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Abstract

Speech recognition (SR) has been improved significantly by artificial neural networks
(ANNSs), but ANNs have the drawbacks of biologically implausibility and excessive power
consumption because of the nonlocal transfer of real-valued errors and weights. While
spiking neural networks (SNNs) have the potential to solve these drawbacks of ANNs due
to their efficient spike communication and their natural way to utilize kinds of synaptic plas-
ticity rules found in brain for weight modification. However, existing SNN models for SR
either had bad performance, or were trained in biologically implausible ways. In this paper,
we present a biologically inspired convolutional SNN model for SR. The network adopts
the time-to-first-spike coding scheme for fast and efficient information processing. A bio-
logical learning rule, spike-timing-dependent plasticity (STDP), is used to adjust the syn-
aptic weights of convolutional neurons to form receptive fields in an unsupervised way. In
the convolutional structure, the strategy of local weight sharing is introduced and could
lead to better feature extraction of speech signals than global weight sharing. We first eval-
uated the SNN model with a linear support vector machine (SVM) on the TIDIGITS dataset
and it got the performance of 97.5%, comparable to the best results of ANNs. Deep analy-
sis on network outputs showed that, not only are the output data more linearly separable,
but they also have fewer dimensions and become sparse. To further confirm the validity of
our model, we trained it on a more difficult recognition task based on the TIMIT dataset,
and it got a high performance of 93.8%. Moreover, a linear spike-based classifie—tempo-
tron—can also achieve high accuracies very close to that of SVM on both the two tasks.
These demonstrate that an STDP-based convolutional SNN model equipped with local
weight sharing and temporal coding is capable of solving the SR task accurately and
efficiently.
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Introduction

Automatic speech recognition is the ability for a machine to recognize and translate spoken
language into text. It is a challenging task since the speech signal is high variable due to differ-
ent speaker characteristics, varying speaking speed, and background noise. In recent years,
artificial neural networks (ANNSs), especially deep neural networks, have outperformed tradi-
tional Gaussian mixture models and became the predominant method in speech recognition
area [1].

ANNSs are inspired by features found in brain. They consist of multiple layers of artificial
neurons which are able to learn data representations from the input data by gradient descent
algorithms [2, 3]. In some scenarios, ANNs can reach or surpass human level performance.
Despite the biological inspiration and high performance, ANN models are fundamentally dif-
ferent from what are actually observed in biology in two main aspects. Firstly, the artificial
neurons in ANNs communicate with each other by sending real numbers which can be seen as
their firing rates. In contrast, neurons in biological neural networks communicate via spikes
or pulses. Secondly, the standard training method for ANNS is backpropagation [4], which
update weights of neurons calculated from non-local error signals and weights of downstream
synapses. However, it seems quite implausible that this process of non-local information prop-
agation would occur in the cortex [5], in which neurons just communicate with each other
based on spikes from direct connections, and the synaptic strengths are generally modified by
activities of corresponding pre- and post-synaptic neurons, e.g. spike-timing-dependent plas-
ticity (STDP) [6-10]. STDP was found in experiments in many cortex regions [6, 9, 10] and
was believed to be a basic principle for the formation of recognition and memory in human
brain. Besides, compared to the brain’s energy efficiency, both training and execution of large-
scale ANN’s need massive amounts of computational power to perform single tasks.

For these reasons, there has been a growing interest in spiking neural networks (SNN)
recently. Like in the brain, a neuron in the SNNis fires only when its membrane potential
reaches its threshold. When a neuron fires, its post-synaptic neurons receive the spike and
update their potentials. When implemented on neuromorphic platforms like TrueNorth [11],
the SNNs can operate with ultra-low power consumption. Although in both theoretic [12] and
model studies [13-17], SNNs have been shown their powerful ability and advantages in kinds
of machine learning tasks, the development on SNN models is still in a primary stage com-
pared with ANN.

For the speech recognition task, several SNN models have been proposed, which have either
recurrent connections or feedforward connections. For the recurrent SNN models, a popular
approach is the liquid state machine (LSM) [18-25], which is one of two types of reservoir
computing [26]. A typical LSM consists of three layers (input layer, reservoir layer, and read-
out layer). The reservoir layer is a collection of recurrently and randomly connected spiking
neurons, whose connections can be learned by synaptic plasticity rules [23-25]. The reservoir
can serve as a function of short-term memory for storing temporal input information in a
higher dimension, this makes LSMs suitable for the speech recognition task [19-22]. Nonethe-
less, in these models, the feature extraction step is very obscure due to the random projection
and there is no concept of receptive field when comparing to the sensory system. Moreover,
LSMs increase the separability of data by mapping them into a higher dimension, which is not
very efficient. For the class of SNN models with feedforward connections, Wade et al. [27] pre-
sented a synaptic weight association training (SWAT) algorithm for SNNs, which merges the
Bienenstock-Cooper-Munro (BCM) learning rule with STDP. But an additional training neu-
ron is used to train the synaptic weights of output neurons and removed after training, which
is not biologically reasonable. Tavanaei and Maida [28] proposed a two layer SNN model
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which learns to convert a speech signal into a distinguishable spike train signature. Their
model is trained by switching between Hebbian and anti-Hebbian STDP rule based on the
label of current sample. The performance of this model was not good, and their encoding
method is inefficient. Another SNN model proposed by Tavanaei and Maida [29] uses proba-
bilistic STDP to extract discriminative features from speech signals. Their model achieved
high performance on the speech recognition task, but the convolutional layer which extracts
primary auditory features uses hand-crafted Difference-of-Gaussian (DoG) filters, which is
unlikely to happen in biological auditory systems.

