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Abstract
People with dysarthria have motor disorders that often prevent them from efficiently
using commercial speech recognition systems. In this project, we train a speech
recognition system on dysarthric speech using a Listen-Attend-Spell model, which
uses a pyramidal bidirectional LSTM and a beam search decoder to predict phonetic
transcriptions. The network produces phoneme error rates higher than state-of-theart models on a test set of speakers with low speech intelligibility.
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Introduction

People with speech disorders regularly struggle to interact with automatic speech recognition (ASR)
systems. This is caused by a variety of reasons, the primary one being the scarcity of in-domain data
due to the extensive ethical and medical permission requirements for data collection. Other reasons
include abnormal tendencies in speech patterns and an inadequate breadth of research and advocacy
on the subject. People with speech disorders also rely more heavily on these systems, as they often
have motor disorders that hinder their ability to use any handheld device. Our project focuses on
people with dysarthria, a general motor speech disorder due to weakness in the face, lips, tongue, or
throat. Some signs of dysarthria include slurring, stuttering, mumbling, hoarseness, and irregular or
inconsistent volume and pace of speech, many of which are troublesome for ASR systems.
It was therefore our goal in this project to build a speech recognition system tailored towards people
with dysarthria by training on dysarthric speech. Because of the inconsistency of acoustic cues in their
speech patterns, this project chooses to combine a bidirectional LSTM (BLSTM), in hopes that its
memory cells could handle the inconsistent temporal behavior, with a beam search decoder, in hopes
that learning phonetic relationships can improve accuracy. These components form a state-of-the-art
Listen-Attend-Spell (LAS) model (1). We chose to break down words by their phonemes using
the NLTK’s CMU Pronouncing Dictionary (11); this helped to compensate for not having access
to the profusion of data needed for end-to-end ASR, and it allowed us to assess performance with
phoneme-level granularity.
In building our speech recognition system, our algorithm took in an audio (WAV) file of a single
word spoken by a person with dysarthria. It was then sent to the LAS network to output the phonetic
transcription of the word. We have also used the same dataset for a concurrent project in CS 230 to
accomplish the same task. The CS 230 project uses a deeper bidirectional LSTM (DBLSTM) as an
encoder with a CTC decoder. This puts much more emphasis on the encoding portion of the network
and decodes the phonemes independently of each other, whereas the LAS decoder uses information
from previous phonemes to make predictions for subsequent ones.
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Related work

Most of the related work in dysarthric speech recognition involves finding ways to handle the
irregularity of acoustic cues. Early attempts at modeling this involved using GMM, HMM, and
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SVM-based recognition (2), where it was found that HMMs have robustness against large-scale
word-length fluctuations, while SVMs have robustness against deletion of consonants. Attempts
to exploit prior articulatory knowledge of dysarthric speech in the presence of limited data has
been researched (3), and incorporating that information into a dynamic Bayes network showed mild
improvements in phoneme recognition. Our project does not attempt to use prior speech knowledge.
While these results are noteworthy, they don’t achieve the accuracy deeper networks can.
Kim et al. used a Kullback-Leibler divergence-based HMM on phoneme posterior probabilities
outputted from a deep neural network (4), which is similar in concept to what the LAS does. They
found word error rate (WER) improvements over conventional models despite only a limited supply
of data. Transfer learning has also been applied on an ASR system trained on non-dysarthric speech
to include additional hidden layers trained on dysarthric speech (5), a shrewd idea given the large
discrepancy of data between the two sources. This multi-staged deep neural network produced a
WER improvement compared to both of its parts. While our LAS uses training data from dysarthric
and non-dysarthric speakers, we group them together rather than staging the training process.
More state-of-the-art models have involved CNNs and RNNs. Convolutive bottleneck feature
extraction (6) was able to mitigate unstable speaking styles in dysarthric speakers and decreased
WER compared to conventional MFCC features. RNNs similar to ours (7) were employed with mild
success in capturing temporal characteristics, achieving a WER of 13% on the well-known TORGO
database for dysarthric speech. One particularly clever model used a convolutional LSTM, which
benefits both from the local feature extraction of the CNN and the temporal modeling of the LSTM
(8). This network achieved a phoneme error rate (PER) of 35%, lower than either their CNN or
LSTM did alone. Finally, Joy et al. took a deep dive into hyperparameter tuning on the TORGO
database, and they saw great improvements in WER on similar previous architectures (9).
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Dataset and Features

The dataset we used was from the UA-Speech Database, a fundamental resource for ASR development
for people with neuromotor disabilities (10). All audio was recorded using an eight-microphone array
with preamplifiers attached. Video recordings were also available, though not used in this project.
The full dataset consisted of single, isolated words spoken by 15 speakers with varying degrees of
dysarthria and 13 speakers without dysarthria to use as a control. During recording sessions, subjects
were seated comfortably near a computer screen and read the words off of a PowerPoint slide. Each
subject was asked to recite a total of 765 words, split over the course of three recording sessions
(about 255 words per session). Subjects were encouraged to take breaks whenever needed. The
words in the dataset consist of digits ("zero," "one," etc.), the International Radio Alphabet ("alpha,"
"bravo," etc.), computer commands ("space," "enter," etc.), common words ("the," "of," etc.), and
uncommon words ("naturalization," "frugality," etc.). The uncommon words were chosen using a
greedy algorithm on digitized children’s novels in order to maximize uncommon phonemes.

