem,
where dysarthric speech is classified in two severity-based
classes: 1) Low-to-Mid (i.e., 0-50% severity-level), and 2)
Mid-to-High (i.e., 51-100% severity-level). Let X = {xi }ni=1
denotes the features of dysarthric speech, and Y = {yi }ni=1 ⊂
{0, 1} denotes the corresponding labels. First, labeled data
D = {xi , yi }ni=1 mapped as:

f (x) =

y = 0, if Severity-level is Low-to-Mid,
y = 1, if Severity-level is Mid-to-High.

In addition, we have a large amount of unlabeled data.
For this unlabeled data, we can generate weak labels using a
weak labeling function based on dysarthric speech parameters.
Formally, we defined a labeling function h : X̂ → Ŷ, where
X̂ = {x̂i }N
i=1 denotes the features corresponding to unlabeled
dysarthric speech, and Ŷ = {ŷi }N
i=1 denotes the corresponding
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Fig. 1: Schematic representation of (a) weakly labeled data
generation using weak rules, and (b) training process of
discriminative model using trusted data via utilizing weak data.
A. Weak Supervision Rules
The fundamental idea behind this task is to identify labeling functions that generate weak labels for unlabeled data
without any manual annotation by humans. Weak rules can
be defined by observing patterns, heuristics, some common
behavior, external knowledge, etc. [6]. There is a known fact
that dysarthria and natural speech are different from speech
production-perception perspective [2]. We can observe that
dysarthric speech is non-uniform compared to natural speech
[29] and hence, these both speech differ in terms of speech
rate, percentage of voiced and unvoiced segments, energy, F0 ,
power, LP residuals, etc. Moreover, dysarthric speech with
different severity levels also differ in terms of the above
parameters. Hence, we decided to use these parameter-based
experiments to define the labeling function. It is observed that
as the severity-level changes, the energy of dysarthric speech
shows significant changes [30]. Hence, the frame-wise energy
is used as weak rule to define our labeling function.
Energy extraction is done by applying the hamming window
of 25 ms on the given signal. After that, square of the
resulting signal is taken which gives energy vector denoted
as e = [e1 , e2 , ..., em ], where m depends on size of the signal.
After that, we calculate the parameter
s by taking sum of this
Pm
i=1 ei
energy vector defined as s = 109 , where 109 is a scaling
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factor. We use this parameter s to define the labeling function.
Here, we choose s intuitively via doing experiments using
other parameters, such as entropy, mean, standard deviation,
etc. We calculate s corresponding to every unlabeled dysarthric
speech. Now, we define a function g : (d, s) → y, where d
is dysarthric speech, s is calculated parameter from extracted
energy vector, and y is generated label such that,

y = 0, if s ≥ φ,
g(d, s) =
y = 1, otherwise,
where φ is threshold value define via experiments. Here, we set
φ = 120 empirically based on the performance on validation
data. Specifically, we used the pre-labeled data in order to
determine the threshold of weak data generation. φ is selected
such that generated weak data can be more reliable [6]. We
use this g(d, s) to label our training data which generates weak
data. This whole process is illustrated in Fig. 1(a).
B. Training Discriminative Model
Our goal is to train a classification model that generalizes
beyond the information in the labeling functions and to predict
whether the severity of dysarthric speech is Low-to-Mid or
Mid-to-High. Here, we devise a new training paradigm that
uses weakly labeled data (i.e., weak data) effectively. This
training paradigm is illustrated in Fig. 1(b). For this, two
different classifiers (i.e., C1 and C2 ) are trained on the labeled
data and weak data, respectively. The main idea is to learn the
function (f ) given in Section III. Suppose that, we have N1
number of utterances in labeled data set, and N2 number of
utterances in weak data set, where N2 > N1 . Let us assume
that the probability predicted by the C1 and C2 are ŷ 1 and
ŷ 2 , respectively. Moreover, y 1 and y 2 are the true and weak
labels, respectively. Binary Cross-Entropy (BCE) loss is used
to optimize the parameters of both the classifiers. We can write
objective functions for C1 and C2 as follow:
N1
1 X
−[yi1 log(ŷi1 ) + (1 − yi1 ) log(1 − ŷi1 )],
L1 =
N1 i=1