Therefore, for the purpose of both biological plausibility and energy efficiency, here we pro-
posed a feedforward SNN with STDP and fast temporal encoding scheme for the speech recog-
nition task. Our model was inspired by [30] and [31], it consists of a convolutional layer and a
pooling layer. In the convolutional layer, the receptive fields of neurons are learned by STDP
to extract acoustic features from speech signals. Moreover, the weights in the convolutional
layer are shared locally to better capture the features of spoken words. The pooling layer per-
forms a pooling operation to reduce the size of feature maps in the convolutional layer. For a
fast and efficient encoding, the time-to-first-spike coding scheme [32] is adopted in our
model. Finally, the output of the pooling layer is used to train a linear classifier. We evaluated
our model with a linear classifier on the isolated spoken word recognition task on the TIDI-
GITS dataset [33], and achieved an accuracy which outperformed all other SNNs and was
comparable to the best result of ANNs. More analysis on network outputs reveal that STDP is
able to extract features of speech signals to make speech data more separable. Furthermore, the
validity of our model can also be well maintained by changing the classifier to tempotron [34]
and the dataset to the TIMIT dataset [35].

Methods

Our network model consists of three layers, which is illustrated in the architecture diagram Fig
1. The input layer converts the speech signal into spikes using the time-to-first-spike coding
scheme, the convolutional layer learns acoustic features from the input by STDP learning rule,

Convolutional layer Pooling layer

) I ©
Fixec’ ’ Linear
,,,,,,,,,, b4 Classifier

——
N feature maps

Local
weight
sharing

—
N feature maps

Fig 1. Architecture of proposed spiking neural network (SNN). The network consists of an input layer, a convolutional layer, and a pooling layer. The input layer
converts the Mel-Frequency Spectral Coefficients (MFSC) of speech signal into spikes using the time-to-first-spike coding scheme. The convolutional layer contains
multi features maps which are responsible for detecting different features, and their input weights are learned by spike-timing-dependent plasticity (STDP). Each
feature map in the convolutional layer is divided into non-overlapping sections which have shared input weights. The pooling layer compresses the output of the
convolutional layer, and its output is classified by a linear classifier.

https://doi.org/10.1371/journal.pone.0204596.9001
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and the pooling layer compresses the information while providing the translation-invariance.
The details of each layer will be explained in the following sections.

Input encoding

For the SNN to process, analog speech signal is needed to be encoded into discrete spikes. First
we extract features from the raw signal to get a better representation, which is the first stage of
almost any speech recognition system.

As the encoder in human auditory system, the cochlea receives sound in the form of vibra-
tions. When the sound vibration is transmitted to the basilar membrane, different points along
the membrane resonate to specific frequencies. As a result, the hair cells protruded from the
basilar membrane also have a tonotopic sensitivity, which can be modeled by an array of
band-pass filters known as filter banks. The filter-bank-based Mel-Frequency Cepstral Coeffi-
cients (MFCCs) [36] is the most common feature extraction method in machine learning area,
briefly speaking, it is a discrete cosine transform (DCT) of a log power spectrum on a nonlin-
ear mel-scale of frequency. The target of the DCT step is to get the envelope of spectrum but it
destroys the locality of features. However, the convolutional layer in our network (as well as
the convolutional layer in a traditional convolutional neural network) needs the locality of fea-
tures to work properly. So instead of MFCCs, we choose Mel-Frequency Spectral Coefficients
(MESCs), which omit the DCT step in the extraction of MFCCs and preserve the locality. Spe-
cifically, we compute the Mel-scaled filter banks by applying triangular filters on a Mel-scale to
the power spectrum, and take the logarithm of the result. Another issue during the generation
of features is that the audio signals have variable length, but the input layer of the model only
contains a fixed number of neurons, so we use different window length in the Fourier trans-
form step during the MFSC feature extraction to get an input of fixed length. Hence, all data
samples with different temporal lengths are converted into MESCs with same lengths. This
time-warp-invariant information processing is the basic ability of auditory systems [37].

