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Abstract

Automatic recognition of disordered speech remains a highly
challenging task to date. Sources of variability commonly found
in normal speech including accent, age or gender, when fur-
ther compounded with the underlying causes of speech impair-
ment and varying severity levels, create large diversity among
speakers. To this end, speaker adaptation techniques play a vi-
tal role in current speech recognition systems. Motivated by the
spectro-temporal level differences between disordered and nor-
mal speech that systematically manifest in articulatory impre-
cision, decreased volume and clarity, slower speaking rates and
increased dysfluencies, novel spectro-temporal subspace basis
embedding deep features derived by SVD decomposition of
speech spectrum are proposed to facilitate both accurate speech
intelligibility assessment and auxiliary feature based speaker
adaptation of state-of-the-art hybrid DNN and end-to-end dis-
ordered speech recognition systems. Experiments conducted
on the UASpeech corpus suggest the proposed spectro-temporal
deep feature adapted systems consistently outperformed base-
line i-Vector adaptation by up to 2.63% absolute (8.6% rel-
ative) reduction in word error rate (WER) with or without
data augmentation. Learning hidden unit contribution (LHUC)
based speaker adaptation was further applied. The final speaker
adapted system using the proposed spectral basis embedding
features gave an overall WER of 25.6% on the UASpeech test
set of 16 dysarthric speakers.

Index Terms: Speech Disorders, Speech Recognition, Speaker
Adaptation, Speech Assessment, Subspace-based Learning

1. Introduction

In spite of the swift progress of automatic speech recognition
(ASR) technologies targeting normal speech in the past few
decades [1-9], accurate recognition of disordered speech re-
mains a demanding task to date [10-16]. The underlying causes
of speech disorders include a wide range of neuro-motor con-
ditions, such as cerebral palsy, Parkinson disease, amyotrophic
lateral sclerosis and stroke or traumatic brain injuries [17]. De-
spite the reduced intelligibility of disordered speech, hands-free
and speech-enabled assistive technologies are among natural al-
ternatives [18] to aid people with speech disorders since they
often suffer from the co-occurring physical disabilities.

A key challenge in current ASR system development is to
systematically model the latent variations among diverse speech
data. A wide range of sources of variability commonly found in
normal speech, including speaker specific idiosyncrasy such as
accent and physiological differences brought by age or gender,
when further compounded with the underlying inducements of
speech impairment and varying severity levels, create large di-

versity among disordered speech. Due to the associate difficul-
ties in controlling the muscles and articulators used in speech
production [19], abnormalities including articulation impreci-
sion, reduced intensity and clarity, slower speaking rates and
increased disfluencies are observed in disordered speech [20].
Furthermore, temporal or spectral perturbation based data aug-
mentation techniques widely used in both state-of-the-art ASR
systems for normal speech [21-24] and recently those designed
for impaired speech [25-27] introduce extra diversity. To this
end, speaker adaptation techniques play a crucial role in current
ASR systems for both normal and disordered speech.

Previous researches of speech adaptation targeting normal
speech recognition can be divided into three broad categories:
1) auxiliary speaker embedding feature based approaches that
encodes speaker-dependent (SD) characteristics in a compact
vector representation, such as speaker codes [28], i-Vectors [29]
and bottleneck features [30]; 2) feature transformation based
methods applied at acoustic front-ends that produce speaker
invariant input features in a canonical representation, such as
feature-space maximum likelihood linear regression (f-MLLR)
[31]; 3) model based adaptation techniques that exploits spe-
cially designed SD transformations in model parameters to han-
dle the speaker level variability [32,33].

In contrast, so far there has been limited research on speaker
adaptation targeting disordered speech recognition, particularly
those suitable for state-of-the-art ASR systems. Many of the
earlier researches were conducted in the context of traditional
hidden Markov models (HMMs) with Gaussian mixture model
(GMM) state density distributions. In [10, 34, 35], maximum
likelihood linear regression (MLLR) and maximum a posterior
(MAP) were applied to speaker-independent (SI) GMM-HMM
systems. In [12], a combination of MLLR and MAP adaptation
were used in speaker adaptive training (SAT) of SIGMM-HMM
models. In [36], f-MLLR based SAT was studied. In [37],
regularized speaker adaptation on Kullback-Leibler divergence-
based HMMs (KL-HMMs) was conducted. More recent re-
searches investigated model adaptation of state-of-the-art deep
neural network (DNN) based systems. Dysarthric speaker adap-
tation of recurrent neural network transducers (RNN-Ts) [4] and
lattice-free MMI trained time delay neural networks (TDNNs)
[5] via direct model parameter fine-tuning were studied in
[38,39]. Learning hidden unit contributions based (LHUC)
SAT [33] was investigated in [13,27]. The majority of prior
researches on disordered speech adaptation focused on feature
transformation and model based adaptation. On the contrary,
very limited research has been conducted on auxiliary speaker
embedding feature based adaptation approaches, particularly
those motivated by the underlying spectra-temporal variation of
impaired speech of diverse causes and severity levels.



