Chapter 2

Rapid Feedforward Computation

by Temporal Encoding and Learning
with Spiking Neurons

Abstract As we know, primates perform remarkably well in cognitive tasks such as
pattern recognition. Motivated from recent findings in biological systems, a unified
and consistent feedforward system network with a proper encoding scheme and
supervised temporal rules is built for processing real-world stimuli. The temporal
rules are used for processing the spatiotemporal patterns. To utilize these rules on
images or sounds, a proper encoding method and a unified computational model with
consistent and efficient learning rule are required. Through encoding, external stimuli
are converted into sparse representations which also have properties of invariance.
These temporal patterns are then learned through biologically derived algorithms in
the learning layer, followed by the final decision presented through the readout layer.
The performance of the model is also analyzed and discussed. This chapter presents
a general structure of SNN for pattern recognition, showing that the SNN has the
ability to learn the real-world stimuli.

2.1 Introduction

Primates are remarkably good at cognitive skills such as pattern recognition. Despite
decades of engineering effort, the performance of the biological visual system still
outperforms the best computer vision systems. Pattern recognition is a general task
that assigns an output value to a given input pattern. It is an information-reduction
process which aims to classify patterns based on a priori knowledge or statistical
information extracted from the patterns. Typical applications of pattern recogni-
tion includes automatic speech recognition, handwritten postal codes recognition,
face recognition and gesture recognition. There are several conventional methods
to implement pattern recognition, such as maximum entropy classifier, Naive Bayes
classifier, decision trees, support vector machines (SVM) and perceptrons. We refer
these methods as traditional rules since they are less biologically plausible compared
to spiking time involved rules described later. Compared to human brain, these meth-
ods are far from reaching comparable recognition. Humans can easily discriminate
different categories within a very short time. This motivates us to investigate com-
putational models for rapid and robust pattern recognition from a biological point of
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view. At the same time, inspired by biological findings, researchers have come up
with different theories of encoding and learning. In order to bridge the gap between
those independent studies, a unified systematic model with consistent rules is desired.

A simple feedforward architecture might account for rapid recognition as reported
recently [1]. Anatomical back projections abundantly appear almost every area in
the visual cortex, which puts the feedforward architecture under debate. However,
the observation of a quick response appeared in inferotemporal cortex (IT) [2] most
directly supports the hypothesis of the feedforward structure. The activity of neurons
in monkey IT appears quite soon (around 100 ms) after stimulus onset [3]. For the
purpose of rapid recognition, a core feedforward architecture might be a reasonable
theory of visual computation.

How information is represented in the brain still remains unclear. However, there
are strong reasons to believe that using pulses is the optimal way to encode the infor-
mation for transmission [4]. Increasing number of observations show that neurons in
the brain precisely response to a stimulus. This support the hypothesis of the temporal
coding.

There are many temporal learning rules proposed for processing spatiotempo-
ral patterns, including both supervised and unsupervised rules. As opposed to the
unsupervised rule, a supervised one could potentially facilitate the learning speed
with the help of an instructor signal. Although so far there is no strong experimental
confirmation of the supervisory signal, an increasing body of evidence shows that
this kind of learning is also exploited by the brain [5].

Learning schemes focusing on processing spatiotemporal spikes in a supervised
manner have been widely studied. With proper encoding methods, these schemes
could be applied to image categorization. In [6], the spike-driven synaptic plasticity
mechanism is used to learn patterns encoded by mean firing rates. A rate coding is
used to encode images for categorization. The learning process is supervised and
stochastic, in which a teacher signal steers the output neuron to a desired firing
rate. According to this algorithm, synaptic weights are modified upon the arrival of
pre-synaptic spikes, considering the state of post-synaptic neuron’s potential and its
recent firing activity. One of the major limitations of this algorithm is that it could
not be used to learn patterns presented in the form of precise timing spikes. Different
from the spike-driven synaptic plasticity, the tempotron learning rule [7] is efficient
to learn spike patterns in which information is embedded in precise timing spikes
as well as in mean firing rates. This learning rule modifies the synaptic weights
such that a trained neuron fires once for patterns of corresponding category and
keeps silent for patterns of other categories. The ReSuMe learning rule [8, 9] is
also a supervised rule in which the trained neuron can fire at desired times when
corresponding spatiotemporal patterns are presented. It has been demonstrated that
the tempotron rule and the ReSuMe rule are equivalent under certain conditions [10].