The sensitivity of a single auditory neuron depends not only on frequency, but also on time,
as described by the spectro-temporal receptive field (STRF) [38, 39], which means the neurons
sensitive to the same frequency band may have different response latencies. To simulate this
behavior, we organize the neurons in the input layer into a two-dimensional M x N array,
where each row is a time frame and each column a frequency band. The dynamics of neuron
(m, n) depends on the time frame m and the frequency band n.

For each neuron in the input layer, they must convert the analog input signal into discrete
spikes. Various neural encoding schemes can be used for this purpose. The most popular
method is to convert the input into a Poisson-distributed spike train, which encodes the infor-
mation in the neuron firing rates, while all the information possibly contained in the temporal
structure of the spike train is neglected [14, 40]. This method can be time-consuming and
energy-inefficient. Instead, we use the time-to-first-spike coding scheme, as shown in Fig 2, in
this model information is encoded in the response latency of the time of first spike relative to
the stimulus onset. Such coding scheme has been discovered in several sensory systems in the
brain, including the auditory [41, 42], visual [43, 44], and somatosensory [45-48] systems. In
this strategy, each neuron only needs to emit a single spike to transmit information during a
presentation of an input sample, while all following spikes can be ignored or be assumed as
inhibited by an inhibitory feedback connection. For simplicity, we just shut off the neuron as
soon as it fires a spike. Each input neuron (m, n) converts the intensity of the frequency band
n in the time frame m into the time of the first spike. The higher the intensity, the earlier the
neuron fires. With this temporal encoding scheme, our SNN is capable of high-speed and low-
energy data processing compared to rate coding, since a post-synaptic neuron can encode the

PLOS ONE | https://doi.org/10.1371/journal.pone.0204596 November 29, 2018 4/19


https://doi.org/10.1371/journal.pone.0204596

®PLOS | one

A STDP-based convolutional SNN for unsupervised speech recognition

A B

0 40 T
° [ ]
° [ ]
10 - °
2 30 o e ©
& L
» a H
() > °
£ 20 o 20 - ° .
@© < °
— | [ [
[ - - 3 .
g . . 3
30 1043,
H
[ ]
..
L [ ]
40 0 ° °
I I I
0 10 20 30 40 0 10 20
Frequency bands Time steps

Fig 2. The input coding of the SNN. (A) The MFSC spectrogram of the spoken digit “one”. The horizontal axis
represents the index of frequency bands, and the vertical axis represents the time frames. (B) The spike coding of one
frame (the row of pixels inside the black box) in Fig A. The MFSC features are encoded by the time-to-first-spike
coding scheme. The higher the feature value, the earlier the neuron fires. Note that the time axis of Fig B is irrelevant to
time axis of Fig A.

https://doi.org/10.1371/journal.pone.0204596.9002

whole information from a pre-synaptic neuron as soon as the former receives the first spike
from the latter, while the rate encoding can not estimate the information in a very short inter-
val due to the non-instantaneity of mean firing rate.

Convolutional layer

The spiking neuron model used in the convolutional layer is the integrate-and-fire (IF) model,
which is simple yet captures some fundamental characteristics of real neurons. The IF model
assumes that a neuron integrates input spikes from presynaptic neurons and increase its mem-
brane potential each time a spike arrives. When the membrane potential exceeds a specific
threshold V,es, the neuron fires a new spike, and the membrane potential is reset to its rest
level V5. The update of the membrane potential of an IF neuron can be described as [30, 31]:

V(t) = V(E—1) + WT-S(t— 1) (1)

where V'is a vector of all neurons’ membrane potential, W is the input synaptic weight matrix,
and S is a vector represents the spikes in the last time step. After each sample is processed, we
reset the membrane potential Vto Vg, Viesr = 0.

The concept of convolution here involves two main properties: local connection and weight
sharing, which is similar to the artificial convolutional neural networks. Each neuron in the
convolutional layer connects to a region of previous layer which spans the entire frequency
range but only covers a small period of time. The convolutional layer consists of several sub-
layers which we will refer as feature maps, see Fig 1. The neurons on the same location of dif-
ferent feature maps share the same input window, only with different presynaptic weights.
Another property of the convolutional layer is weight sharing, which usually means the same
weights are used by many neurons in the same feature map. Thus computation of neuronal
potentials can be viewed as a convolution of input signal with the shared weights. Weight shar-
ing enables the convolutional layer to learn and recognize features of the input data regardless
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of their absolute position within the input. Different feature maps are responsible for detecting
different features determined by their presynaptic weights. With these properties, the parame-
ters to be trained are reduced and the training becomes more efficient.