Figure 1: (Left) Raw audio signal for the word "paste" and its corresponding filter bank. (Right) Full
alphabet of phonemes with word-to-phoneme example translations.
We split the data by speaker, with only two of the subjects with dysarthria and one control subject
being left out of the training data. The remaining data from these three speakers were split in half
randomly and distributed to the dev and test sets. This resulted in about an 84-8-8% train-dev-test split.
Before being fed into the LAS model, we first pre-processed the audio data and the text transcriptions.
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Normalized filter banks for the audio data were calculated by applying pre-emphasis filters, Fourier
transforms, triangle filters, and normalization for time windows of 10ms. An example of an audio
signal and its corresponding normalized filter bank for the word "paste" are shown in Figure 1. Notice
the small, recurring amplitude jumps in the audio signal, representing a stutter on the first phoneme.
Each column of the filter bank was a vector of 123 features and represents one input xi into the
LAS. Transcriptions were broken down into phonemes using the alphabet shown in Figure 1. Several
examples of word-to-phoneme translations are also given.
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Methods

The LAS model can be broken down into two major components, a "listener" and a "speller." The
listener’s job is to take in the pre-processed audio data and encode it into a hidden representation a.
The speller uses this representation to learn where in a we "attend" to for each phoneme step, and
uses this to predict the phonemes. The full model architecture, equations, and an example LSTM cell
are given in Figure 2.

Figure 2: The full LAS architecture for the example word "paste" (right), along with an example
LSTM cell and the model equations (left).
The listener uses a pyramidal bidirectional LSTM to convert the 10ms normalized filter bank vectors
x1 , x2 , ... xd into a shorter representation a = a1 , a2 , ... av . "Bidirectional" indicates that for each
LSTM cell, there is both a "forward cell" and a "backward cell." This allows the RNN at each time
step to learn from the audio both before it and after it. The activations of each were concatenated
and sent to the next layer of the network. "Pyramidal" specifies that in each successive layer of the
LSTM, adjacent activations are concatenated with each other and used as input into the next layer,
thereby reducing the number of time steps by a factor of two for each layer. This is tremendously
useful in reducing computational complexity.
Figure 2 also shows the computational graph of a single, generic LSTM forward cell. The previous
activation ht−1 and the current input xt are combined and sent through sigmoid activations to obtain
weights of a forget gate, input gate, and output gate. The forget gate and input gate are used to weight
how much the new memory value ct should rely on the old memory value ct−1 or the proposed new
memory value gt . The output gate determines how much weight we put into the tanh-activated new
memory value ct to obtain the output activation ht .
The speller portion of the model has three parts: an attender, an LSTM, and a softmax layer. The
attender’s job is to figure out which parts of a should be focused on at each phoneme step. More
specifically, it finds bi by taking a weighted sum of each component of a. These weights should
be higher at the time steps corresponding to when the phoneme is being pronounced. The weights
are found by inputting a and si into a simple 1-layer neural network with a tanh activation and a
softmax output. The LSTM part of the speller takes as input the attention b from the previous time
step, as well as the ground truth phoneme label from the previous time step. Taking in the ground
truth label allows the speller to predict phonemes based on previous ones. Finally, we use the bi
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from the attender and the si from the LSTM as inputs into the last softmax layer, which will give
us probabilities for each possible phoneme. The sequence starts by sending a <sos> token into the
LSTM, and terminates when the <eos> token is encountered in the output (the <eos> token is added
to the end of each phoneme transcription). Note that the speller will have (N + 1) steps, where N is
the number of phonemes (not counting <eos>) in the word.
We train the model using the average cross-entropy over each phoneme. If the ground truth word has
N phonemes and we have a total of K phonemes in the alphabet, this is given by

loss = −

N +1 K+1
1 X X (i)
(i)
yk log ŷk
N + 1 i=1

(1)

k=1

(i)