Although SNNs show promising capabilities in achieving a performance similar
to living brains due to their more faithful similarity to biological neural networks,
one of the main challenges of dealing with SNNs is getting data into and out of
them, which requires proper encoding and decoding methods. The temporal learning
algorithms are based on spatiotemporal spike patterns. However, the problem remains
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how to represent real-world stimuli (like images) by spatiotemporal spikes for further
computation in the spiking network. To deal with these problems, a unified systematic
model, with consistent encoding, learning and readout, is required.

The main contribution of this chapter lies in the design of a unified system model
of spiking neural network for solving pattern recognition problems. To the best of our
knowledge, this is the first work in which complex classification task is solved through
combination of biologically plausible encoding and supervised temporal learning.
The system contains consistent encoding, learning and readout parts. Through the
network, we fill the gap between real-world problem (image encoding) and theoret-
ical studies of different learning algorithms for spatiotemporal patterns. Finally, our
approach suggests a plausibility proof for a class of feedforward models of rapid and
robust recognition in the brain.

2.2 The Spiking Neural Network

In this section, the feedforward computational model for pattern recognition is
described. The model composes of 3 functional parts: the encoding part, the learning
part and the readout part. Figure2.1 shows the general architecture of the system
model.

Considering the encoding, the latency code is a simple example of temporal cod-
ing. It encodes information in the timing of response relative to the encoding win-
dow, which is usually defined with respect to the stimulus onset. The external stimuli
would trigger neurons to fire several spikes in different times. From biological obser-
vations, visual system can analyze a new complex scene in less than 150ms [11, 12].
This period of time is impressive for information processing considering billions of
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neurons involved. This suggests that neurons exchange only one or few spikes. In
addition, it is shown that subsequent brain region may learn more and earlier about
the stimuli from the time of first spike than from the firing rate [11].

Therefore, we use single spike code as the encoding mechanism. Within the encod-
ing window, each input neuron fires only once. This code is simple and efficient, and
the capability of encoding information in the timing of single spikes to compute
and learn realistic data has been shown in [13]. Compared to rate coding as used in
[6], this single spike coding would potentially facilitate computing speed since less
spikes are involved in the computation.

Our single spike coding is similar to the rank order coding in [14, 15] but taking
into consideration of the precise latency of the spikes. In the rank order coding,
the rank order of neurons’ activations is used to represent the information. This
coding scheme is still under research. Taking the actual neurons’ activations into
consideration but not their rank orders, our proposed encoding method could convey
more information than the rank order coding. Since this coding utilizes only a single
spike to transmit information, it could also potentially be beneficial for efficient very
large scale integration (VLSI) implementations.

In the learning layer, supervised rules are used since they could improve the
learning speed with the help of the instructor signal. In this chapter, we investigate
the tempotron rule and the ReSuMe rule.

The aim of the readout part is to extract information about the stimulus from the
responses of learning neurons. As an example, we could use a binary sequence to
represent a certain class of patterns in the case that each learning neuron can only
discriminate two groups. Each learning neuron responds to a stimulus by firing (1)
or not firing (0). Thus, the total N learning neurons as the output can represent a
maximum number of 2V classes of patterns.

A more suitable scheme for readout would be using population response. In this
scheme, several groups are used and each group, containing several neurons, is one
particular representation of the external stimuli. Different groups compete with each
other by a voting scheme in which the group with the most amount of firing neurons
would be the winner. This scheme is more compatible with the real brain since the
information is presented by the cooperation of a group of neurons rather than one
single neuron [16].

2.3 Single-Spike Temporal Coding

We have mentioned the function of the encoding layer is to convert stimulus into
spatiotemporal spikes. In this section, we illustrate our encoding model of single-
spike temporal coding, which is inspired from biological agents.

The retina is a particular interesting sensory area to study neural information
processing, since its general structure and functional organization are remarkably
well known. It is widely believed that information transmitted from retina to brain
codes the intensity of the visual stimuli at every place in visual field. The ganglion
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cells (GCs) collect the information from their receptive fields which could best drive
spiking responses [17]. In addition, different ganglion cells might have overlapped
centers of receptive fields [18]. A simple encoding model of retina is described in
[14] and is used in [15]. The GCs are used as the first layer in our model to collect
information from original stimuli.

Focusing on emulating the processing in visual cortex, a realistic model (HMAX)
for recognition has been proposed in [19] and widely studied [1, 20, 21]. It is a
hierarchical system that closely follows the organization of visual cortex. The HMAX
performs remarkably well with natural images by using alternate simple cells (S) and
complex cells (C). Simple cells (S) gain their selectivity from a linear sum operation,
while complex cells (C) gain invariance through a nonlinear max pooling operation.
Like the HMAX model, in order to obtain an invariant encoding model to some
extent, a complex cells (CCs) layer is used in our model. In the brain, equivalents of
CCs may be in V1 and V4 (see [22] for more details).