Local weight sharing

The weight sharing scheme described above is usually used in a global manner, which means
that all neurons in a feature map share the same weights. This is the standard way in the image
processing task, since empirically the same feature can appear at any location of the image.
However, the features appearing at different time periods of the speech signal have a character-
istic of locality. For example in English, the prefixes and suffixes are at different positions in a
word and have different acoustic features. Chinese characters almost always begin with a con-
sonant and end with a vowel, which also have different features. Therefore, a better strategy
may be to share weights only among nearby convolutional neurons, but use separate sets of
weights for different time periods of a spoken word, respectively. The local shared weights in
the temporal domain were used for calculating the inputs of the corresponding convolutional
neurons, and this strategy is called as local weight sharing. Fig 1 shows the local weight sharing
strategy used by our model. The convolutional layer is divided into several non-overlapping
sections, and each section receives input from different overlapping time periods with their
own shared weights, but still spans all feature maps. As a result, the local shared weights should
be able to learn local features from the corresponding time period. The output of convolutional
neurons in each section are then pooled together, indicating the existence of the learned fea-
ture of this section, which will be discussed later.

Learning weights with STDP

The weights of convolutional layer are initialized by drawing from a Gaussian distribution.
When the network is in the training process, the weights are updated by the STDP rule [7, 8].
Here we use a simplified STDP rule [30]:

a‘wy(1 —w,), if t, <t,
Aw,; = (2)
—awy(1—w,), elsewise,

where wj; is the weight of the synapse from the jth neuron in input layer to the ith neuron in
convolutional layer, ¢; and t; are the corresponding firing time of two neurons, and a* and a~
are the learning rates of STDP. This simplified rule ignores the exact spike time difference,
because the input layer encodes the input signal into spikes within a short time duration. Note
that even if no presynaptic spike occurs, the weight is still decreased. The term w;(1 — w;;) asa
soft bound limits the weight value between 0 and 1. The learning process will be ceased when
the change of weight values is so small enough (|Aw| < 0.01) that they have no effect on the
final network performance on the test dataset.

To make the feature maps more distinct and their responses sparser, we further use a mech-
anism of lateral inhibition, which plays an important role in the auditory cortex [49]. With this
mechanism, after a neuron fires, all the neurons in the same position in other feature maps are
inhibited thereafter until the next sample appears, thus there is at most one spike allowed in
each position during the processing of a sample. And after STDP is triggered on a neuron, the
neurons in its neighborhood and all neurons at the same position in other feature maps are
not allowed to perform STDP until next sample appears. With this competition mechanism,
the feature maps are encouraged to learn different features.
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Pooling layer

The pooling layer performs a pooling operation on the convolutional layer to reduce the
dimension of the representation, see Fig 1. Each feature map in the convolutional layer is pro-
cessed independently, so the number of feature maps in the pooling layer is the same as that in
the convolutional layer.

Each neuron in the pooling layer integrates inputs from one section in the corresponding
feature map in the convolutional layer. The pooling neurons are not allowed to fire and their
final membrane potentials are used as training data for a linear classifier. It should be noted
that the pooling layer is not trained, and the value of its weights are fixed to 1. So the final
potential of a pooling neuron can be seen as the spike number in its corresponding section and
feature map in the convolutional layer. After the processing of each sample, the membrane
potentials of pooling neurons are also reset.

Evaluation

We evaluate the model with a linear classifier. In detail, the evaluation of the model includes
three stages, see Fig 3. First the SNN model is trained on the training set with STDP adjusting
its synaptic weights. After the training is complete, we fix the weights by turning off the plastic-
ity, run the network on training set and train the linear classifier on the membrane potentials
of the pooling layer and the corresponding labels. Finally, we run the fixed network on the test
set, and use the trained classifier to predict the labels to get the classification accuracy.

Results

Our model was evaluated on the task of speaker-independent recognition of isolated spoken
words with the TIDIGITS dataset [33] and the TIMIT dataset [35]. In this section, first we
show the performance of our SNN model by using SVM as a classifier, which is compared
with performances of other SNN and ANN models. Next, we validate the advantage of the
local weight sharing strategy. Then, we analyze the transformation of receptive fields of the
convolutional neurons and the characteristics of the network output to understand why our
model works so well. Finally, we prove that our SNN model can also work well with a spike-
based classifier by taking tempotron as an example.

