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ABSTRACT

Thé detection and classification of the neural spike activity is an indispensable
step in the analysis of extracellular signéll recording. We introduce a spike sorting
system based on the Gaussian Mixture Model (GMM) and show that it can be
implemented in Field Programmable Gate Arrays (FPGA). The Expectation
Maximization (EM) algorithm is used to estimate the parameters of the GMM. In
order to handle the high dimensional 'inputs in our application, a log version of the
EM algorithm was implemented. Since the training process of the EM algorithm is
very computationally intensive and runs slowly on Personal Computers (PC) and even
on parallel DSPs, we mapped the EM algorithm to a Field Programmable Gate Array
(FPGA). 1t trained the models without a significant degradation of the model integrity
when using 18 bit and 30 bit fixed point data. The FPGA implementation using a
Xilinx Virtex II 3000 was 16.4 times faster than a 3.2- GHz Pentium 4. It was 42.5
times faster than a parallel floating point DSP implementation using 4 SHARC 21160

DSPs.




CHAPTER 1

INTRODUCTION

What is Neural Spike Sorting?

Most neurons communicate with each other by means of short local
perturbations in the electrical potential across the cell membrane, called action
potentials or spikes [1]. By using extracellular glass pipettes, single etched (sharp)
electrodes, or multiple-site probes, scientists have been able to record the electrical
activity of neurons as they transmit and process information in the nervous systeﬁl. It
is widely accepted that information is coded in the firing frequency or firing time of
action potentials [2,3]. It is further believed that information is also coded in the joint
activities of large neural ensembles [4]. Therefore, to understand how a neural system
transmits and processes information, it is critical to simultaneously record from a
population of neuronal activity as well as to efficiently isolate action potentials arising
from individual neurons.

Single nerve cell recording is possible by using intracellular electrodes. Glass
pipettes and high-impedance sharp electrodes are used to penetrate a particular nerve
cell and monitor the electrical activities directly. This has been used to understand the
mechanism of action potentials and many other neuronal phenomena [5,6]. How/ever,
these electrodes are not practical in multi-neuron reéording. For intact free-moving
animals, a small movement of the intracellular electrodes will easily damage the nerve
cell tissue. Furthermore, it is very difficult to.isolate a large number of neurons in a

small local region. In awake animals, the isolation sometimes lasts for a very short
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especially in the low SNR situations. A new approach, in which a noise model is first
generated and then the distance from this noise model is computed to identify spikes
[7] is used to obtaiil the spikes for this paper. However, even in this approach a
threshold must be chosen. |

Once the data has been collected, features must be extracted to be used in
classification: The features can be simple user-defined features such as peak spike
amplitude, spike width, slope of initial rise, etc. Another widely used method for
feature extraction is Principle Components Analysis (PCA) [11]. PCA is used to find
an ordered set of orthogonal basis vectors that can capture the directions in the data of
largest variation. The first K principal components will describe the most variation of
the data and can be used as features to classify the spikes. Wavelet decomposition has
also been used to define spike features in a combined time-frequency domain. Under
high background noise, another linear transforming method based on entropy
maximization has been reported to generate good features for classification [12].

People use extracted features instead of the full sampled waveform because of
the “Curs;e of Dimensionality”, which means the computational costs and the amount
of training data needed grow exponentially wifh the dimension of the problem. In high
dimensional space, more data will be needed to estimate the model densities. Hence,
with limited computational ability and training data, high dimensional problems are
practically ﬁnpossible t(; solve, especially in regards to statistical modeling. A
person’s inagility to view high dimensional data is another reason to decrease the data

dimension to two or three for manual clustering.




In this paper, we present a log version of the Expectation Maximization (EM)
algorithm which solves the numerical problem arising from the high dimensional
input based on the Gaussian Mixture Model. In this case, we can-use the full sampled
spike waveforms which preserve all the information of the neural spikes, as the
classifier input.

The last stage is the clustering .Of spikes. In this stage, spikes with similar
features are grouped into clusters. Each cluster represents the spikes that arise from a
single neuron. In most laboratories, this stage is done manually with the help of
visualization software. All the spikes are plotted in some feature space; and the user
simply draws ellipses or polygons around sets of data which assigns data to each
cluster. This process is extremely time-consuming and is affected by human bias and
inconsistencies.

The development of microtechnology enables multi-tip electrode recording, such
as strereotrode {13] or tetrode [14] recording . By adding spatial information of action
potentials, multi-electrode recording can improve the accuracy of spike sorting [15].
Obviously, the amount of data taken from multi-channel recording can be too
overwhelming to deal with manually. To solve this problem, some type of automated
clustering method is required. During the past three decades, various‘ unsupervised
classification methods have been applied to the spike sorting issue. The applications
of general unsupervised clustering methods such as K-means, fuzzy C-means, and
neural network based classification schemes have achiéved some success. Methods
such as Template Matching and Independent Component Analysis have also been

used. A complete review can be seen in [16].