In our model (see Fig. 2.2), the image information (intensity) is transmitted to GCs
through photo-receptors. Each GC linearly integrates at its soma the information from
its receptive field. Their receptive fields are overlapping and their scales are generally
distributed non-uniformly over the visual field. DoG (difference of gaussian) filters
are used in the GCs layer since this filter is believed to mimic how neural processing
in the retina of the eye extracts details from external stimuli [23, 24]. Several differ-
ent scales of DoG would construct different GCs images. The CCs unit would oper-
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Spatiotemporal spikes

|
nerve | |

V.

Fig.2.2 Architecture of the visual encoding model. A gray-scale image (as the stimuli) is presented
to the encoding layer. The photo-receptors transmit the image information analogically and linearly
to the corresponding ganglion cells (GCs). Each ganglion cell collects information from its receptive
field (an example shown as the red dashed box). There are several layers of GCs and each has a
different scale of receptive field. The complex cells (CCs) collect information from a local position
of GCs and a MAX operation among these GCs determines the activation value of CC unit. Each
CC neuron would fire a spike according to their activations. These spikes are transmitted to the next
layer as the spatiotemporal pattern in particular time window (T)
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ate a nonlinear max pooling to obtain an amount of invariance. Max pooling over the
two polarities, different scales and different local positions provides contrast reverse
invariance, scale invariance and position invariance, respectively. Biophysically plau-
sible implementations of the MAX operation have been proposed in [25], and biologi-
cal evidences of neuron performing MAX-like behavior have been found in a subclass
of complex cells in V1 [26] and cells in V4 [27].

The activation value of CC unit would trigger a firing spike. Strongly activated CCs
will fire earlier, whereas weakly activated will fire later or not at all. The activation
of the GC is computed through the dot product as:

GCi=<1,¢; >= ZI(Z) i (D) (2.1)

leR;

where [ () is the luminance of pixel / which is sensed by the photo-receptor. R; is
the receptive field region of neuron i. ¢; is the weight of the filter.

The GCs compute the local contrast intensities at different spatial scales and for
two different polarities: ON- and OFF-center filters. We use the simple DoG as our
filter where the surround has three times the width of the center. The DoG has the
form as:

DOG{S,IF}(I) = GO'(S)(Z - lc) - G3~U(S) (l - lc) (22)
Go() = L -€Xp(—ﬂ (2.3)
27 - o (s)? 2.0(s)?

where G, s is the 2D Gaussian function with variance o (s) which depends on the
scale s. [, is the center position of the filter.

An example of the DoG filter is shown in Fig.2.3. An OFF-center filter is simply
an inverted version of an ON-center receptive field. All the filters are sum-normalized
to zero and square-normalized to one so that when there is no contrast change in the
image the neuron’s activation would be zero and when the image is same with the
filter the neuron’s activation would be 1. Therefore, all the activations of the GCs are
scaled to the same range ([—1, 1]).

The CCs max over different polarities according to their absolute values at same
scale and same position. Through this max operation, the model gain a contrast
reverse invariance (Fig.2.4a). From the property of the polar filters, only one could
be positive activated for a given image. Similarly, the scale invariance is increased
by max pooling over different scales at the same position (Fig.2.4b). Finally, the
position invariance is increased by pooling over different local positions (Fig. 2.4c).
The dimension of images is reduced since only the max activated value in a local
position is preserved.

Figure2.5 shows the basic processing procedures in different encoding layers.
Through the encoding, the original image is sparsely presented in the CCs (Fig. 2.5%).

The final activations of CCs are used to produce spikes. Strongly activated neurons
would fire earlier, whereas weakly activated ones would fire later or not at all. The
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Fig. 2.3 Linear filters in
retina. a is an image of the
ON-center DoG filter,
whereas (b) is an image of

the OFF-Center filter. ¢ is the
one-dimensional show of the

DoG weights and (d) is the
2-dimensional show

Fig. 2.4 Illustration of
invariance gained from max
pooling operation. a the
contrast reverse invariance
by max pooling over
polarities. b the scale
invariance by max pooling
over different scales. ¢ the
local position invariance by
max pooling over local
positions. The red circle
denotes the maximally
activated one
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spike latencies are then linearly mapped into a predefined encoding time window.

These spatiotemporal spikes are transmitted to the next layer for computation.