Performance on TIDIGITS dataset

We used utterances of female and male adults from the TIDIGITS dataset, which includes
more than 4000 samples from 200 speakers. The dataset was randomly ordered and split into

Y

P
Stage 1: ' Training data —»L SNN with STDP
e )

V- N Ve N
Stage 2: ' Training data —> SNN without STDP —— Classifier train «~—— Training labels
Y y

Stage 3: Test data —»\ SNN without STDP )—» Classifier predict —> Predicted labels

Fig 3. Three stages of model’s evaluation. Firstly, the SNN is trained with STDP on the training set without
supervisory labels. Then the fixed network is run on the training set, and the output of the pooling layer and the
corresponding labels in the training set, i.e. training labels, which are the corresponding labels of currently processed
input samples, are used to train the classifier. Finally, the classifier is run to predict the labels of the test data, which are
called as predicted labels. The classification accuracy of the model is evaluated by comparing the predicted labels with
the corresponding ground truth labels.

https://doi.org/10.1371/journal.pone.0204596.g003

PLOS ONE | https://doi.org/10.1371/journal.pone.0204596 November 29, 2018 7/19


https://doi.org/10.1371/journal.pone.0204596.g003
https://doi.org/10.1371/journal.pone.0204596

O PLOS | one

A STDP-based convolutional SNN for unsupervised speech recognition

training set and test set with the ratio 7:3. In the experiment, there were 40 neurons in the
input layer. The convolutional layer consisted of 50 feature maps, and the IF neurons in which
had thresholds of 23. The convolutional window size was 6 x 40, which made it span all fre-
quency bands, and its stride was 1. We divided the convolutional layer into 9 non-overlapping
sections to share weights locally, and each section had a length of 4. The weights of convolu-
tional layer were initialized with random values sampled from a Gaussian distribution with
mean of 0.8 and standard deviation of 0.05. The learning rates of the STDP rule were a* =
0.004 and a~ = 0.003.

After the SNN was trained by STDP, the output of pooling layer was classified using a linear
SVM. With the parameters listed above, the model was able to achieve a classification accuracy
0f 97.5% on the test dataset. For a more detailed analysis, Fig 4 shows the confusion matrix of
the test result which reveals the recognition rate for each spoken digit checked against all other
digits and itself. Each row of the matrix represents an actual digit class while each column cor-
responds to a predicted digit class. According to Fig 4, recognition accuracy on digit 4 and
digit 6 was 100%. The comparison of performance with other SNN models for spoken digit
recognition is shown in Table 1. Among the SNN models, our model has the highest perfor-
mance, which is also as good as the best result of ANNs. It should be noted that the comparison
is not precise, because these studies either used different datasets, or used different ways of
subsetting and splitting the dataset. For example, although some SNN models [19, 29] achieved
high accuracies, they used smaller and easier datasets.

We evaluated the performance of the model at different time points through the training
process, as shown in Fig 5. As the training proceeds, the test accuracy quickly increases along
with the emergence of learned features. With merely 900 samples, the SVM accuracy on the
SNN output exceeded the SVM accuracy of 95% on the MFSC features. After trained by
approximately 6000 training samples, the model’s performance converges to about 97.5% and
stays stable thereafter. The similar convergence behavior could also be found with a range of
other parameter sets.

1.0
0
1
0.8
2
3
@ - 0.6
& 4
[}
$s
= - 0.4
6
7
0.2
8
9
0.0

0 1 2 3 4 5 6 7 8 9
Predicted class

Fig 4. Confusion matrix of the classification result on the test set. The diagonal values indicate the ratio of correct
classifications for each digit, while off-diagonal values represent the misclassifications.

https://doi.org/10.1371/journal.pone.0204596.9004
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Table 1. Comparison of proposed SNN and other models on the isolated spoken digit classification task. RC: Reservoir computing; FC: Fully-connected layer; CSNN:
Convolutional spiking neural network; HTM: Hierarchical temporal memory; RNN: Recurrent neural network; DN: Delta network.

Model Architecture
Verstraeten et al. [19] RC
Zhang et al. [21] RC
Wade et al. [27] FC
Tavanaei et al. [28] FC
Tavanaei et al. [29] CSNN
Dibazar et al. [50] FC
Our model CSNN
van Doremalen et al. [51] HTM
Neil et al. [52] RNN
Neil et al. [53] DN

https://doi.org/10.1371/journal.pone.0204596.t001

Learning method Dataset
SNNs
Pseudo matrix inversion TI46
Abstract learning rule TI46
STDP/BCM TI46
Hebbian/anti-Hebbian STDP Aurora
STDP Aurora
Backpropagation TIDIGITS
STDP TIDIGITS
ANNSs
Coincidence memorization TIDIGITS
Backpropagation TIDIGITS
Backpropagation TIDIGITS

