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CHAPTER 1 - INTRODUCTION

1.1 Background

A time sequences is a sequence of data points, consisting of consecutive measurements taken at a
time interval. The analysis of time sequences is a valuable way to extract meaningful information
and characteristics of the data and predict future values in forecasting. Therefore, analysis of time
sequences is very important as a fundamental problem, such as neural activity analysis.

One important example of time sequences that have become important in recent years is the spike
train, which is generated by biological neurons. In our brain, there are over 100 billion neurons, and
they communicate with each other using pulses by generating characteristic electrical signals called
action potentials or spikes. A spike train is a sequence of spikes or action potentials fired by a neuron
as time sequences. Although there are many research show that the information is coded in the spike
sequences in the field of neural coding, it can’t explain how spike works and the temporal structure
of spike trains. We have grade interest in how these neurons transmit information rapidly and what
relationships they have between each node (neural) in a cortical network. There is a big motivation
to understand how to analyze and decode the information expressed by spike trains in the field of
brain machine interfaces (BMI), which is to make it possible for the communication between the
brain and machines.

In order to analyze spike trains, we propose the use of kernel methods, which can be for various
tasks in machine learning, including regression, clustering and dimension reduction. Estimating the
population activity patterns between two or more spike trains is a fundamental problem and the use
of kernel methods provide an opportunity for building a framework deal with these problems by
using spike train metric. In this paper, we use the memoryless cross intensity kernel (mCI kernel) to

analyze spike trains, which introduced in chapter 4.

1.2 General Motivation
We not only want to know information contents of neural signal systems, but also want to find the
structure of neural networks. It is therefore important to estimate the strength of connectivity
between nodes in such a network. Such a method can also be used for other networks where events
occur at each node, dependent on events occurring at other nodes. Some of the examples include
events on a social network, spreading of an epidemic, and physiological pathways.

In order to approach this problem, this paper focuses on the spike timing information and then use

the spike sequences alone to estimate the synaptic weights of the network. Specifically, we suggest



kernel methods for multichannel spike trains that can provide an opportunity to measure spike trains.
First we use the coupled escape rate model (CERM) to simulate multichannel spike trains data and
propose a distance to prove the effectivity of the result. Then we extend the CERM to a network and
predict the strength of connectivity of the network. Specifically, we apply the kernel ridge regression,
where a positive definite kernel is calculated by convolving the spike trains and a smoothing
function. We then discuss how the result is affected by the number of neurons and the connectivity
of the network.

The proposed method can be used for analyzing networks other than biological neural networks.
Possible applications include predicting purchasing behaviors of consumers connected by a social

network or modeling the spread of an epidemic.

1.3 Outline

The remainder of this paper is organized as follows. In Chapter 2, we will describe related work
about spike train kernels and the synaptic connectivity. In Chapter 3 and Chapter 4 we will introduce
the simulation model for multichannel spike train, describe the memoryless cross intensity kernel for
multichannel spike train model and how to use the kernel ridge regression to estimate the strength of
connectivity. And then, various experiments were used to evaluate the result in Chapter 5. Finally,

we will give the conclusion in Chapter 6.



CHAPTER 2 - RELATED WORKS

2.1 Connectivity estimation

Much work has been done in estimating the synaptic connectivity in cortical networks because of the
lack of tools to measure the connectivity directly. Granger causality is one of the most popular used
methods to estimate the connectivity in a network [1]. Quinn et al. proposed the directed information
(an information and control theoretic concept) to deduce the connectivity between neurons through
the simulated data and real data [2]. Okatan et al. used a likelihood method to infer the pair-wise
interactions among neurons [3]. Knowlton et al. used standardized voltage and synaptic gating

variable waveforms to estimate the functional architecture of a small neural network [4].

2.2 Similarity measure for spike trains
In order to estimate the connectivity of the network, we need to use a similarity measure for spike
trains at each node. Defining a distance between spike trains in a spike metric space is a most
commonly used for measuring the similarity between spike trains. Various distances have been
proposed including the Victor-Purpura distance [5], van Rossum distance [6], ISI (inter spike
interval) distance [7] and spike distance [8].