In most cases, the classification is done off-line. There are two reasons: 1. Most
clustering methods need user involvement. 2. Most automated clustering methods are
very computational intensive and general hardware, such as personal computers or
work stations, can’t meet the real-time requirement of the data streams. However,
online spike sorting is needed for many applications of computational neuroscience
[8]. Implementing a classification method on high-speed hardware will reduce the
training tiﬁe needed to develop sophisticated models, which will allow more time to
be devoted to data collection. This is important in electrophysiology where limited
recording times are the norm.

We implement a Gaussian Mixture Model based spike sorting system on both a
DSP system and a Field Programmable Gate Array (FPGA) platform. The FPGA
implementation speeds up the system dramatically which will éllow an online spike

sorting system to be implemenated.

Gaussian Mixture Model

If we view the measured spike signal as the combination of the original action
potentials with the addition of random background noise, we can use a statistical
process to model the spike signal generating process. Clustering can then be viewed
as a model of the statistical distribution of the observed data. The whole data set can
then be modeled with a mixture model with each cluster being a multivariate
Gaussian distribution.

Gaussian mixture models have been found very useful in many signal processing
applications, such as image processing, speech signal processing and pattern

recognition [17,18]. For the spike sorting problem, a number of studies, based on the




| Gaussian Mixture Model, have also .been_ tried to provide statistically plausible,
complete solutions. These studies have shown that better performance can be obtained
by using a GMM than other general clustering methods, such as K-means [19], fuzzy
c-means [20] and neural-network b;'J.SGd unsupervised classification schemes [21].
With some modifications, the GMM based approaches also show promise in solving
the overlap and bursting problems of spike sorting [22].

The Expectation Maximization (EM) algorithm is normally used to estimate the
parameters of a Gaussian Mixture Model. EM is an iterative algorithm which updates
mean vectors and covariance matrices of each cluster on each stage. The algorithm is
very computational intensive and runs siowly on PCs or workstations.

In this paper, we present a log version of the EM aigorithm which can handle
high dimensional inputs. We also implement this revised EM algorithm on three
different platforms, which include the PC, Parallel DSP and FPGA platforms. By
comparing the different implementations, we found that, in terms of speed, the FPGA

implementation gives the best performance.

QOverview of the Thesis

The thesis will mainly focus on the following three points: the Gaussian Mixture
Model, the Expectation Maximum algorithm, and the hardware implementation of the
EM algorithm. Chapter 2 introduces the Gaussian Mixture Model and how to use the
EM algorithm to estimate the mixture parameters. In Chapter 3, a log version of the
EM algorithm and its performance on a PC is presented. The details of the
implementation of the EM algorithm on a parallel DSP system are described in

Chapter 4. Chapter 5 describes the parallel implementation of the EM algorithm on a
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Xilinx Virtex IT FPGA and compares the performance of FPGA with the previous
implementations. Finally, Chapter 6 summarizes the work of this thesis and suggests

possible future research directions.




CHAPTER 2
THE GAUSSIAN MIXTURE MODEL AND THE EM ALGORITHM

Introduction

This chapter introduces the Gaussian Mixture Model (GMM) and a maximum
likelihood procedure,’called the Expectation Maximization (EM) algorithm, which is
used to estimate the GMM parameters. The discussion in this chapter will focus on
the motivation, advantage and limitation of using this statistical approach. Several
considerations for implementing the EM algorithm on actual hardware will be
discussed at the end ‘o'f this chapter.

The chapter is organized as follows: Section 2.2 serves to describe the form of
the GMM and the motivations to use the GMM in clustering the action potentials
from different neurons. In section 2.2, first a description of the Gaussian Mixture
Model is presented. Then several assumptions and limitations of using the GMM in
spike sorting are discussed. Section 2.3 introduces the clustering of the action
potentials based on ‘Bayesian decision boundaries. Finially, the EM algorithm and

derivation of the GMM parameters estimation procedure are presented.

Mixture Model for Spike Sorting

The Gaussian Mixture Model (GMM)

A Gaussian mixture density is a weighted sum of a number of component
densities. The Gaussian Mixture Model has the ability to form smooth approximations

to arbitrarily shaped densities. Figure 2-1 shows a one-dimensional example of the
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mixture weights. Each component density is a D-variant Gaussian function given by’

Eq. 2-2,

)" 57 )

p(x]0)= Eq.2-2

1
—————¢
(27[)R/2 I Zl |1/2
where y; is the mean vector and ¥; is the covariance matrix of each individual

Gaussian model o,.

M
The mixture weights o; satisfy the constraint that Za, =1 (¢, 20), which
. =1

ensures the mixture is a true probability density function. The ¢, ’s can be VieWed as
the probability of each component.