Effect of local weight sharing

Speakers

16
16
50
>50
<80
200

150
200
200

Accuracy

>97.5
92.3
95.25
91

96
85.1
97.5

91.43
96.1
97.5

To show the advantage of the local weight sharing over the global weight sharing, we compared
the performances of the SNN model with both strategies. With global weight sharing, all con-
volutional neurons in a feature map share their input synaptic weights, which can be viewed as
that the convolutional layer only has one section. While in the case of local weight sharing, the
convolutional layer has multiple sections which all have their own set of shared weights. The
performance comparison between SNNs with these two mechanisms is shown in Fig 6. Each
strategy was evaluated with different number of feature maps. With all different numbers of
feature maps each strategy was evaluated, the local weight sharing outperformed the global
weight sharing. Furthermore, as the number of feature maps decreased, the performance of
global weight sharing droped quickly, while the SNN with local weight sharing could still
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Fig 5. The SVM classification accuracy curve on the test set averaged over five runs. The SVM accuracy on the SNN
output exceeded the accuracy on the MFSC features after 900 samples. The accuracy converges to about 97.5% after

6000 samples.
https://doi.org/10.1371/journal.pone.0204596.g005
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Fig 6. Performance comparison of local weight sharing and global weight sharing averaged over five runs. Global
weight sharing works well with a larger number of feature maps, while local weight sharing performs significantly
better than global weight sharing with fewer feature maps.

https://doi.org/10.1371/journal.pone.0204596.9006

maintain a high performance, since SNN with local weight sharing is better suited to learn
local features of the speech signal. Therefore, the local weight sharing is more efficient than the
global weight sharing.

Evolving receptive fields

To understand the forming process of receptive fields of the convolutional neurons, and pro-
vide insight into the dynamic learning behavior, we visualized the weights of the convolutional
layer during the learning process. For this purpose, the weights of the convolutional layer were
arranged into the convolutional window shape 6 x 40, and the weight values were used as the
values of the corresponding pixels. Three randomly selected feature maps in the fifth section
were visualized as examples in Fig 7 to show their evolving receptive fields through the training
process. Before the training started, the weights were initialized with a Gaussian distribution,
so the images in first column act as pure noise. During the training, the neurons which had
more similar patterns with the input would reach the firing threshold earlier, and trigger the
STDP rule to update its input synaptic weights and prevent other neurons from firing via the
lateral inhibition mechanism. As the training of SNN proceeded, patterns arose as these feature
maps started to learn features from the input, and the neuronal activations in the convolu-
tional layer began to reflect the presence of their corresponding features in the original speech
signal. Compared to the spectrogram of audio in Fig 2, the learned features have smoother
edges, because with enough training data, STDP tends to learn more salient features and
ignores the noise. Due to the lateral inhibition mechanism, all learned features are distinct
from each other.

SNN as an effective and efficient encoder

In the experiment, the classification on the MFSC features with SVM achieved an accuracy of
95%, which is worse than the classification on the output of our SNN. This difference of results
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Fig 7. The visualization of evolving receptive fields in the training process. There is no special feature before
training since the weights are initialized randomly. As the training proceeded, the features are gradually learned.
Finally, the learned features are distinct from each other due to the effect of lateral inhibition.

https://doi.org/10.1371/journal.pone.0204596.9007

can be intuitively observed with the help of t-SNE technique [54], which is a powerful tool for
visualizing high dimensional data. Fig 8 shows the t-SNE visualization of the difference of data
separability between the MFSC features and the SNN output after training. In Fig 8A, the digits
0,2, 3,7, and 8 are grouped into several clusters respectively, but after the processing of SNN,
they all have one cluster as shown in Fig 8B. Although the clusters of digit 1, 5, and 9 are not
merged into one cluster for each digit, they become closer. The rest of digits 4 and 6 all have
one cluster both before and after the processing. Therefore, after the encoding of the SNN, the
data points of same digit become closer, and the digits become more separable, so that classifi-
ers can have better performance in the output space than in the original space.

Although the increase of data separability is also a feature of reservoir computing, they usu-
ally achieve this target by increasing the dimension of data. In contrast, our SNN maps the
data into a lower dimensional space. With 9 sections in the convolutional layer and 50 feature
maps, the dimension of the SNN output is 450, while the MFSC features have a dimension of
1640, so our SNN reduces the data dimension by more than 70%. The reduction of dimension
helps to remove redundant information and reduces the required computing time and storage
space. For example, by running on a workstation with the Intel Core i7-6900K processor (3.2
GHz), the training of SVM takes 70 seconds on the MFSC features, but only takes 2 seconds
on the output of our SNN.