In our encoding scheme, we consider the actual values of neurons’ activations to
generate spikes but not the rank order of these activations as used in [14, 15]. This
could carry more information than the rank order coding which only considers the
rank order of different activations and ignores the exact differences between different
activations. For example, there are 3 neurons (1, n, and n3) having their activations
(Cy, C; and C3) in the range of [0, 1]. Pattern P; is represented by (C; = 0.1,
C, = 0.3 and C3 = 0.9); pattern P, is represented by (C; = 0.29, C, = 0.3 and
C3; = 0.32). In rank order coding, it will treat P; and P, as same patterns since the
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Fig. 2.5 Tllustration of the processing results in different encoding procedures. a is the original
external stimulus. b and ¢ are the processing results in layer GCs with different scales. d, e and f
are the processes in the CCs layer. d is the result of max pooling over different scales. e is max
pooling over different local positions. f is the sub-sample from (e)

rank orders are same. For our encoding, in contrast, P; and P, would be treated as
totally different patterns. In addition, the rank order coding would be very sensitive
to the noise since the encoding time of one neuron depends on other neurons’ rank.
For example, if the least activated value is changed to a max activated value because
of a disturbance, the rank of all the other neurons would be changed. However in our
proposed algorithm only the information of the disturbed neuron would be affected.

2.4 Temporal Learning Rule

Temporal learning rule aims at dealing with information encoded by precise timing
spikes. In this section, we consider supervised mechanisms like the tempotron rule
and the ReSuMe rule that could be used for training neurons to discriminate between
different spike patterns. Whether a LTP or LTD process occurs depends on the super-
visory signal and the neuron’s activity. This kind of supervisory signal can facilitate
the learning speed compared to the unsupervised method.

2.4.1 The Tempotron Rule

In [7], the tempotron learning rule is proposed. According to this rule, the synaptic
plasticity is governed by the temporal contiguity of a presynaptic spike and a postsy-
naptic depolarization, and a supervisory signal. The tempotron can make appropriate
decisions under a supervisory signal by tuning fewer parameters.

In binary classification problem, each input pattern presented to the neuron
belongs to one of two classes (which are labeled by P* and P~). One neuron can
make decision by firing or not. When a P pattern is presented to the neuron, it
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should elicit a spike; when a P~ pattern is presented, it should keep silent by not
firing. The tempotron rule modifies the synaptic weights (w;) whenever there is an
error. This rule performs like gradient-descent rule that minimizes a cost function as:

_ | Vir — V.., if the presented pattern is P+;

C= . .
Viver — Vinr, if the presented pattern is P~.

(2.4)

where V; is the maximal value of the post-synaptic potential V.
Applying the gradient descent method to minimize the cost leads to the tempotron
learning rule:

A2 o K(twax —1;), if P error;
Aw; =1 A2, K(tyax — 1), if Perror; (2.5)
0, otherwise.

where #,,,,, denotes the time at which the neuron reaches its maximum potential value
in the time domain. A > 0 is a constant representing the learning rate. It denotes
the maximum change on the synaptic efficacies. P* error denotes that the neuron
should fire but it did not; P~ error denotes that the neuron should not fire but it
did. According to the kernel shape, the efficacies of afferents that spike near to #,,,
change more than that are away from it. In this rule, t,,,, is the reference time for
updating synaptic weights.

2.4.2 The ReSuMe Rule

The ReSuMe described in [9] is a supervised method that aims to produce desired
spike trains in response to the given input sequence. According to this rule, the
synaptic weights are modified according to the following equation:

da)i (t) d out = i

= ALSC(@) = S (D)]la +/0 W(s)S'(t — s)ds] (2.6)
where A is the learning rate, a is a constant, W is a learning window with a exponential
form (W (s) = Ae™/™). §4(t), S?"(t) and S’ (¢) are the target, post- and pre-synaptic
spike trains, respectively. Although the shape of learning window is not restricted to
exponential form, this shape can result in a better performance of convergence [28].
The spike trains have the following form:

S(ty=>8@t—1t) (2.7)
f=1
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Fig. 2.6 Illustration of the ReSuMe learning rule. a demonstrates that the synaptic plasticity
depends on the correlation between the pre- and postsynaptic firing times, and on the correla-
tion between pre- and desired firing times. b demonstrates that the synaptic weight is potentiated
whenever a desired spike is observed. ¢ shows that the synaptic weight is depressed whenever the
trained neuron fires. This figure is revised from [8]

where ¢/ denotes the moment of the f-th spike in the train, n denotes the total
number of spikes in the train, §(x) is the impulse function 6(x) = 1if x =0 (or 0
otherwise).

Figure 2.6 illustrates the ReSuMe learning rule. The synaptic efficacy depends not
only on the correlation between the pre-synaptic and post-synaptic firing times but
also on the correlation between the pre-synaptic and desired firing times. A desired
spike would result in synaptic potentiation, and a post-synaptic spike would result
in synaptic depression.