In spike sorting, action potentials generated by each neuron are represented by
each component in a Gaussian Mixture Model. Détails about using GMM:s to model

the spike sorting process will be described in the next section.

GMMs for spike sorting

Since action potentials are observed with no labeling from neurons they arise
from, spike generating can be considered to be a hidden process. To see how the
hidden process leads itself to modeling the spike waveforms, consider the generative

process in Figure 2-2.
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class in which the acﬁon potential is generated from. To do this, the first step is to
estimate all the parameters, including all the priors’ probabilities {a;} together with
the means and covariance of each Gaussian component. Maximum likelihood (ML)
parameter estimation is the method we will use to find these parameters with a set of
training data. It is based on finding the model parameters that are most likely to
produce the set of observed samples. The maximum likelihood GMM parameter
estimates can be found via an iterative parameter estimation procedure, namely the
Expectation Maximization (EM) algorithm. EM algorithms have been widely used in
estimating theh parameters of a stochastic process from a set of observed samples.
Details about ML and EM algorithm will be discussed in the next section.

After estimation of the model parameters, classification is perfolrmed by the

Bayesian decision rule. The probability that each observation ( x ) belongs to a

particular classe (0,) is calculated by using Bayes’ rule (Eq. 2-3),

20| = p(x|0)p(0) Bq.23
i M *

> p(x|0)p(o,)

k=1

Each individual density p(o,|x) is determined by the means and covariance of
each component density using Eq. 2-2. The prior probability p(o;,) is identical to the

weights ¢; in Eq. 2-1.
Since the cluster membership is probabilistic, the cluster boundaries can be
computed as a functionhof a confidence level. The spikes that don’t fall into any

clusters will be considered as noise, or overlapping spikes that can be dealt with later.
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it is possible to quantify the certainty of the classification. By using Bayesian
probability theory, the probability of both the spike form and number of spike shapes
can be quantified. This is used in spike sorting because it allows experimenters to
make decisions about the isolation of spikes. Also by monitoring the classification
probabilities, experimenters will be able to tell possible changes in experiment
conditions. For example, a drop in probability may indicate electrode drift or a rise in
noise levéls.

In spite of the advantages of the GMM approach, there are several inherent
limitations of this statistical model for spike sorting. The Gaussian mixture model
makes the assumption that the noise process is Gaussian and invariant. These two
cases are not necessarily true in spike sorting. For example, with the presence of
burst-firing and overlap spikes, the noise may show larger variation at the tails.
Another assumption made is that all neurons fire independently and all the noisé is
uncorrelated. It is likely that in a local area, neurons have some correlation to each
other. We could use a more complete statistic approach which includes the correlation
between neurons to model the spike generating process [24]. However, this is outside

of the scope of this thesis.

Maximum likelihood and the Expectation Maximization Algorithm

This section describes an unsupervised maximum likelihood procedure for
estimating the parameters of a Gaussian mixture density from a set of unlabeled
observations. A maximum likelihood parameter estimation procedure is developed for
the GMM. First, a brief discussion of maximum likelihood estimation and the use of

the EM algorithm for GMM parameter estimation is given. This is followed by the
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derivation of the mixture weight, mean, and variance estimation equations. Finally, a

brief discussion of the complete iterative estimation procedure is given.

- Maximum Likelihood Estimation

Maximum likelihood parameter estimation is a general and powerful method for
estimating the parameters of a stochastic process from a set of observed samples. We

have a density function p(x|O) that is governed by the' set of parameters
O={a,u,2}. We also have a data set of size N, supposedly drawn from this
distribution, ie. X ={x,X,,%;,...,xy} . We assume that these data vectors are
independent and identically distributed (i.i.d.) with distribution p(x|O). Therefore,

the resulting probability for all the samples is

N
p(X[0)=I1p@[0)=£(O]X) Eq.2-4
This function '(O|X) is called the likelihood of the parameters given the data,

or the likelihood function. The likelihood is treated as a function of the parameters O
where the data X is fixed. For maximum likelihood parameters estimation, our goal is

to find the O that maximizes (0| X). That is, we wish to find O* where
0" =argmax £ (0| X) Eq. 2-5
o}

If p(x|0) is simply a single Gaussian distribution and O =(x,0°). Then we
can set the derivative of the ¢ function to zero and solve the likelihood Eq. 2-6

directly for 4 and o?.

dp(X 10)
=0 Eq. 2-6
20 !
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However, in our case using the GMM p(x|O) is a weighted sum of several

single Gaussian distributions. Attempting to solve Eq. 2-6 directly for the GMM

parameters, O ={a, 4,2}, i = 1,...,M, does not yield a closed form solution [25].

Thus we must resort to more elaborate techniques.