This paper proposes novel deep spectro-temporal subspace
basis embedding features to facilitate both accurate speech
intelligibility assessment and auxiliary feature based speaker
adaptation for disordered speech recognition. Spectral and tem-
poral basis vectors derived by singular value decomposition
(SVD) [40] of speech spectrum were used to structurally rep-
resent the spectro-temporal level key attributes found in disor-
dered speech [41-43], such as the overall decrease in speaking
rate and speech volume as well as changes in spectral enve-
lope. These two form of basis vectors were then used to con-
struct a DNN speech intelligibility classifier. More compact,
lower dimensional speaker specific spectral and temporal DNN
embedding features produced by the bottleneck layer of the re-
sulting intelligibility classifier were further employed as auxil-
iary features to adapt start-of-the-art hybrid DNN [27] and CTC
end-to-end [3] disordered speech recognition systems. Experi-
ments were conducted on the largest available and most widely
used UASpeech [44] dysarthric speech corpus and LHUC based
speaker adaptation was further applied.

The main contributions of the paper are summarized below:

1) To the best of our knowledge, our novel spectro-temporal
deep feature based adaptation approach is the first work to ex-
ploit auxiliary speaker embedding features in disordered speech
adaptation. In contrast, prior works [10, 12, 13,27, 34-39] fo-
cused on feature transformation and model based adaptation.
Speaker embedding features, e.g. i-Vector [45,46], were used
in speech assessment rather than ASR adaptation tasks.

2) The spectro-temporal deep features are intuitively re-
lated to the underlying diversity of disordered speech. The
spectral basis embedding features are designed to learn char-
acteristics such as volume reduction, changes of formant po-
sition, imprecise articulation and hoarse voice while the tem-
poral ones to capture patterns such as increased disfluencies
and pauses. Experiments conducted on UASpeech suggest that
our proposed spectro-temporal deep feature adapted systems
consistently outperformed comparable baseline i- Vector adapta-
tion [29,47] by up to 2.63% absolute (8.6% relative) reduction
in word error rate (WER) with or without data augmentation.
The final speaker adapted system using the proposed spectral
basis embedding features gave an overall WER of 25.6% on the
UASpeech test set of 16 dysarthric speakers, which is the best
ASR performance so far published as far as we know.

The rest of this paper is organized as follows. The deriva-
tion of spectro-temporal basis vectors via speech spectrum sub-
space decomposition is presented in Sec.2. The subspace ba-
sis vector based DNN speech intelligibility classifier and em-
bedding features for speaker adaptation are proposed in Sec.3.
Sec.4 presents experiments and results of both speech intelli-
gibility assessment and speech recognition on UASpeech. The
last section concludes and discuss possible future works.

2. Speech Spectrum Subspace
Decomposition

To systematically reveal the patterns contained in disordered
speech, we conduct SVD on the mel-filterbank log amplitude
spectrum following [40] to derive basis vectors of the spectral
and the temporal subspaces. Let Sy represent a C x T dimen-
sional mel-spectrogram of utterance r with C mel-filterbank
channels and T frames. The SVD of Sy is given by

Sr=Ur V] )

where the set of column vectors of the C x C dimensional

U, matrix (the left-singular vectors) and the set of row vec-
tors of the T x T dimensional \V/{ matrix (the right-singular
vectors) are respectively the bases of the spectral and the tem-
poral subspaces, and ris a C x T diagonal matrix contain-
ing the singular values in descending order [40]. The rank
of Sy is equal to the number of non-zero singular values, i.e.
rank(Sr) < min{C; T }. Motivated by low-rank approxima-
tion [48], we select the top d principal spectral and temporal
basis vectors for all the experiments of this paper.
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Figure 1: Example subspace decomposition of mel-
spectrograms of normal (CTL, upper) and dysarthric (DYS,
lower) utterances of word “choice” to obtain top d spectral
and temporal basis vectors (circled in red in U and \YAl)

As shown in Fig.1, when compared with that of the normal
speaker, the mel-spectrogram of the dysarthric speaker contains
reduced energy especially in the lower portions of mel-scale fre-
quencies. The overall spectral envelope of the dysarthric spec-
trum is less visible with weakened formants. Spectral basis vec-
tors are designed to capture these patterns as well as imprecise
articulation and hoarse voice. As the dysarthric speaker speaks
more slowly and less fluently, the extracted temporal basis vec-
tors encode the speaking rate in their dimensionality in addition
to other patterns such as increased disfluencies and pauses.

Traditional disordered speech assessment methods often re-
quire the contents spoken by different speakers to be the same
[43, 49], which allows normal and dysarthric speech of iden-
tical contents but varying durations to be compared after an
alignment procedure [50]. In order to facilitate a more practical
assessment scheme applicable to unrestricted speech contents
of unknown durations and derive speaker-level embedding vec-
tors of consistent dimensionality for ASR system adaptation in
this paper, when processing the temporal basis vectors of each
utterance, a frame-level sliding window of 25 dimensions was
applied to the top d selected temporal basis vectors. Their 25 di-
mensional mean and standard deviation vectors were then com-
puted to serve as the“average” temporal basis representations of
fixed dimensionality, as shown in Fig.2.

0"5.186+ 7+63813.5,334
11°$2¢ . ()

<A
>0)7"2

1484/4
84/839

JUBWSSASSY

Yosads paiapiosia

C'5132¢ - ())

7%)328"2"8 11"$; A="2&7::8 - 3ik"/"$0
F"$34/%*3/ >C> DED !=){"5 -"(e2"

U8R () +&, " " +)-&.1/)01+&2+" 1/8&1,&,834

Figure 2: Framework of the proposed speech intelligibility
assessment and auxiliary feature based speaker adaptation
founded on spectro-temporal subspace basis vectors derived
from speech spectrum subspace decomposition.