L2 =

N2
1 X
−[yi2 log(ŷi2 ) + (1 − yi2 ) log(1 − ŷi2 )].
N2 i=1

B. Training and Testing Data
For training the classification model, we used data of 8
speakers from UA corpus as trusted data (i.e., labeled data),
and 5 speakers from homeService corpus to generate the weak
data. From UA, four speakers (F02, F03, M07, and M12)
with Low-to-Mid severity-level, and four speakers (F04, F05,
M05, and M08) with Mid-to-High severity-level are used as
labeled data. To generate the weakly labeled data, we used
data of all the speakers (F01, F02, M01, M02, and M03) from
homeService as unlabeled data (880 utterances), and annotated
this data using WSS. For testing, 55 utterances of each speaker
that participated in training from UA are used. In particular,
440 utterances are used to evaluate the performance of the
baseline and the proposed method. Moreover, we analyze the
proposed method on unseen speakers (i.e., all the remaining
speakers of UA corpus whose utterances are not used in
training) to show the robustness of proposed method. Training
of the proposed method is done for three different scenarios by
varying the amount of trusted data: Scenario 1) 300 utterances,
2) 200 utterances, 3) 50 utterances. In every scenario, we used
880 utterances of weak data. Here, the average time of each
utterance that used for training and testing is 4.0 seconds.
C. Features and Architectural Details

(1)

We utilize the training of C2 on weak data to improve the
performance of C1 . To achieve this, we optimize our final
objective function as:
L = L1 + αL2

words. Each speaker produced a total of 765 isolated words,
in which 455 words are distinct. The dataset also includes
the details of speech intelligibility (in terms of severity-level)
of each dysarthric speaker based on transcription task at the
word-level, performed by the human listeners.
2) homeService Corpus: The majority of the homeService
corpus [32] is recorded in real-world home environments. The
corpus contains dysarthric speakers (3 males and 2 females)
with cerebral palsy. Each subject’s set is composed of 2
subsets: Enrolment Data (ED), and Interaction Data (ID). ED
and ID data are recorded using different scenarios [32].

(2)

where α is a relative importance of C2 during training. All
the experiments are done for different values of α.
V. E XPERIMENTAL R ESULTS
A. Datasets
1) Universal Access Corpus: Universal Access (UA) [31]
corpus contains 15 dysarthric speakers (4 females and 11
males) with cerebral palsy, and 13 healthy control speakers (4
females and 9 males). The dataset was created in three blocks,
where each block contains 100 uncommon and 155 repeated

The training of the classifier is carried out after extracting the Mel Cepstral Coefficients (MCCs) from the speech
utterance using AHOCODER [33]. We used 40-dimensional
MCCs (including the 0th coefficient) using 25 ms Hamming
window size, with 5 ms frame shift for feature extraction.
Convolutional Neural Network (CNN) is used as C1 and C2
(shown in Fig. 1b). Baseline systems are also built using
CNN. Our network consists of several filter stages, followed
by a classification stage. The filter stages include three layers
of convolutional filters of kernel size (5 × 5) with stride 1,
and padding 0, followed by max-pooling with kernel size
(2×2). The three convolutional layers consist of 16, 32, and 64
filters, respectively. The convolutional layers are followed by
3 fully-connected (FC) layers with dimensions 512, 512, and
1, with the first two layers followed by Rectified Linear Units
(ReLU), and last output layer followed by Sigmoid activation
function. Batch Normalization is applied before the first FC
layer. Stochastic Gradient Descent (SGD) [34] is used as
optimizer with learning rate 0.0001. We trained CNN models
in traditional way [35].
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TABLE I: Analysis of each scenarios over different alpha (α) values and at epoch number 30.