The Expectation-Maximization (EM) algorithm

The rﬁaximum likelihood GMM parameters estimates can be found via an
iterative parameter - estimation procedure, which is called the Expectation-
Maximization (EM) algorithm [25]. The EM ﬁlgorithm is a general method of finding
the maximum-likelihood estimate of the parameters of an underlying distribution from
a given data set when the data is incomplete or has missing values. There are two
main applications of the EM algorithm. The first use of the EM algorithm occurs
when the data indeed has missing values. The sécond application occurs when
optimizing the likelihood function becomes analytically intractable. This latter
application is used for the GMM case where the analytical solution for the likelihood
equation can not be found.

The idea behind the second application of the EM algorithm is to simplify the

likelihood function ¢ by assuming the existence of additional but hidden parameters.

We assume that data X is observed and is generated by some distribution. We also
assume that there is another hidden data set ¥, which will be defined in section 2.3.3.
We call Z = {X,Y} the complete data set. The density function for the éomplete data

set is:

p(Z|0)=p(X,Y|0)=p(¥Y | X,0)p(X |0) Eq.2-7
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With this new density function, we can define a new likelihood function,

§©0[2)={(O[|X,Y)=p(X,Y|0) Eq. 2-8
which is called the complete-data likelihood. Note that since ¥ is a hidden variable
that is unknown and presumably governed by an underlying distribution, the
likelihood fuﬁction is also a random variable. The EM algorithm first finds the

- expected value of the complete-data log-likelihood with respect to the unknown data

Y given the observed data X and the current parameter estimates. That is, we define:

Q(0|0%) = Ellog p(X, Y| 0)| X, 0¢] Eq.2-9
where Q(O|Og) is the expected value of the log-likelihood with respect to the
unknown data Y, Of are the current parameters estimates and O are the new

parameters that we optimize to increase .Q. Note that in this equation, X and O¢ are
constants, and O is a normal variable that we wish to adjust. The evaluation of this
expectation is called the E-step of the EM algorithm. The second step is the M step.

This step is to maximize the expectation we computed in the first step. That is we find:
O# =argmax £(0,0%) Eq.2-10
o

These two steps are repeated as often as necessary. The maximum likelihood
parameters estimates have some desirable properties such as asymptotic consistency
and efficiency [26]. This means that, given a large enough sample of training data, the
model estimates will converge to the true model parameters with probability one. So each
step of iteration in EM algorithm is guaranteed to increase the log-likelihood and the

algorithm is guaranteed to converge to a local maximum of the likelihood function [26].
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Expectation Maximization for the Gaussian Mixture Model

In the spike sorting case, the GMM model consists of M classes, each class

represents a neuron that has been recorded. Let X ={x, x,, x;,,..., x, } be the sequence of

observation vectors, i.e. the measured waveforms. In this case, we assume the following

probabilistic model:
M ‘
p(x|0)=>ap(x|0) Eq. 2-11
=1

. ,
where the parameters are O ={¢,,,,...Q,,0,,0,,...,0,,} such that Za', =1 and each
I=1

0, is a single Gaussian density function. Then the log-likelihood expression for this

density from the data set X ={x,,x,,x,,...,X;} is given by:

N N M
log({ (O] XN =log[ [ p(x|0) =Y 1og(> , p(x, | 0))) Eq.2-12
i=1 i=l 1=1

which is difficult to optimize because it contains the log summation. Now, we introduce a

new set of data Y. Y is a sequence of data Y ={y,,¥,, ¥3,..., ¥y} whose values inform us
which neuron generated the observation vector x;. This variable Y is considered to be a

hidden variable. If we assume that we know the values of ¥, the likelihood becomes
N N
log(¢ (01X, 1)) = 2 10g(P(x 0,)P(3)) = L log(er p, (5 10,)) B 213
Since the values of Y are unknown to us, we don’t actually know which neuron
generated each spike. However, if vs./e assume Y is a random vector which follows a
known distribution, we can still proceed.

The problem now is to find the distribution of the hidden variable Y. First we guess

that parameters O° are appropriate for the likelihood £'(0?). Given O%, we can easily
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compute p, (x| O%) for each data vector x; for each component density y,. In addition,
the mixing parameters, ¢; can be thought of as prior probabilities of each mixture

component, that is &; = p(0,) . Therefore, using Bayes’s rule, we can compute:

X, 0
p(y; | x,0%)= %, Py O5 | Eq.2-14
za’;pn (x‘ |0§)
Ji=
N
p(YIX,Og)=Hp(yilxi,Og) Eq. 2-15

i1

Here we assume that each neuron fires independently from each other. Now we
have obtained the desired marginal density by assuming the existence of the hidden
variables and making a guess at the initial parameters of their distribution. We can
now start the E step in the EM algorithm and using this marginal density function to
calculate the expected value of the log-likelihood of the whole data. The expected
value is found to be (The derivation can found in Appendix A):

0(0,08%) = ZZIog(oz,)p(llx,,og>+ZZIog<p,<xIo,»p(llx O%) Eq.2-16

=1 i=1 i=l i=1
With the expression for the expected value of the likelihood and we can go to the

next M step to maximize this expected likelihood with respect to the
parameters O ={e;, 14,,2,} . We can maximize the term containing ¢, and the term
containing 0, independently since they are not reiated.