Although distances are more common in measuring similarity, another approach is to use a
positive definite kernel with an inner product [9]. The advantage of using kernels is that it enables
the use of various machine learning methods to spike trains [8], including support vector machine

(SVM), kernel principal component analysis, and kernel ridge regression [10].

2.3 Spike trains kernels

In the previous section we discussed the advantage of the kernel methods. Here we introduce various
spike train kernels have been proposed. Shpigelman et al. defined the Spikernel, which is tied to time
bins and worked well in the field of brain machine interface (BMI) [11]. Schrauwen and Van
Campenhout proposed using the Laplacian kernel and the Gaussian kernel to analysis the spike
trains [12]. Park et al. introduced the strictly positive definite kernels on the space of spike trains
through kernel principal component analysis and hypothesis testing [13]. Li et al. defined a
tensor-product kernel framework to analysis the multiscale activities in neural decoding [14] and the
kernel least mean square on the space of spike trains [15]. Paiva et al proposed the memoryless cross
intensity kernel (mCI kernel) and the nonlinear cross intensity kernel (nCI kernel) to convolute the

spike trains [9, 16, 17]. The aim of this paper is to extend the mCI kernel to multichannel spike



trains.

2.4 Other spike train metrics

There are various other proposals to define metrics on spike trains. Johnson et al. defined an
information-theoretic distance on spike trains to compute the responses in neural coding [18]. Kreuz
et al. proposed the ISI (inter-spike interval) metric by evaluating the ratio of the instantaneous firing
rates and the SPIKE metric that takes the fundamental advantages of the ISI-distance [5, 6, 19]. Rusu
and Florian proposed the modulus metric and the max metric to measure distances from each time
point to the spike trains [20]. Compared to these metrics, the advantage of our kernel based approach
is that it enables to use various tools from machine learning by extending linear optimization

techniques to non-linear relationships in a natural way.



CHAPTER 3 - SIMULATION MODEL FOR SPIKE TRAINS

3.1 Coupled escape rate model for two neurons

It is well known that the firing rate is changed over time in neural code experiments. We use
inhomogeneous Poisson process to simulate spike trains. We also use the coupled escape rate model
(CERM) [21] to model interactions among neurons. It takes many parameters from a realistic
network model.

Here we considered a case in which there are two neurons a, b with synaptic coupling. The coupled

escape rate model is defined as follows.

Aq(t) = exp [uq + agxq(t) + Jap(t)San(t) ] (D
Ap(t) = exp [up + apxp(t) + Jpa(t)Spa(t) ] )
TEE T NS (- tar) )
%:_il_:-l_zkd(t_tb,k) (4)

Ai(t) is the instantaneous firing rate of neuron i, most parameters are indicated in Figure 1. tj) is the
k-th spike time of neuron i, and §(t) is the Dirac delta function. Both the time constants 1, and T

were 10 ms. (3) and (4) were calculated with a time step of 1 ms.

. . e
synaptic connection u
N b
n
P Jab
'Iba
a, : a spike history ay : a spike history
parameter. parameter.
x,(t) : waveform of a spike x,(t) : waveform of a spike
after potential. after potential.
s,p(t): waveform of a post- Spa(t): waveform of a post-
synaptic potential from synaptic potential from
neuronb to a neuronatob

Figure 1 CERM model parameters: {Uap, a4, Jab.pas Xap(t), Sabpa(t) }-



3.2 Network simulation

In this part, we extend the couple escape rate model to multi-neurons in a network because the
CERM has a good property that it can imitate a wide variety of behaviors observed in real neural
networks. The goal of our method is to estimate the strength of connectivity between neurons using
spike trains only.

The coupled escape rate model is defined as follows.

Ai(t) = exp [u; + apxi(t) +X;]i(t)si(t) ] 6))

Ai(t) is the instantaneous firing rate of neuron i, which is determined by its past event times and
influences from other neurons. Jjjis the strength of the synaptic connection from neuron j to i. oy
represents a spike history function of neuron i, and s;;(t) is the effect from neuron j to i inducing or

suppressing the forthcoming events. x; and s;; are determined by the following equations:

dx; i
Pl KTt ) ©®
dSi' Sij
dt] = — T_s] + Zk6 (t— tj,k) (7)

tix is the k-th spike time of neuron i, and & is the Dirac delta function. Both the time constants t,, and

T, are set to 10 ms. (6) and (7) were calculated with a time step of 1 ms.