After a learning trial, the total synaptic change is:

Aw; =ra(n® —n®) + AT, Wt —1;) (2.8)
- )\Etouz E[I,Stm(/ W([Out - tl)

where n¢ and n® are the number of spikes from the desired and the actual output
spike trains respectively. #; is the pre-synaptic spike time.
The ReSuMe rule could be used for both the batch learning and the online learning.

2.4.3 The Tempotron-Like ReSuMe Rule

As proposed in [10], the tempotron learning rule is a particular case of ReSuMe
rule under certain conditions. The rule discussed here is a connection between the
tempotron rule and the ReSuMe rule.

Considering to apply ReSuMe to the tempotron setup, the combined rule can be
approached. The neuron is only allowed to fire once or not. After a spike is emitted,
the neuron shunts all its incoming spikes immediately. If there is only one spike,
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regardless of its time, it is reasonable to consider the neuron firing at #,,,,. This
learning rule follows [10]:

AAAY, o Wllpar — 1), ifnd =10 =0;
Aw; =1 —ra—2>, _, Wto —1;), if n = 0,n = 1; (2.9)
0 - if n? = ot

When a = 0and W(s) = K (s), the combined rule is equivalent to the tempotron
learning rule. This implicates that the tempotron rule is a particular case of the
ReSuMe rule.

2.5 Simulation Results

In this section, several simulations are performed to test the performance of the
network and different learning rules.

2.5.1 The Data Set and the Classification Problem

The stimuli from real world typically have a complex statistical structure. It is quite
different from idealized case of random patterns often considered. In the real world,
the stimuli hold large variability in a given class and have a high level of correlation
between members of different classes. The data set we considered here is the MNIST
digits (see Fig.2.7).

The MNIST data set contains a large number of examples of hand-written digits,
which consists of ten classes (digits 0 to 9) of examples and each example is an
image of 28 x 28 pixels. The MNIST data set is available from http://yann.lecun.
com/exdb/mnist, where many classification results from different methods are also
listed. All images from this data set are gray-scale.

Fig. 2.7 Examples of
handwritten digits from
MNIST dataset
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2.5.2 Encoding Images

Each image is presented to the encoding layer, and is then converted into spatiotem-
poral pattern. We use the coding strategy discussed previously through which the
output is sparse, as is observed in biological agents [29].

For simplicity of applying the encoding algorithm to the data set, we distribute
GCs with different receptive fields all over the image (each pixel). The image size
in GCs is same as the input image. Considering examples of 28-by-28 images, we
choose two scales for the filters (¢ = 1 for 5 x 5 pixels as scale 1, and ¢ = 2 for
7 x 7 pixels as scale 2). The CCs layer performs the max pooling operation on the
previous GCs layer. For local position operation we choose 6 x 6 pixels and we set
the overlap pixels to be 3in one axis (x or y) for sub-sampling operation. A detailed
process of max operation is described in [19].

The application of all these processes produces a set of analog values, corre-
sponding to the activation levels of our CCs unit. The strongly activated cell will fire
earlier, whereas the weakly activated will fire later or not at all. The spike latencies
are linearly mapped into a predefined encoding time window (100 ms in this study).
The activation values are linearly converted to delay times, associating = 0 with
activation value 1 and later times up to 100ms with lower activation values. The
neurons with activation value of 0 (or below a chosen small value) will not fire due
to the weak activation.

An illustration of encoding an image is shown in Fig.2.5. Our scheme is to extract
the basic information and encode it to a spatiotemporal spike pattern. Through the
whole encoding structure, a sparse representation of the original incoming image is
finally obtained. Using this sparse representation to generate the spike pattern would,
to some extent, be compatible with biological observations in retina.

2.5.3 Choosing Among Temporal Learning Rules

In the tempotron rule, we specify the following parameters. The ratio between the
membrane and the synaptic constants is fixed at t,,,/t;, = 4. The threshold V;;, is set
to 1 and V,,; is set to 0. We use 7,, = 10ms and A = 0.002.

For comparison purpose, in the ReSuMe we use the similar neuron model as the
one in the tempotron rule. However, the difference is that when the neuron emits a
spike, its potential is reset to a rest value (0 here) and is hold there for a refractory
period (3 ms here).