To find the expression for ¢, , we have to solve Eq. 2-17 with the constraint of Eq 2-

18:
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M N
3(2210g(0!, )p(|x,,0%))

== =0 Eq. 2-17
q.
a(az )
M
> =1 , Eq. 2-18
=1

We introduce the Lagrange multiplier A, and solve the following equation:

M N M
a(Q_ > log(ey )p(l | x,08)+ A e, —1))
i=1 -

I=] j=l =0 © Eq.2-19
)
and we get the expression
1&
o =ﬁz p(]x,,0%) Eq.2-20
i=1

To get the expression of 4 and X, we have to go through a similar procedure, but

the computation is much more complicated. To calculate these two parameters for the
Gaussian distribution function, we’ll need to take derivatives of a function of matrices.

The detailed procedure can be found in [25], and here we just give the results.

N
Zx,.p(l | x,,0%)

ﬂl = i=11V Eq 2-21

Zp(ZIxi,Og)

i=l

N _
D P x,0%)(x, — ' (ox, — )"
Zz — =l

- Eq.2-22
Zp(l l‘xpog)
i=1
Collectively, Eq. (2-20), (2-21) and (2-22) form the basis of the EM algorithm
for iteratively estimating the parameters of a GMM. The detailed steps to implement

these equations will be discussed in the next section.
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slow if the component distributions overlap considerably [25]. But if the clusters are
reasonably well separated, which is typically the case in spike sorting, the
convergence of the likelihood of the mixture model is rapid and the mixture density

approximates the true density.
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CHAPTER 3

| IMPLEMENTATION IN MATLAB

Introduction

We have shown how to use the 'EM algorithm to estimate the parameters of
Gaussian Mixture Model. In this chapter, we will find that a number of practical
issues have to be examined closely before we can achieve robust parameter estimates.
Moreover, since we will use the full-sampled waveforms as input, the high
dimensional training data will cause numeric problems such as underflow due to
limitations in precision. We will present a revised version of EM algorithm to solve
these problems which we implement in software and hardware.

The chapter is organized as follows: First, the training data we used in this paper
will be introduced. The practical problems related to the EM and applications on
GMM spike sorting system are discussed in the next section. These problems include
initialization of the GMM model, cluster number selection and algorithm evaluatiqn.
In the ﬂext section, the numeric underflow problem caused by high dimensional input
data will be addressed. We compare three different approaches to handle this problem
and present a log version of the EM algorithm with diaéonal covariance matrices.
This new EM algorithm gave the best result among the three methods. At the end of
this chapter, we will show the resulting model trained by this log EM algorithm and

its performance on a PC.




2G
)¢ ) ()-=%#

13 % (*% >$ "%$ +) # % #1$% % >$)$ )$- )&$& +) #$ -) -=$# -$)$(* %$ %)
% %#S Q2HR6 (#( >(% )$-)&$& "% (3] (*+$) (& %(*$& (# I3
[)#HS ># (& #(*(-"%# %%#HS )"  (E &>% 2333 *(#+)6 I$
%t "t +) #HIS%S $B'S) $#% >$)$ ') &"-$&  ( %'$- (*:&$% $& &S$1-$ >!-I
$HHS& *( () () "NSH% () %% #$ WS $<% &6 $H(*% ("# #$
$B'S) $#% -( $+"& Q2HRG +#$) )(> &H( >(% - *$-#$&0 $")(* %' =$% >$)$
QSHS-HEE +)%H &SH+  HIS %S $HW + (1 % =$%6 %S &S* >(%
) HSE (%%"  HHHS %S >% ("%% (6 1$0 H#$ % =$% >$)$ &SHS-HSE +
HIS & %H(-$ SH>$S #1$ )B-)&S& &H( (& #$ %S &$* >(%  $) #( (
("(** %$H# #)$%! *& QHRO +#S$) #1$ #)$%! *& >(% %$H0 >$ #)& + ( >(1$+)%
H# >$)$ 1 "%* # (H# CHSH (% (& *$+# H23 %' =$% +) #)(  +#I$
(* )#16 13 H23 %' =$% ()$ %! >  ")$ 4:D6 (-! %' =$ *(%H% +) 462 % (& (%
DG3 %(™* ' #%6 % %$# + H23 DG3:& $% (* 1$-#)% >(% "%$& #1$

(* )#'6

"$ 4D *# + (*#SH23 $)(* %' =$ >(1$+) %6



27

Practical Problems Related to the EM algorithm

Model Number Selection

The number of Gaussians for the mixture model must be selected before using
the EM method. However, in spike sorting, we do not have a priori information of
how many neurons are producing action potcntiéls. So we have to estimate the model
number using the whole data set.