CHAPTER 4 - METHOD

4.1 Memoryless cross intensity kernel
There are many studies in the literature to use inner products to solve general machine learning
problems. Here we use two spike train metrics to define inner products on functional representations
of spike trains [9, 16, 17].

Consider two spike trains, X, y, X=(X1, X2, ... , Xi), Y=(Y1, ¥2, --. » ¥j), With i, j € N, and represent the
spike train as a sum of Dirac delta functions x(t) = Y; 6(t — t;), then define the intensity function

by convolving the spike train and a smoothing function h:

A =Xih(t—t) (8
Here, t; is the timing of the ith spike. The inner product can be defined as

k(xy) = [ DAy (D) dt 9

This is the memoryless cross intensity kernel (mCI kernel) proposed by Paiva, Park and Principe [16,
17]. Our aim in this paper is to extend the mCI kernel to multichannel spike trains. In our
experiments, we used a Gaussian function for smoothing function h, which is a very common choice

in the analysis of spike trains.

4.2 Multichannel spike train kernel
Our aim in this paper is to apply kernel ridge regression to multichannel spike trains, and evaluate it
using simulated data.

Consider a case where there is a pair of multichannel spike train metrics m(i), n?. Let m(i)=( ml(i),
()

mz(i),... md(i)) and n(j)=( nl(j), n,",... nd(j)) where each md(i) and nd(j) indicates a spike train and i, j € N.

Here, m" will be called a component of m.
The most general way to define a kernel is to use a multichannel spike train metrics between m"

and nY without imposing any structure [22, 23]. A kernel on multichannel spike trains can be

expressed as k (m, n), here we can define the kernel on a pair of their components m" and n¥ as

k(m® n®) =¥, ., P,k(my,n) (10)



where P is a coefficient matrix representing interchangeability or collaborative coding among spike
trains [14]. When no prior information regarding the connectivity is provided, matrix P is set to Py
=p and Pjj =q for i #j.

The kernel for multichannel spike trains can be written as

k(m®,n®) k(m®,7@) o k(m®, n™)
G my = | KO k(@) k(o n) 0
k(m®,n®) k(m®, 2@y oo ke(m®, n®)

4.3 Kernel ridge regression

Kernel ridge regression is a non-linear extension of linear regression. One important benefit of
kernel ridge regression is that it can be used for non-vector data. Once a similarity measure between
data elements are defined in terms of a positive definite kernel, regression can be conducted in an
implicit inner product space. This space is called a reproducing kernel Hilbert space.

M

Let X=[x(l),... x(“)]T be independent variables and y=[y" ... y(n)]T be independent variables, where n

is the number of samples. Linear regression can be expressed as follows,

y =XwT (12)

where w is the weight vector and x(i)=( xl(i), xz(i),... xd(i)).

The solution for w is obtained by the normal equation, namely

w = (XTX)"XTy (13)

Alternatively, we consider the case where parameter w is expressed as w = a'X, so (12) can be
rewritten as y = XXTa. Such representation is possible in the case of linear regression, due to the

representer theorem [24]. Therefore, a can be computed as

a=XxDH 1ty (14)

This solution is viable only if the inverse of X"X exists. This is not always true. To overcome this

problem, a regularization parameter p is introduced [25],



a=XTX+pD)ly (15)

=(K+pD) 'y

where p>0 is a scalar and I is the D dimensional identity matrix. K = XXT is called the kernel
matrix. All of the entries of K are inner products of the independent variables. This formulation
indicates that we just need to know the inner products between data, which makes the computation
much easier. In addition, it indicates that regression can be conducted on non-vector data such as
multichannel spike trains.

To predict a new synaptic connection between neurons, the similarity measures between
multichannel spike trains are defined. The prediction of the dependent variable for test data

(multichannel spike train) x’ can be obtained by

y' = wTx = ¥Najk(x;,x") (16)



CHAPTER 5 - EVALUATION

In this section, we used the couple rate model for two neurons and for a network to simulate the

spike trains and estimated by a distance and kernel methods.

