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Abstract

As infants, we hear continuous sound. It is only through trial and
error that we eventually learn phonemes, recognize them, and then start
trying to string them together. I attempt to train a Liquid State Machine
(LSM) to achieve the second step in the process – picking out particular
phonemes from continuous speech. I take several different approaches to
explore how various settings within the LSM change the learning process.
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1 Introduction

While the task of phoneme recognition can be considered as a simple classifica-
tion problem, it is actually a more involved task. There is an inherent temporal
nature of the problem that is not easily accounted for with most artifical learn-
ing approaches. A Liquid State Machine (LSM) is uniquely suited for this task,
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as it contains a pool of neurons that allows it to effectively have a short-term
memory [3].

Infants originally hear only continuous speech – it is only through trial and
error that an infant eventually learns how to break this apart into phonemes, and
eventually from there learn words [1]. Computers are effectively at this same
stage – all sounds are continuous. By providing a more biologically inspired
approach to speech recognition (via LSMs), it may be possible to further advance
the field of Natural Language Processing (NLP).

In this particular experiment, a LSM was trained to recognize the /@/
phoneme in one set of runs, and the /dh/ phoneme in another set. The MOCHA-
TIMIT speech corpus [9] was used for all tests. The Lyon Passive Ear Model,
a biologically inspired model of the inner-ear [7], was used to process the input
speech, and input as an analog signal into the LSM with Leaky Integrate and
Fire (LIF) neurons.

The organization of the rest of the paper is as follows: In section 2 I will
discuss the experimental setup, and will also discuss the variuos LSM designs I
use, as well as the steps I take to preprocess the sound files. In the following
section I present the results of my experiments, and discuss what they mean. I
then conclude with my ideas for future work.

2 Experimental Setup

The experiments were performed using CSIM [6], a neural simulator written
in Matlab, as well as Auditory Toolbox [7], a toolbox of auditory models also
written in Matlab. As inputs, the MOCHA-TIMIT speech corpus [9] was used.
I am using both speakers that MOCHA-TIMIT supplies: the female with a
southern English accent and male with a northern English accent recordings.

2.1 LSM design

For the Liquid State Machine, I used two different configurations. Both are
similar to the one described in [4]. For my main pool, I used a pool of randomly
connected Leaky Integrate & Fire (LIF) neurons located on the integer points of
a 15 X 3 X 3 column. As I am training for the recognition of only one phoneme,
I have only one output neuron. In my first configuration, it is attached to the
last 3 X 3 layer of the main pool. In the second configuration, the output neuron
was attached to all 135 neurons in the main pool.

For the second configuration, my connection weights and probabilities match
those discussed in [8]. As my task of phoneme recognition is similar to their
task of word recognition, it made sense to use a similar setup.

Through testing, I found that these settings were too sparse for my first con-
figuration. The probability of two neurons a, and b having a synaptic connection
between them is given in this equation:

Pconn(a, b) = C ∗ e
−D2(a,b)

λ2

2



Figure 1: Basic configuration - does not include input neurons, and connections
are not shown

where D is the euclidean distance betwen neurons a and b, and C is a constant
that varies depending on whether a and b are exitatory (E) or inhibitory (I): 0.3
(EE), 0.2 (EI), 0.4 (IE), 0.1 (II). λ controls the average number of connections,
as well as the average length of connections between neurons. Using the settings
defined in [8], I originally tried the λ setting of 2. This, however, allowed for
“dead spots” in my main pool, and signals were lost before reaching the last
part of the pool that my output neuron was connected to. To fix this problem, I
set λ = 4. This not only increased the number of connections in my main pool,
but also increased the average length of connections – allowing signals to pass
all the way through the pool.

The biggest difference between my setup and the two papers mentioned
above is how I handled input. The experiments with isolated word recognition
generally performed an extra processing step, where analog signals were turned
into spike trains, and only the 40 spike trains deemed most useful were actually
used. I simply ran my sound files through a Lyon Passive Ear Model implemen-
tation found in [7], and then used the resulting cochleagram as analog inputs to
my LSM.