Based on the probabilistic f(l)undation of GMM, we can view the choice of the
optimal cluster number as a problem of fitting the data by the best model. This
problem can be solved by applying the maximum likelihood estimate. However, the
likelihood is a monotonically increasing function of the number of parameters. In
other words, the likelihood will increase as the model number becomes larger. A
number of methods have been proposed to determine the model number using
maximum likelihood criteria by adding some penalty functions which can compensate
for the monotonically increasing of the log-likelihood function of the model number
[24]. However, it is hard to define the suitable penalty term and not very efficient to
implement.

To detefmine the model number in this paper, we use the method presented in
[12]. We calculate the likelihood of the data set from clusters ranging in size from 1 to
7. As shown in Figure 3-3, the initial increment 6f likelihood is large but then
becomes small. This is because as the number of cluster approaches the true number
of the model, the increment of likelihood becomes small. So we picked the point
when the increase (J) in likelihood fell below a certain threshold for 2 continuous

points. Eq. 3-1 shows the actual calculation. The threshold 6 was set to 4.
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Evaluation of the Algorithm

One hard problem of spike sorting is that it is hard to evaluate the clustering
results. Signals from different cells may be very similar and difficult to distinguish
even for trained neurophysiologists. It is nearly impossible to create reliable expert-
based validation data sets. Hence, simulated neural data are often used for evaluating
the spike sorting algorithm. Recently, simultaneously intro- and extra-cellular
recording technology has provided the possibility to evaluate the algorithm on real
data.

In this paper, we focus on how to implement the GMM based spike sorting
algorithm on hardware. Since evaluations for both simulated and real data show that
the GMM approach gives very good results [16,29], we just concentrated on the
software and hardware implementations. When targeting FPGAs, the use of fixed
point data types is important because of the increase in speed that can be attained.
Since using fixed point data will lose a certain amount of precision as compared to
floating point data, we evaluated the FPGA implementation with respect to the

floating point implementations.

Numeric Considerations in Matlab

The Log EM Algorithm

To reserve all the original information in the spike waveforms, we used the full-
sampled spikes as the clustering input. The implementation of the training process of
EM algorithm should be able to handle the 160 dimensional inputs. However, if we
look at the EM algorithm closely, we will find many places where a number of small

numbers (between 0 and 1) are multiplied together. This easily leads to a numerical




31

zero in Matlab, which is defined to be 2.2251e-308 or less for double precision data.
The calculation of the likelihood of the whole data set and the determination of
covariance matrix are two places where a numeric zero problem occurs most often. To
compensate for this, we have to transform these operations into the log domain so that
the multiplications turn into additions that prevent the underflow problem. Here we
present a log version of the EM algorithm which sélves this problem.

Given the current model, we calculate the pfobability of each data point in each

cluster. The original equations are listed as follows:

1 _l(xi -u)" Zl_l (x=44)
(% |0)=——mr=7e Eq.3-2
! (zﬂ.)M/Z |Z, |1/2
M
p(x;10)=> a,p(x, | 0) Eq. 3-3
I=1
N
OIX)=]]px10) | Eq. 3-4
i=1

Noﬁce that in Eq. 3-2 and Eq. 3-4, there are product operations that will cause

underflow. By changing them into the log domain, the equations are:

In(p(x, | 0,)) = —% = ) 55 Gy = 1) - % In(27) ~ %lnq ) Eq.3-5
In(p(x,|O)) = ln(i o™t o)y : Eq. 3-6
I=1
N
IO X)) = In(p(x;| 0)) Bq.3-7
i=1

After changing into the log domain, the products in Eq. 3-2 and Eq. 3-4 are

turned into additions and subtractions. Exponential operations are also eliminated
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except in Eq. 3-6. Since all the ¢"?™” terms are very small, this can still cause
underflow problems (In(0)). To handle this, we need to add another normalization
process to calculate Eq. 3-5. We do a normalization across all the clusters by

subtracting all the In(p(x, |0,)) terms by the maximum value across the clusters. We
then store the max(In(p(x,|0,))) for future use. After subtraction, the exponential
value €"?%1%Y will be guaranteed between [0, I]. We then performed the

multiplications and additions. The log version of the middle results can be obtained by

applying In to it. The last step is to add the max(In(p(x, ]0,_ ))) back to the middle

result. This way, without changing the final result, we go around the numerical zero

problems and get the same results.

" |

In(p(x, | 0)) =l 4™ "1y 1 B Eq. 3-8
=1

= max p(x,| 0,) Eq.3-9

After getting the likelihood of the whole data and before updating the parameters,

the probability of being in one cluster given input x; has to be calculated. This

probability can be calculated by Baye’s rule in Eq. 3-10.