5.1 Evaluation for a distance
5.1.1 Simulation data
We used the coupled escape rate model defined in the previous section. There are two neurons used
in the simulation that produce Poisson spike trains with time-varying firing rates.

Most of the parameters were summarized in Table 1. The data had been classified into ten
conditions by changing u;=[1.4: 0.2: 3.2]. For each condition, 20 trials were carried out. The time

step is set to 1 ms and each trial lasted for 500ms. Our simulation model was run using MATLAB.

Table 1 Summary of parameters used in our simulation model.

a, @ -0.6,-0.9

Jio, Jn -0.5,-0.4

uy [1.4:0.2:3.2]
up 1.7

x1(1), x5(1) 0,0

si2(1), s21(1) 0,0

With the same stimuli, the neuron will get different respond which one maybe has subtle differences.
During each condition, we just change the external input to neuron 1, and get 200 times spike trains
data in total. So when u;= 1.4, we can get 20 times spike trains as t=(t1, tz, t3, s tzo), the same to
when u;= 1.6, another 20 times spike trains as s=(s1, sz, s3, . szo) and so on.

As the result of the simulation model, in Figure 1 we compute the average firing rate of
multichannel spike trains.

Since we get multichannel spike trains t and s using the coupled escape rate model, we should
evaluate them by changing it to a distance. This is because a distance is usually used as a basis for

classification, regression and other means of analyzing data.

10
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Figure 1. When changing u;=[1.4: 0.2: 3.2], we will get ten conditions with each condition carried out for 20 times.

We can see a subtle difference for each condition by using the average firing rate of multichannel spike trains.
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Figure 2. We calculate the norm distance for ten times, one is for the base condition Dycy(ty1,tu1), and others are

between the base condition and each other condition Dy,¢ci(ty),tuy), X = 2,3, ... ,10.

The norm distance is a commonly used distance obtained from a kernel [5]. The norm distance

between two spike trains is defined as follows.
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d(t,s) = k(t,t) — 2k(t,s) + ks, s) am

As this experiment has proposed for ten conditions. In order to see the obvious difference, we set u;
_ 1203 20 s o 1 2 3 20
=1.4,t=(t,t,t,..,t"), as the base condition to compare to other conditions, s=(s ', s*, s”, ... , s*).
From Figure 2, we can see a result that the distance of D¢ 9 times is larger than the distance of Dy,.
This means that with the same u;, the distance between spike trains (ti, tj) is small and with the

different u,, the distance between spike trains (ti, tj) is much smaller than the distance between spike

trains (t, ).

5.1.2 Comparison with other parameters
Since we get the result by changing the parameter of u;, it’s necessary to prove this conclusion in the
other way. So we do the same experiment with changing the parameter of J;, and a;.

In the evaluation with a; =[-0.6: 0.05: -0.15], we used their original parameter settings which
obtained u; =1.4. The result is showed in Figure 3 and Figure 4. AS there is a big change with the

average firing rate, the difference of the norm distance is large.

0.9 F i 4

0.8 F B

=
-
T
1

Average )\1

o
o
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05 F i l B

-0.6 -0.55 -0.5 -0.45 -0.I4 -0.I35 -0.I3 -0.I25 -0.2 -0.15 -0.1
a,=(-0.6:0.05:-0.15]

Figure 3. When changing a,=[-0.6: 0.05: -0.15], the average firing rate of multichannel spike trains.
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Figure 4. We consider a; = -0.6 as the base condition and calculate the norm distance for ten times.

For the condition of J;; =[-0.5: 0.05: -0.05], we also can the same result from Figure 5 and Figure 6.
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Figure 5. When changing J;,=[-0.5: 0.05: -0.05], the average firing rate of multichannel spike trains.
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Figure 6. We consider J;; = -0.5 as the base condition and calculate the norm distance for ten times.