Since the ReSuMe rule is based only on the spiking times, it could work indepen-
dently on the used spiking neuron models [9]. To verify the suitability of this rule
for our chosen neuron model, we generate a spike pattern and force the neuron to
respond at desired times. We choose 300 afferent synapses and each fires only once
in the time window. The timing of each spike is generated randomly with uniform
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Fig.2.8 Illustration of the suitability of ReSuMe rule for the chosen neuron model. The input pattern
contains 300 afferent synapses and each fires once only. These spikes are generated randomly with
uniform distribution. For the desired spike, 3 random spiking times are chosen

307
L 200
[
2
g
8
10t
.
.
0
(a) (b) (c)

Fig. 2.9 The number of iterations needed for the correct classification of spike patterns, through
different learning rules. a is the tempotron learning rule. b is the tempotron-like ReSuMe rule. ¢ is
the ReSuMe rule in which if the neuron fires, it should spike at a desired time. Over 100 experiments
with different initial conditions, the averages (4.95, 7.36 and 14.48) and standard deviations (0.8454,
1.7438 and 12.014) are obtained for (a), (b) and (¢), respectively

distribution between 0 and 7'. After learning, the neuron could perform as the desired
way (see Fig.2.8).

To compare the learning speed of different learning rules, we generate 30 spa-
tiotemporal patterns and each pattern contains 120 afferent synapses. The spiking
times are generated randomly with a uniform distribution between 0 and 7. We ran-
domly choose 3 patterns as one category that is needed to be discriminated from
others. We record the minimum times of iterations for different rules to learn these
patterns correctly. We perform this experiment for 100 times and the results are
shown in Fig.2.9.

According to Fig.2.9, there is no significant difference of learning speed between
the tempotron rule and tempotron-like ReSuMe rule. This is because the only differ-
ence between these two rules is the kernel windows which have a similar effect on
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the synaptic change. However, compared to the ReSuMe rule, the tempotron rule is
much faster (about 3 times as the ReSuMe rule). Besides this, the learning speed of
the ReSuMe varies significantly for different initial conditions (such as the number
of patterns, the initial weights and the learning rate). For the sake of fast recognition,
we choose the tempotron rule as our learning rule.

2.5.4 The Properties of Tempotron Rule

Since the tempotron rule is chosen, a test on its properties is needed.

2.54.1 Capacity

As is used for perceptron [30], the ratio of the number of random patterns (V) that
correctly classified by the neuron over the number of its synapses (N;,, ), = N,/ Nj,,
is used to measure the load of the neuron. An important characteristic of neuron’s
capacity is the maximum load that it can learn. As studied in [7], the maximum
recognition load of a tempotron can reach 3 approximately, which means that the
number of patterns the neuron can learn could roughly approach to 3 times the number
of synapses connected to it.

For our chosen neuron, a test on its load is shown in Fig.2.10. We set N;;,, = 100
and generate different number of spike patterns within a fixed time window (T =
100 ms). Each afferent fires only once and the spiking time is randomly chosen from
uniform distribution within 7. The mean number of cycles of pattern presentations
for error-free classification is shown versus the load (). Although a more robust
estimation of the load is feasible by allowing a small percentage of false alarms, the

Fig. 2.10 The mean number 800 - - - -
of iterations of pattern
presentations for error-free
classification versus neuron |
load. The patterns are 600
randomly generated within .
the fixed time window S
(100ms). The number of T 4001
synapses is 100. Data are §
averaged over 20 runs -

200 1

0

0.5 1 1.5 2 2.5
Load (o)
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rigorous condition of error-free classification is useful to testify the neuron’s ability
of classifying all assigned patterns successfully.

According to Fig.2.10, the neuron could successfully learn the patterns within
several tens of iterations if the load is not very high (below 1.5), but the number of
iterations would increase sharply when the load is over 1.5. This means that under a
higher load the neuron needs more time to learn the patterns or the learning process
could never converge.

This load test, to some extent, could guarantee the learning convergence when the
tempotron neuron is applied to our chosen recognition task. In our task, there are only
ten categories and patterns in each category share some common features. Compared
to the randomly generated patterns, the neuron’s capacity might be sufficient to learn
these real-world stimuli.

2.5.4.2 Robustness

In some cases, the external noise might change the encoded spike patterns more
or less. The tempotron rule should hold some level of robustness to tolerate the
noise. To assess the robustness of the learning rule, we trained the neuron with a
number of patterns (¢ = 1). Then we tested the performance of the neuron when
facing with jittered versions of previous learned patterns. The jittered pattern was
generated by adding a Gaussian noise to all spike times of a template pattern. The
robust performance of the neuron is shown in Fig.2.11.

According to Fig.2.11, the performance of correct recognition decreases with
increasing jitter. Within a limited jitter range (0—3 ms), the performance stays in
a relatively high level (over 0.8). This indicates the learning rule is robust to the
presence of temporal noise to some extent.