Fig 9 shows the visualization of pooling neurons’ activations for a random sample from
each digit class, in which the final membrane potentials of pooling neurons are converted to
the brightness of pixels. We can see from the figure that the output has a sparse representation.
For each sample, only less than ten percent pooling neurons are activated, which acts as an effi-
cient encoding of original data.
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pixels are dark in all images so the output is sparsely coded.

https://doi.org/10.1371/journal.pone.0204596.9009

PLOS ONE | https://doi.org/10.1371/journal.pone.0204596 November 29, 2018 12/19


https://doi.org/10.1371/journal.pone.0204596.g008
https://doi.org/10.1371/journal.pone.0204596.g009
https://doi.org/10.1371/journal.pone.0204596

®PLOS | one

A STDP-based convolutional SNN for unsupervised speech recognition

that
she
all
your
me
had
like
don't
year
water
dark
rag
oily
wash
ask
carry
suit

0.8

- 0.6

True class

- 0.4

0.2

0.0

Predicted class

Fig 10. Confusion matrix of the classification result on the test set of the TIMIT dataset. The diagonal values
represent the ratio of correct classifications for each word, and the off-diagonal values represent the misclassifications.
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Performance on a more difficult task based on the TIMIT dataset

To show the capability of the proposed method on a more difficult SR task, we also tested the
model on the TIMIT dataset, which contains 630 speakers of eight major dialects of American
English. From this dataset we selected 17 words (shown in Fig 10) which are most frequent
and not too short in length, and split these samples with the 7:3 ratio. In the task, the total
number of feature maps in the convolutional layer was set to 70, and other parameters were
the same as before. Although there are more categories (17) in this task comparing to 10 cate-
gories in the TIDIGITS dataset, the classifying accuracy by a linear SVM on the test dataset
can be as high as 93.8%, which is just a little lower than that on the TIDIGITS dataset. Fig 10
shows the confusion matrix of the result on the test dataset.

Comparison of different classifiers

To demonstrate the SVM classifier is not the necessary for our spiking neural network model,
we also test the more biologically plausible classifiers, here we used a popular spike-based lin-
ear classifier—tempotron—as an example. Tempotron is a biologically plausible supervised
learning model, which can discriminate different classes of inputs based on their spatiotempo-
ral structures rather than their mean firing rates [34]. In the tempotron used here, the output
of the pooling layer are converted to the spiking times of the input neurons in the tempotron
model, where each classification neuron represents a category of inputs. During the training
phase, if a classification neuron should fire for an input according to the corresponding label,
while its maximal potential value fails to exceed its threshold, then the neuron’s synaptic
weights are increased. And if a classification neuron should not fire, but its maximal potential
value exceeds its threshold, its synaptic weights are then decreased. With the tempotron classi-
fier substituting for the SVM, the classifying accuracies on the TIDIGITS dataset and the
TIMIT dataset were 96% and 92.8%, respectively. Those results reveal that our SNN model
could work well for SR tasks by using different kinds of classifiers.
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Discussion

Spiking neural networks had been gradually drawing attention due to its potential of solving
ANNS’ problems of biological implausibility and computational intensity. However, it is not
easy to train a SNN well for typical pattern recognition tasks, and various training methods
have been proposed previously [13]. Many studies chose to train a traditional ANN instead,
and convert it to a SNN by replacing each rate-based neuron with a spiking neuron [15, 16,
55-58]. Although they showed good performance on pattern recognition tasks, the problem of
training a SNN was actually bypassed. Some researchers used differentiable formulations of
SNNs, so they could train them with backpropagation directly [14, 59]. With this approach,
the training algorithm searches a larger solution space and can achieve better performance.
These methods are not biologically plausible since there are no evidence that error backpropa-
gation could happen in the brain. In contrast, our model uses the STDP rule observed in bio-
logical synapses to train the SNN. Particularly, since STDP is a local and unsupervised learning
rule, the training process doesn’t need any label information. Thus our SNN model is able to
utilize the large amount of unlabeled data, which is less expensive and easier to obtain than
labeled data. Moreover, a simple linear classifier (linear SVM or spike-based tempotron) can
be sufficient to classify the STDP-trained data with high accuracies, this reveals powerful abil-
ity of our model for extracting input features in a more biologically realistic way.

There were other studies which also use STDP as the learning rule [28-31, 40]. Masquelier
etal. [30] proposed a SNN which has a similar convolutional architecture to ours. The model
has a four-layer hierarchy (S1-C1-S2-C2) where simple cells (S) gain selectivity from a linear
sum operation, and complex cells (C) gain invariance from a max pooling operation. The S1
layer uses fixed Gabor filters to detect edges on various scaled versions of the input image. The
S2 layer is selective to intermediate-complexity visual features. The C1-S2 synaptic connec-
tions are adjusted by STDP, and there is local inhibition between different S2 cells. The main
difference between their network and ours is that the weights in their S2 layer are shared glob-
ally, while we use local shared weights to extract spatiotemporal features of acoustic signals,
and it is more suitable for speech recognition tasks. Besides, we didn’t use various scaled ver-
sions of the input like they did, and our network completes the recognition task with only two
layers, while they used one more layer with fixed hand-crafted weights. The work of Kherad-
pisheh et al. [31] was also inspired by Masquelier et al. [30], their model consists of multiple
convolutional layers and pooling layers, this could benefit the image recognition task, in which
all visual features can appear at any location of the input image. Compared to their work, our
SNN only uses one convolutional layer and one pooling layer, as well as adopting local weight
sharing instead of global weight sharing. Tavanaei et al. [29] also proposed a convolutional
SNN for SR. In their model, the speech signal is converted into spikes trains using a Poisson
process, from which the convolutional layer extracts primary acoustic features with shifted
DoG filters, the generated feature maps are then pooled and sent to the feature discovery layer,
which undergoes learning via a probabilistic STDP rule. The output of the network are used to
train a hidden Markov model for evaluation. Our model is different from theirs in two ways.
First, we use a more efficient temporal coding scheme instead of the rate-based Poisson pro-
cess. Second, our model extracts primary acoustic features with STDP-trained receptive fields,
while they extracted primary acoustic features by using shifted DoG filters, which are normally
adopted to extract visual contrast informations, but there is no evidence of this mechanism in
the auditory system.