%) = l;l(xi |0,)p(0) _ p(x [0)p(a) ' Eq. 3-10

p(o
| > ap(x|0,) p(x;|0)
k=1

However, this equation can also exhibit underflow problems if all the p(x|o0,)’s

are very small, which will occur if a spike doesn’t belong to any clusters. So we still

need to convert Eq. 3-10 into the log domain as follows:
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Using A Diagondl Covariance Matrix

While computing Eq. 3-2, we need the determinant of the covariance matrices
{Z,‘l }. However, it is difficult to get the determinant of the full covariance matrix

since the data dimension is large. All the values of covariance matrices are
approximately 107, so during the training process the matrices will easily become
singular because of limited precision.

We tried three different approaches to solve this problem. The first method was
to recondition the covariance matrices whenever a singular matrix appears. Every
time when there was a numeric zero in the covariance matrix, we added a very small
number (10) to prevent it from being zero. This way, the algorithm could go on to
the next step until it converged. In the second approach, we reduced the data
dimension by using Principal C0m§0nent Analysis. As discussed in Chapter 1, PCA
can find the directions that represent the most variation of the original data. We used
the first 10 components that could represent 98% variation of the data set. By
reducing the dimension to 10, there was much less chance that full covariance matrix
could] become singular. The last method was to use a diagonal matrix instead of the
full covariance matrix. Using a diagonal matrix can enabled log calculations of the
determination and prevented numerical zeros. By using the diagonal covariance
matrix, we made the assumption that there was no correlation between each
dimension in the 160 dimensional space. Making this assumption can cause a loss of
information in the original data set. However the first two methods. also lost
information by recondition and reducing the vector dimensions. We tested all these

methods and the best method was the diagonal matrix as shown in the next section.




- >) % -e (#)B>#)$-)&* )[3633D $H)$+5->) (-8 (HB># #G- ' $H%

&( (*-10(-s mB

NS 4.0 $%"HHY% +HNSS & ++S)B# () (16 1B & ( (*- 10 (-$ (") (-! >(%
HIS * SH & HIH -(H")B& #I$ % (** <"%#$)6

% >$ $# $& #$)SL "0 %SH# 0 #>0% I0& # 1(* &HS #I$ -*"%#S) )$%"#
% -$ >$ & & <H (H'(™ = > H$ #'-(* %' =$ WI(SW HH ($ +) &L&"(*
$") %6 >$1$)0 * = (H#IS $( 1$#)% +$(-! -"%HS)0 >$ (& ( & &$(
("HHS(F# B () (N H-(H)S HS %HS)% ( HS &HOE  ")$ 4
%! >% (** #1$ *"%HS) $(% +#S$ #)SS $H &6 * #I$ %' =$% ()3 > (& #I$
$( 1$#) + $(-! *%HS) % %!> (&S H# -*)6 EI*$ (* + #$ #)$$
(") (-1$% -(" 14 #1$ ( "%HS)%0 #1$ & ( (* #)B (") (-| & & #$ $%H
S HIS % (S%H - %HS) T)B& * $86 IS HIS) #> SHI &% +(*$& # -(#-] # %
% (*$%H# +"UHS)6 #-$HI(# #S)$- &# () (I0HS) )) (*#$% +)#HS$
% (% *"%HS)% HE& # S 6 1% % $-(%$ (&& (" $) # #$ -1( (-$

NBISH% HS FUHS) # S % (6 % #-$ #(# #S  $UH FUHS)  #H$



36

reconditioned and PCA method is different from the diagonal covariance matrix
method. This is due to the inability of these two methods to distinguish small variance
in the low-amplitude waveforms. They actually include more waveforms in this
cluster where some spike shapes are noticeably different. Using the diagonal
covariance matrix approach, the small variance was captured and a small cluster was
generated to represent this specific spike shape. For our data set, the diagonal
covariance approach lost the least amount of information in the original spike

waveforms. We chose this approach for all hardware implementations.

Implementation Result in Matlab

Using the initialization condition mentioned in section 3.3.1, the training process
for 720 160-dimensional inputs took 8 iterations to converge. The mean waveform
and priors of each cluster are show in Figure 3-6. Figure 3-7 shows the cluster results
of the 720 training data using the GMM.

As you can see in Figure 3-7, all the main clusters have been recognized. Cluster
1 and Cluster 2 are the clusters with the most data. Cluster 3 and Cluster 4 can be
regarded as the noisy versions of Cluster 1 and Cluster 2. Their mean vectors are very
close to Cluster 1 and Cluster 2. But their waveforms are noisier, thus the ¢ovariance
of these two clusters are bigger. Cluster 5 has its own specific spike shape. It has the
least number of spikes among the five clusters so it has the smallest prior probability.
Overall, this 5-component Gaussian Mixture Model can pretty well model the whole

data set from visual inspection.
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Matlab Performance

Since we want to implement a high-speed spike sorting system where the models
are trained as fast as possible, we have to know how fast this algorithm can run on a
PC. As described in Chapter 2, the whole spike sorting process can be divided into
two phases: the model training phase and the spike classification phase. We tested the
algorithm using the newest version (Version 6.5 Release 13) of Matlab on different

PCs. The test results are shown in Table 3-1.