2.2 Auditory Encoding

While the standard technique for preprocessing speech uses Mel-Frequency Cep-
stral Coefficients (MFCC), I decided to use the Lyon Passive Ear model. The
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Figure 2: The cochleagram resulting from: ”This was easy for us.” Output of
the Lyon Passive Ear model implemented in [7].

Lyon Passive Ear [2] is a biologically inspired model of the inner ear. This
model calculates the probability of firing along the auditory nerve as a result of
an input sound at a given sample rate [7]. An example cochleagram generated
with the sentence “This was easy for us.” can be seein in 2. The cochleagram
returns an array that displays spiking probabilities for 86 different channels
across time. While this form of processing is computationally more expensive
than other more traditional methods of speech processing such as MFCC, it has
been shown to be more robust in the presence of noise [8].

2.3 Spike Coding

Generally, when a preprocessing algorithm returns an analog signal a spike
encoding algorithm is used to translate an analog signal into a spiking signal
before it is used as input to a recognition system. Two of the more commonly
used tools are BSA (Ben’s Spiking Algorithm) and Poisson spike trains. These
encoding algorithms step through an analog input, and decide whether a spiking
signal should be sent based on the data. CSIM [6] has a special Analog Input
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Leaky Integrate and Fire neuron that performs similar computations on analog
input.

At this time, all spike coding is handled by a pool of Analog Input Leaky In-
tegrate and Fire neurons. In my first configuration, these are densely connected
to the first 3 X 3 layer of my main pool. In my second configuration, I have all
input neurons connected to all neurons in my main pool. Again, this is more
computationally expensive than other methods (such as BSA or Poisson spike
trains) [8], but it is also a more biologically realistic model. I use the 86 analog
signals returned by the Lyon cochleagram as direct inputs into my analog input
pool.

The number of channels returned (86 in my case) is determined by the Au-
ditory Tool Box [7]. The more channels there are, the more accurate the model
becomes. This number is bounded by the quality of the input. All MOCHA-
TIMIT [?] sound files have a frequency of 16kHz, so the model produces 86
samples.

2.4 Tests

Both LSM configurations were trained to recognize /dh/ and then /@/. For
both configurations, training sets of 400 inputs and test sets of 60 were used.
In these experiments, I tested on only one speaker (each speaker in MOCHA-
TIMIT has 460 sentences). The fully connected (second) configuration could
not handle larger amounts of training data, so I only used my sparsely connected
(first) configuration for training/testing across speakers.

To better view the problem, the cochleagrams of ”This was easy for us.”
with the /dh/ and /@/ phonemes mapped onto it can be seen in Figures 2.4
and 4

With the sparsely connected configurations I trained on 800 inputs, and
tested on the remaining 120 sentences. The training set contained all sentences
from one speaker, and 340 sentences from the other. Since both of the speakers
in MOCHA-TIMIT go through the same sentences, the LSM had seen the 120
test sentences before, but from the other speaker. In both cases, I still trained
the LSM to recognize the frequently occurring /@/ and the rarely occurring
/dh/.

In all cases, I used a Linear Classification model that is part of the CSIM [6]
package for training. This model is designed to run in batch training mode, and
after completing its training and test sets, returns the average mean squared
error (MSE) for training and test sets. This is scaled to 1, with 1 being the
worst – the pattern was never matched, and 0 being the best – the pattern was
perfectly matched. During training, only the weights connected to the output
neuron are modified – all weights internal to pools are left alone.
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Figure 3: Female cochleagram of ”This was easy for us.” with /dh/ and /@/
phoneme onset location shown

Figure 4: Male cochleagram of ”This was easy for us.” with /dh/ and /@/
phoneme onset location shown
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/dh/ /@/
male female male female

fully connected 0.491275 0.494634 0.491275 0.494634
sparsely connected 0.491275 0.494634 0.491275 0.494634

Table 1: Test 1: MSE reported from test runs for both male and female speakers
from MOCHA-TIMIT on /dh/ and /@/

/dh/ /@/
testing on 120 sentences from female 0.49249 0.492958
testing on 120 sentences from male 0.453309 0.496084

Table 2: Test 2: MSE reported from sparsely connected LSM on /dh/ and /@/.
800 training sentences, 120 test sentences

3 Results

As LSMs have many stochastic qualities, I performed several runs for each
test, and then calculated the average. In each case, Mean Square Error (MSE)
from the test set is reported. A MSE of 1 means the correct output was never
achieved, while a MSE of 0 means that the correct output was met exactly. A
score of .5 is about what we can expect from randomness.