Scenario 2

Scenario 3

Baseline
72.16
0.82
0.73
0.72
54.26
0.76
0.55
0.543
50
0.26
0.51
0.51

0.01
94.49
0.95
0.95
0.947
94.72
0.95
0.95
0.947
87.04
0.90
0.87
0.871

0.1
97.39
0.98
0.97
0.974
97.95
0.98
0.98
0.981
97.72
0.98
0.98
0.977

0.2
97.67
0.98
0.98
0.976
97.27
0.97
0.97
0.973
96.81
0.97
0.97
0.968

0.3
99.32
0.99
0.99
0.993
98.75
0.99
0.99
0.988
93.64
0.94
0.93
0.936

D. Results and Analysis
In this Section, we analyze the effectiveness and robustness of WSS for the severity-based binary classification of
dysarthria for three different scenarios. We trained baseline
only on trusted data to show the system performance only
on labeled data. Accuracy, Precision, Recall, and F1-score
are used for objective evaluations, and we provide a detailed
analysis of WSS based on these metrics.
1) Analysis of different Scenarios: As shown in Table I, we
vary the amount of trusted data during training alongside the α
parameter. Here, we keep the amount of the homeService data
same while decreasing the amount of the UA corpus step-bystep. For all consecutive scenarios, baseline gets the accuracy
of 72.16%, 52.26%, and 50%, and the highest accuracy of the
WSS systems are 99.32%, 98.75%, and 97.72%, respectively.
In case of each different scenario, we observe that even the
smallest value of α gives better results compared to the
baseline. Moreover, we can also observe that adding more
trusted data, we are getting slightly higher accuracy.
2) Effectiveness of α-parameter: As described in the Section IV-B, α-parameter controls the overall importance of the
weakly labeled data while training. For example, α = 1 means
that weakly labeled data treated with the same importance
as trusted data during backpropagation as shown in Eq. 2.
In Table I, we have shown results over different values of α
for all different scenarios. For scenario 1, the baseline model
only gives 72.16% accuracy. However, we can observe that by
keeping very small value of α (i.e., 0.01), proposed framework
shows the significant improvement in all objective measures.
Additionally, we observe the best results for α = 0.3 for
scenario 1 and scenario 2, and for α = 0.1 for scenario
3. However, we increase the α-values, we can see a slight
decrease in the results because classifier becomes more biased
towards weak data. Interestingly, we can observe that αvalues are sensitive towards amount of trusted data in training
set. As shown in Table I for scenario 1, accuracy is less
fluctuating across different α-values, where trusted data is
more in training. As we can see in Table I for scenario
3, this fluctuation in results increases for different α-values,
where trusted data is very less in training. Moreover, α << 1
degrades the performance of WSS system as well. The reason
behind this is that we are nullifying effect of WSS via making

Values
0.5
98.4
0.98
0.98
0.984
96.99
0.97
0.97
0.970
91.36
0.93
0.91
0.914

0.4
98.12
0.98
0.98
0.981
98.18
0.98
0.98
0.982
94.09
0.95
0.94
0.941

of Alpha (α)
0.6
0.7
98.64
98.58
0.99
0.99
0.99
0.99
0.986
0.986
97.5
97.95
0.97
0.98
0.97
0.98
0.975
0.979
92.95
91.59
0.94
0.93
0.93
0.92
0.929
0.916

0.8
98.64
0.99
0.99
0.986
97.21
0.97
0.97
0.973
91.36
0.93
0.91
0.914

0.9
98.58
0.99
0.99
0.986
97.27
0.97
0.97
0.973
91.82
0.93
0.92
0.918

1
96.81
0.97
0.97
0.968
97.22
0.97
0.97
0.973
92.95
0.94
0.93
0.929

10
98.4
0.98
0.98
0.984
97.73
0.98
0.98
0.977
92.95
0.94
0.93
0.929

50
98.4
0.98
0.98
0.984
96.36
0.97
0.96
0.964
89.31
0.91
0.89
0.893

importance of weak data almost zero. Hence, we can say that
value of α plays a vital role in the performance of WSS
system, and need to decide more cautiously when very less
trusted data available.
E. Robustness of the WSS system
WSS System
100
75

97.88

Baseline

97.9

WSS System

96.46

1

75.95
64.42

0.75
61.45

F1-Score

Scenario 1

Objective
Measures
Accuracy (%)
Precision
Recall
F1-Score
Accuracy (%)
Precision
Recall
F1-Score
Accuracy (%)
Precision
Recall
F1-Score

Accuracy (%)

Systems

50
25

0.9777

Baseline

0.9779

0.9632

0.6914

0.5

0.4592
0.3806

0.25

0

0

Scenario 1

Scenario 2

(a) Accuracy

Scenario 3

Scenario 1

Scenario 2

Scenario 3

(b) F1-score

Fig. 2: Baseline vs. WSS System for all different scenarios for
test data of Unseen speakers.
To show the robustness of proposed framework, we analyzed the trained WSS model and baseline system on 7 unseen
speakers (i.e., speakers’ data which are not included while
training) for α-value setting of 0.1 for all different scenarios.
We test our models on 455 utterances for each speaker, hence,
in total of 3185 utterances. It is observed that the WSS system
performs similarly while testing on unseen speakers compared
to testing on seen speakers, and yielding far better results
compared to the baseline in terms of accuracy and F1-score
as shown in Fig. 2a and Fig. 2b, respectively.
VI. S UMMARY AND C ONCLUSIONS
In this work, we introduced a novel general framework
for speech classification tasks, namely, WSS to overcome
the limitation of the scarcity of labeled data. To show the
effectiveness of this methodology, we have shown the case
study of the severity-based classification of dysarthria. We
conclude that WSS significantly improves performance via
adding weakly labeled data, and introduced a new training
paradigm by utilizing it. Moreover, this work can extend to
increase the number of severity classes in dysarthric speech
classification, and open the scope by utilizing multi-language
dysarthric corpora to produce more weak data. This study
provides a scope of improvements in terms of devising different training methods to utilize weak data and extend WSS
in different domains of speech classification.
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