Table 3-1 Performance of the spike sorting system on several PCs

Execution Time
Pentium AMD AMD Pentium

M12G' 137G' 12GDuo® Iv33G: “Verage Best

Training (s) 833 342 1.45 1.31 322 131

Clas51f1ca}tlon (720 0.42 0.14 0.05 0.04 0.16 0.04
data points) (s)

Classification (per 0.58 0.19 0.06 0.05 021 0.05

data point) (ms)

! The Pentium III 1.2G and AMD 1.37G systems both have 512 MB DDRAM.
2 The AMD 1.2G Duo system has 4 GB DDRAM.
3 The Pentium IV 3.3G system has 1GB DDRAM.

The performance of making classifications on a PC is pretty good. With the
existing models, a spike waveform can be classified within less than 0.2 ms. This
training process can meet the real time requirement since the typical neural spike
period is around 2-3 ms. However, the training process ran much slower than the
classification process. The best performance we got was 1.31 seconds while the
average speed was around 3 seconds. This is quite slow comparing to the average

neural spike period. The slow speed is due to the intensive computation needed for the




39

training of the Gaussian Mixture Model based on the EM algorithm. We needed the
training process to be as fast as possible so that minimum time is spent in the training
phase. As a result, PCs are not as fast as we would like in order to do this.

In the rest of the thesis, we will focus on how to speed up the training process of
the EM algorithm. In next chapter, the parallel DSP implementation will be

introduced. Later an FPGA implementation will also'be presented.
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CHAPTER 4
PARALLEL DSP IMPLEMENTATION
Introduction

To speed up the GMM based spike sorting system, the first approach we used
was to implement the EM algorithm on a parallel DSP system with 4 DSPs. Digital
Signal Processors have become more p;)werful with the increase in speed and size of
the on-chip memory. Furthermore, some modern DSPs are optimized for
multiprocessing. The Analog ADSP-21160M DSP we used for our project has two
types of integrated ﬁulﬁprocessing support, which are the link ports and a cluster bus.
We used Bittware’s Hammerhead PCI board to test our implementation. The board
contains four Analog ADSP-21160 floating-point DSPs. We wrote a parallel version
of the EM algorithm to take advantage of the multiprocessing capability of the board.

In the next section, the structure and components on the Hammerhead board will
be described. The software we use to develop the system will also be introduced. In
the rest of Chapter 4, we focus on how to parallelize the EM algorithm and how to
effectively implement it on a parallel DSP system. In the end of this Chapter, the

performance of the EM implementation on this DSP system will be presented.

Hardware

Il

SHARC ADSP-21160M DSP Processor

On the Hammerhead PCI board, there are four high performance 32 bit floating

point DSP processors, namely the Analog SHARC ADSP-21160s. This DSP features
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4 Mbits on-chip dual-ported SRAM and the Super Harvard Architecture with the
Single Instruction Multiple Data (SIMD) computational engine. Running at 8OMHz,
ADSP—éI 160 can perform 480 million math operations ‘(peak) per second.

The ADSP 21160 has two independent, parallel computation units. Each unit
consists of an ALU, multiplier, and shifter. In SIMD mode, the parallel ALU and
multiplier operations occur in both processing elements. The ADSP 21160 has two
independent memories - one for data and the other for program instructions. Two
independent address generators (DAG) and a program sequencer supply address for
memory access. ADSP 21160 can access both data memory and program memory
while fetching an instruction. In addition, it has a zero overhead loop facility with a
sing}e cycle setup and exit. The on-chip DMA controller allows zero-overhead data
transfers without processor intervention.

'fhe ADSP 21160 offers powerful features to implement multiprocessing DSP
systems. The external bus supports a unified address space that allows direct
interprocessor accesses of each of the ADSP 21160’3 internal memory. Six link ports
provide a second method of multiprocessing. Based on the linlé ports, a large

multiprocessor system can be constructed in a 2D or 3D fashion.

Bittware Hammerhead PCI board and VisualDSP++

The structure of Bittware Hammerhead PCI board is shown in Figure 4-1. This
board has four Analog Device’s ADSP-21160 processors, up to 512 MB of SDRAM,
2 MB of Flash Memory, and two PMC mezzanine sites. Bittware’s FIN ASIC is used
to interface the ADSP-21160 DSPs to the 64-bit, 66 MHz PCI bus, the Flash memory,

and a peripheral bus. The Hammerhead-PCI's four DSPs can communicate with the












































































































































































































































