With the smaller test sets 3, the model performs just barely above ran-
dom, and has the same MSE for detecting either phoneme regardless of LSM
configuration

In the larger tests 3, the scores show a slight improvement over the smaller
tests, but still are not very far from random. It also seems to perform better
across the board on the male data set than the female data set.

A sparsely connected configuration can be trained far more quickly than a
fully connected LSM. The average time to go through 50 simulations for the
sparse configuration is about 300 seconds, while it takes an average of about
1500 seconds for the fully connected LSM. A sparse configuration can also handle
a larger training set without eating up too much memory. Should I move to an
online training algorithm, however, both points may become moot.

With the smaller training set that both configurations could handle, the fully
connected LSM was better able to focus on specific spiking times, and capture
phonemes that do not occur often. The sparsely connected configuration would
never spike for /dh/, only for /@/.

Neither configuration was able to clearly distinguish between the phoneme
it was looking for and non-phoneme as I would have hoped. Instead of being
able to tell precise spiking times from the output, I was only able to tell that
whether or not the phoneme occurred in the sentence.
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4 Conclusions

Through this study I learned several things. As far as LSM configurations
are concerned, I found that sparsely connected LSM configuration is best for
quick implementations, and only starts to show meaningful results after a large
amount of training runs. A more fully connected LSM, on the other hand, re-
quires less training runs to start returning meaningful results and is also capable
of picking up on less frequently occurring patterns.

In [5], a generic LSM configuration is proposed based off of unpublished lab
data. In my experiments, I found that this generic LSM configuration with a
main pool of 135 LIF neurons arranged in a 15x3x3 pile is not capable of rec-
ognizing phonemes with enough clarity to be particularly useful. In the future,
I hope to approach this problem again with a different main pool configuration
to see if I can gain that clarity.

The LSM seemed to perform better with the female data set after being
trained on the male data set than the other way around. I am not too sure
what to make of this. There are several possible reasons that this is happening.
First, the LSM may have an easier time finding phonemes after training on lower
frequency sounds than the other way around. Another reason might be because
of the accent difference. The female and male speakers have slightly different
accents – it might be easier for the LSM to switch from the male speaker’s
accent to the female speaker’s accent.

5 Future Work

An initial future goal is to add other output neurons and train a network to
recognize multiple phonemes. I want to be able to completely map sentences into
phonemes. In the long run, I feel that this will provide the most contributions to
the field of NLP. I would also like to work with a larger speech corpus, possibly
extending to different accents.

For the sake of making my model as biologically realistic as possible, I chose
many computationally expensive algorithms. I also used batch training algo-
rithms, which also added to the amount of time needed to obtain a working
model. In the future, I would like to not only implement an online training
algorithm, but also see about parallelizing some of the processing that I need to
run. In an ideal situation, I would be able to speed up the process to the point
where I can get real-time feedback on speech as it is being said.

In the future, I would like to retry this experiment with a main pool of a
different size. As mentioned in [3], the 15x3x3 pool that I am currently using
is a generic size. There’s a chance that I would be able to find either smaller
configurations that work as well as what I currently have, thus cutting down
on system resources necessary to run, or possibly larger configurations that can
more accurately report the beginning and end of phonemes.

Another thing I would like to look at is the difference between male and
female speakers. I noticed that when my sparse LSM was trained with the male

8



speaker and partially with the female speaker it performed better than when it
trained with the female speaker and part of the male speaker. I would like to
isolate this occurrence and figure out why it is happening – I want to know if
it’s because of the male/female vocal range differences, because of the accent
differences, or something else entirely.
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