Fig. 2.11 The mean correct 1
rate of classification on
jittered spike patterns. The 0.95 ¢ 1
jittered pattern is generated
by adding Gaussian noise 097 1
with standard deviation to all 2 085l ]
spike times of a template Y
pattern 5 08} g
2
S 075 ]
(@]
0.7 t j
0.65 1
0 2 4 6 8 10

Standard Deviation (ms)
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2.5.5 Recognition Performance

The combined system is applied to recognize different patterns. To see the ability of
our system network on the recognition task, we use a small data set from the MNIST
(50 digits and 5 for each category). And we choose four neurons as the readout. We
call this readout as the fully distributed scheme with no redundancy (each neuron
codes for one bit). After several iterations of training, the network can recognize all
the patterns in this data set. Here, we take the recognition results of several digits as
an example (Fig.2.12). If the potential of the learning neuron crosses the threshold,
namely it fires, the value of this neuron is considered as 1, otherwise it is 0. In
Fig.2.12, when image “0” shows up to the network, none of the learning neurons
fire, so the result is [0000]. For image “3”, the resultis [0011], and for “9” it’s [1001].
This indicates that the tempotron rule applied in our model could recognize different
classes of images successfully.

However, using only four neurons as the readout in a binary format might be very
sensitive to changes of input images, especially considering the real-world stimuli
in which samples hold large variability in a given class and overlap with members in
different classes. If only one neuron misclassified the incoming pattern while others
correctly responded, the pattern was still wrongly classified. Researchers have found
that neighboring neurons have similar response properties. Depending on this, neural
groups are used for assembly computing [16].

Thus, we use several grouped pools as our readout. We firstly consider a distributed
code with redundancy: 4 pools of 20 neurons each. Each pool codes for one binary

Neuron 1 Neuron 2 Neuron 3 Neuron 4
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Fig. 2.12 Recognition results of digits by Tempotron learning rule. Here shows 4 learning neurons
(Neuron 1-4) and 3 images. The neuron responds to an image by firing (1) or not (0). The results
for “0”, “3” and “9” are [0000], [0011] and [1001], respectively
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feature as in Fig. 2.12. A voting system decides if the binary feature is O or 1 based on
the voting majority in this pool. Then we consider a localist scheme with redundancy,
where each pool of 20 neurons codes for only one category. For an incoming stimulus,
it is classified into a category according to the pool which has the most amount of
voting neurons fired. If two or more pools have the same maximal firing number, the
incoming stimulus is classified as unknown pattern.

These two schemes of readout with redundancy are used. For cross-validation,
we choose 500 digits (50 images for each category) as our training set and randomly
choose other 100 images from the MNIST data set as the testing set. In the training
phase, each neuron is trained with a sub-training set chosen from the training set.
This sub-training set consists of examples randomly chosen from the corresponding
category and also other categories. After training, the performance is tested on both
training set and testing set. The correct rate on the testing set is around 50% for the
distributed code with no redundancy, and is around 79% for the localist code with
redundancy. For distributed code, although the robustness for coding one bit feature
is improved comparing to single neuron code, it is still not comparable to the localist
one. This is due to that in the distributed code the final decision highly depends on
correct reaction of each pool, but in the localist code it only depends on a correct
major voting of one corresponding pool. Thus, in the localist scheme, the robustness
is not only due to the redundancy but also to the localist aspect. This localist scheme
is considered in our following experiments.

To make a comparison with the benchmark machine learning method, SVMs are
chosen to perform the classification on the CCs activation values. Since SVM also
has a binary decision behavior, we set the same classification condition on training
and testing as for tempotron. The performances of both the tempotron and SVM on
the training set and testing set are shown in Fig. 2.13. The corresponding recognition
rates are shown in Table2.1.

According to Fig.2.13, our network with the tempotron rule performs at a high
correct rate (around 93.7%) on the training set and at an acceptable correct rate
(around 79%) on the testing set, especially considering the small data set (500 images)
used for training. Comparing with SVM under the same condition of our encoding
model, the performances of spiking neurons are better than SVM for the training set
and comparable to SVM for the testing set. From a biological point of view, our system
attempts to perform robust and rapid recognition with a brain-like architecture.

Table 2.1 The classification performance of tempotron and SVM on MNIST

Tempotron rule SVM
Percentage(%) Training Testing Training Testing
Correct rate 93.67 £ 0.67 78.5 £1.85 90.24 +0.98 79.33 £2.03
Wrong rate 4.48 £0.58 18.35+1.85 6.88 £ 0.78 18.15+1.69
Unknown rate 1.86 +0.61 315+ 1.64 2.89+0.86 2.53+2.04
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Fig. 2.13 The classification performance of tempotron and SVM. The system is trained 40 times
each for tempotron and SVM. After each training time, the generalization is performed on both the
training and testing set. The averages and standard deviations are plotted

Excited

Inhibited

Fig.2.14 Average weights of the spiking neurons in the pool representing digit O and 3. Left Image
samples of digit O and 3 from MNIST are listed. Right The picture of the average weight of the
spiking neurons in corresponding group. Inhibited afferents are plotted black, while excited ones
are plotted gray-scale according to their weights
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To investigate the states of the spiking neurons in one grouped pool after learning,
a picture of the average weights is shown in Fig.2.14. According to Fig.2.14, the
grouped neurons, cooperating together, roughly grab a general and basic feature of
the learned category. Taking digit O as an example, the center weights are mostly
inhibited since these neurons are rarely activated by the incoming stimulus 0 through
our encoding model.