5.2 Evaluation for network

As the coupled escape rate model worked well in the previous section, we extend the CERM to a
network and predict the strength of connectivity of the network. We assume that the parameters of
the network simulated by CERM are known. So we can focus on the spike timing information alone
to estimate the synaptic weights of the network. The number of neurons in the network was set to 10.
The strength of the synaptic connection J can be both positive and negative, representing excitatory
and inhibitory connections, respectively. In this paper, we aimed at estimating the strength of
connection for a single pair of neurons, represented by Ji,. Other synaptic connections J;; are
sampled randomly from the uniform distribution on [0, 1]. The training data is generated for 10
conditions by setting the value of Jj, in [-5: 1.5: 8.5]. For each condition, 32 trials were carried out,
which means the size of the kernel matrix for training data was 320 by 320. The test data of J;, also
had been classified into 10 conditions by changing the value of J;; in [-2: 1: 7]. For each condition,
100 trials were carried out.

We conducted 3 types of experiments to evaluate the proposed method. Specifically, we compared
the correct strength of connectivity J;, with the estimated strength of connectivity. In all of the box
plot figures, the blue box is the estimated strength of connectivity, and the block circle is the correct
strength of connectivity. The common parameters are set toa; = 0.1, u; = -9, xi(1) = 0, s;j(1) =0, the
regularization parameter p = 1, and the Gaussian parameter 6= 5. The time step is set to 1 ms and

each trial lasted for 500 ms. All the computation was run using MATLAB.

14



Figure 7 is a raster plot indicating an example of multichannel spike trains generated by CERM.
Each dot represents an occurrence of a spike. One can see it is a very demanding task to estimate
how the neurons are connected to each other just by looking at these spike trains. What we want to
propose in this paper is a method of uncovering the relationships among neurons based solely on

such multichannel spike train data.

neuron ID

0 © 00 © 00 00 © © © © © © 0 © 9 0° o 00O o000
® © O OO0 OO0 000 00 © 0 © © 00 O 00 9O © O 0O

® o0 O ® o ®e e [ J [ J [ J [ J ® o @

o . . . . . . . . .
0 50 100 150 200 250 300 350 400 450 500
time (ms)

Figure 7. Example multichannel spike train generated by CERM neuron

Experiment 1: The coefficient matrix P for training data was changed. We set the number of
neurons N = 10, p = 1, q taken from [-1, -0.5, 0, 0.5, 1], and for each condition and trail, the other
synaptic connection J was unchanged. From Figure 8, we can see a result that the curve fits the best
when q = 1. This indicates that there is a collaborative coding among neurons.

In Figure 9, we compare the results when the strength of connectivity for other pairs of neurons

was changed. The result is similar to that of Figure 2.

15
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Experiment 2: The number of neurons N in the network was changed. As indicated in Figure 8 and
Figure 9, the best result was obtained when q = 1. We therefore set p =1, q =1, J;; = 3, and tested
for N taken from [2, 4, 10, 15, 20, 25, 30]. Figure 10 indicates the result. When the number of
neurons increases, the behavior of the network becomes more complicated, and it becomes more
difficult to estimate the strength of connectivity using a pair of spike trains alone. In such a case, we

are considering to use spike trains observed at other neurons as well.

o

1|
%
1.
©
0]

0
T

strength of connectivity

-6} - i

L I I 1 1
2 4 10 15 20 25 30

number of neurons N

Figure 10. When the number of neurons N was changed, the result for the correct strength of

connectivity and estimated strength of connectivity

Experiment 3: The error of estimation was compared as the total number of training samples M was
changed. We set p = 1, q = 1, the number of neurons N to 10, and M taken from [40, 80, 160, 320,
640]. We evaluated the error using the root mean squared error (RMSE). Figure 11 indicates that the

error will becomes smaller as the sample size increases.

18
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Figure 11. RMSE (root mean squared error) of estimating the strength of connectivity as the

total number of training samples M was changed.



CHAPTER 6 - CONCLUSION

In this paper, we used a distance and kernel methods to analyze multichannel spike trains. We also
proposed to use kernel ridge regression on multichannel spike trains as a way to estimate the
strength of connectivity in a network when only the knowledge of the spike trains at each neuron is
given. We tested our method using different parameters, and indicated that it can be effectively used
for estimating the connectivity strength.

In future work, we plan to extend this method to estimate the directions of the connectivity. We
also plan to use other simulation models as well, which will make simulated data more similar to
that obtained from biological neural networks. Finally, we are planning to apply our method on real
data as well, and evaluate how accurately it can estimate actual connections between neurons in a

biological neural network.
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