(i)

where ŷk and yk represent the predicted probability and the ground truth label (1 or 0), respectively,
of the i-th phoneme in the word being the k-th phoneme in the alphabet. We add one to each N and K
for the possibility of the <eos> token. This equation is then averaged over all words in the batch.
During prediction time, we use a beam search decoder, which works by specifying a beam size B and
predicting each phoneme one-by-one, while only keeping track of the B most likely sequences. For
instance, if we set B to 16, at each step we will have the 16 most likely sequences up to that point.
We then try to add every phoneme in the alphabet to each of the 16 sequences, and again, only keep
the 16 most likely sequences. The process terminates when all 16 sequences have predicted an <eos>
token. More specifically, at the k-th step, we try to maximize the conditional probability given in
equation 2. The outputs from the softmax layer represent the RHS of equation 2.
p(y (1) , y (2) , ... , y (k) |x) = p(y (1) |x) p(y (2) |x, y (1) ) ... p(y (k) |x, y (1) , y (2) , ... , y (k−1) )
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(2)

Results

We settled on a mini-batch size of 64 even though this batch size produced erratic training loss jumps.
We’d have liked to increase it, but higher batch sizes were too memory expensive for our machine
to handle. A learning rate of 0.001 was initially chosen based on other successful models in the
literature, but an exponential decay of 0.1 was added after seeing the training loss continue to have
large oscillations later into training. The full model did 30 epochs through the training data and we
used a beam size of 16 in an attempt to balance accuracy with computational expenses. We trained
three models and their results are given in Figure 3. The metric we used for our results was the
phoneme error rate (PER), which gives the rate at which the true phonemes in the target word did not
occur in the predicted phonemes.
Our parameter search attempted to optimize the
number of layers and hidden units in the listener
and speller’s LSTMs, though this proved to be
quite difficult given how expensive it is to train
an ASR system. We started with 128 hidden
units and 2 layers for each with a dropout rate
of 0.5, but felt that we weren’t adequately fitting
to the training set. We then increased the complexity of each and decreased regularization, but
Figure 3: PER on the train and dev sets.
we saw the dev set error actually increased. Our
error analysis on this showed that many of the
incorrect phonemes that were predicted were because the phonemes before it were also incorrect,
indicating the speller was overfitting to previous phonemes. Our final model decreased the complexity
of the speller and increased the regularization, as shown in the last row of Figure 3. This resulted in a
final test set PER of 60.15%. This PER is slightly higher than expected, but it is worth noting that the
three speakers in our test set had low speech intelligibility scores for dysarthric speakers, so the task
is quite challenging. For reference, the Google Cloud speech recognition toolkit had a word error rate
of 51% on the dysarthric speech and 14% on the control speech.
Figure 4 gives a heatmap of the test set PERs for the 30 most common phonemes spoken. The subjects
are labeled on the y-axis by their gender and an identifying number, with the control speaker on the
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bottom labeled with a prefix "C." Their aggregate totals are summarized in the phoneme labeled
"all." Despite being trained largely on dysarthric speech, the control results still were substantially
better. We also can notice how successful each phoneme was; for instance, "v" did very poorly on all
subjects while "w" did very well.

Figure 4: PERs for the 30 most common phonemes broken down by speaker.
Figure 5 analyzes phoneme performance further by listing the best and worst three phonemes by
PER for the control speaker, the dysarthric speakers, and the difference between the two. In general,
common phonemes tended to be recognized at higher rates. In the CS 230 project, we found that
phonemes that were strenuous on speech muscles like the "m" or "er0" (as in her) sounds performed
worse on the dysarthric speakers relative to the control. However, this wasn’t the case with the LAS
model because phoneme predictions are heavily dependent on the previous predictions, whereas the
DBLSTM model assumed conditional independence between predictions. This dependence led to
phoneme performance in the LAS model having much more randomness.

Figure 5: The top three best and worst phonemes by PER from the control subject, the dysarthric
subjects, and the difference between those two PERs.
The DBLSTM model for the CS 230 project actually managed a test set PER of 44.68%, about 16%
better than the LAS model. Strangely, though, the word error rates between the two only differed by
5%. The reasoning behind this is that when the LAS model correctly predicted the first few phonemes,
the accuracy of the remaining phonemes in the word greatly improved; if the first few were incorrect,
this drastically hurt future predictions. We conclude that the dataset used does not have the requisite
number of different phoneme combinations to prevent from overfitting to the limited number of
phoneme combinations. Perhaps a speller with even less complexity would have also helped.
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Conclusion

This project trained a speech recognition model on dysarthric speech using the listen-attend-spell
approach. The PER of the final model on the test set was 60.15%, which is inferior to other
state-of-the-art models (usually about 35%), but our test speakers had comparatively lower speech
intelligibility. We found that a deeply-layered speller overfit the limited number of unique words in
the dataset, and we likely require more words to properly train the LAS model since it relies so heavily
on learning the conditional dependence between phonemes. Future work can include using prior
knowledge of phoneme relationships to make predictions. Transfer learning using non-dysarthric
speech also seems like a promising idea.
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