2.6 Discussion

Discussions on the proposed system are given as follows.

2.6.1 Encoding Benefits from Biology

Through the layers of GCs and CCs the external stimuli are sparsely represented
in the activation values of CCs units. These activation values are used to generate
spiking patterns in a time domain. It already has been shown that coding schemes
based on the firing rates are unlikely to be efficient enough for fast information
processing [14, 31]. Considering the rapid processing in the brain and billions of
neurons involved, a temporal code which uses single spikes is, in principle, capable
of carrying substantial information about the external stimuli [11] and facilitating the
computational speed. In several sensory systems, shorter latencies of spikes result
from stronger stimulation [32, 33]. In our encoding layer, the strongly activated
neurons would fire earlier, whereas the weakly activated neurons would fire later or
not at all. The chosen encoding window of the temporal patterns is on a scale of
hundreds of milliseconds, which matches the biologically experimental results as
mentioned in [34-36]. In addition, our encoding is efficient and the spiking output
is sparse as observed in biological retinas [29, 37].

2.6.2 Types of Synapses

The types of synapses are determined by the signs of their efficacies, with posi-
tive values corresponding to excitatory synapses and negative values to inhibitory
synapses. Although this model is far from biological realism, it is proved to be a
useful computational approach [9]. In the neuron model, the sign of synapse could
change by learning. The learning also works when the signs of synapses are not
allowed to change, but the capacity is reduced. For a practical usage for multiple-
class problem, changing sign is allowed in the neuron model. This can be realized
by altering the balance between excitatory and inhibitory pathways [7].
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2.6.3 Schemes of Readout

Using a binary version of readout, the network is shown to be capable to finish a
simple recognition task on a small data set. However, this kind of readout would be
very sensitive to each neuron’s performance in the readout. If only one neuron mis-
classifies the pattern while others do a correct classification, the final readout would
also be wrong since it depends on all the neurons in a binary form. Using grouped
pools could effectively compensate this. In nervous systems such as visual corti-
cal areas [38] and hippocampus [39], information is commonly expressed through
populations or clusters of cells rather than through single cell [40]. This strategy is
robust since damage to a single cell will not have a catastrophic effect on the whole
population. Through learning, neurons in the same group try to find the common fea-
tures discriminating that category, and through voting, the most active group would
be chosen. Another meaningful aspect of the readout is that there is an unknown
decision. Since some samples in one category are quite similar to other categories
(for example the digit “5” in the second row of Fig.2.7), it is reasonable to label
them as unknown rather than wrong. A further processing could be done for these
unknown samples.

2.6.4 Extension of the Network for Robust Sound
Recognition

In addition to the recognition on images, we also proposed a SNN for recognizing
sounds. The general structure remains the same, where functional parts of encoding,
learning and readout are involved. The major difference of the two systems is the
encoding part. With a proper encoding scheme for sounds, the SNN can perform the
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Fig.2.15 The proposed LSF-SNN system for sound recognition. Firstly the keypoints are detected
and the corresponding LSFs are extracted. Then, the SOM map is used to produce the output
spatiotemporal spike patterns. These patterns are then learnt by the tempotrons for recognition
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recognition well. We propose a novel approach based on the temporal coding of Local
Spectrogram Features (LSF) [41], which generates spikes that are used to train the
following neurons. The general structure for sound recognition is shown in Fig. 2.15.
Our experiments demonstrate the robust performance of this system across a variety
of noise conditions, such that it is able to outperform the conventional frame-based
baseline methods. More details can be found in [41].

2.7 Conclusion

A systematic computational model by using consistent temporal encoding, learning
and readout has been presented to explore brain-based computation especially in
the regime of pattern recognition. It is a preliminary attempt to perform rapid and
robust pattern recognition from a biological point of view. The schemes used in
this model are efficient and biologically plausible. The external stimuli are sparsely
represented after our encoding and the representations have properties of selectivity
and invariance. Through the network, the temporal learning rules can be applied to
processing real-world stimuli.
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