Our model and the studies mentioned above have proven the effectiveness of STDP learn-
ing rule, but why STDP can work so well, since the construction of STDP-trained SNN models
is often more heuristic than analytic? Actually, the learning process with STDP and lateral
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inhibition can roughly be seen as the sequential k-means (online k-means) algorithm [60]. In
the sequential k-means algorithm, firstly initial centroids of data are guessed, then the data
points are processed in a sequential order, each new data point is assigned to the closest cen-
troid, and the corresponding centroid is moved closer to the data point after the assignment,
these two steps are repeated until all data points are processed. With STDP and lateral inhibi-
tion, the learning process of the SNN is similar: the samples are fed into the SNN sequentially,
for each input the neuron with the most similar receptive field will respond most strongly, and
its weights will be updated by STDP to be more similar to its input, while the rest of neurons
are laterally inhibited. For the convolutional structure in our model and the model in [30], the
convolutional k-means method in [61] is comparable. Therefore, the convergence of k-means
implies the convergence of STDP-based training. However, k-means algorithm may converge
to a local minimum, so the STDP-based learning is likely to suffer from the same weakness.

One of the most important features of our SNN is the time-to-first-spike coding, which is
faster and more efficient than the traditional rate coding. However, this coding scheme is ideal
and highly simplified, since it assumes that all information about the stimulus is contained in
the time of the first spike of a neuron, and all the following spikes are neglected. Rolls et al.
[62] compared the information of the presented stimulus in the first spike and in the number
of spikes in a given time window, and found that more information is available if all the spikes
in the given time window are taken into account. Another weakness of the time-to-first-spike
coding scheme is its vulnerability to noise, which means that even a single noise spike could
heavily disrupt the information to be transmitted. On the other hand, the rate coding is ineffi-
cient but highly robust against noise, which is an essential feature of auditory system. There-
fore, in the future research, the temporal coding scheme of utilizing all spikes responded to a
stimuli should be considered to improve robustness as well as performance.

With regard to the application in industry, our model has the potential to be implemented
on neuromorphic chips like TrueNorth [11] or Loihi, which can offer ultra-low power con-
sumption. Although theoretically all SNNs can run on the neuromorphic chips during their
prediction stage to save energy, for those SNNs which are trained by backpropagation directly
or indirectly, the learning process still consumes significant power and time. However, with
some chips support STDP learning rule [63-66], our SNN, as well as other SNNs trained by
STDP, are able to achieve a low energy consumption even in the training stage.

Previous experimental studies had shown that there are both feedforward and feedback cir-
cuits in the auditory pathway [67], while our model only takes feedforward connections into
consideration. Therefore, in the future, we could add feedback connections between layers
into the network. With a recurrent structure, the signal related to supervised information can
be sent back to each neuron through spikes for a more precise weight adjustment, thus a better
performance may be achieved. It also should be noted that this is much different from that in
typical reservoir computing models where recurrent but fixed connections are adopted.

Conclusion

To provide an alternative speech recognition solution to ANNs which is biologically implausi-
ble and energy-intense, we proposed an STDP-based SNN model with the time-to-first-spike
coding scheme and the local weight sharing strategy. It can achieve high accuracies on two
speech recognition tasks. By adopting STDP learning rule and the temporal coding scheme,
our SNN is able to learn acoustic features fast and efficiently, and make the speech data low-
dimensional, sparse, and more linearly separable. Compared to global weight sharing, the pro-
posed local weight sharing is more suitable for learning the features of speech signals. More-
over, our model can achieve comparable performance to traditional ANN approaches when
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using SVM as a classifier, and can also work well when using the spike-based classifier—tem-
potron. Therefore, in practice, due to the spike-based computation, our model with tempotron
can be implemented on neuromorphic chips easily as a speech recognition solution with ultra-
low power consumption. In summary, our study shows that a biologically plausible SNN
model equipped with STDP, local weight sharing, and temporal coding has the ability of solv-
ing speech recognition tasks efficiently.
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