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Abstract— Spike sorting of neural data from single electrode
recordings is a hard problem in machine learning that relies
on significant input by human experts. We approach the task
of learning to detect and classify spike waveforms in additive
noise using two stages of large margin kernel classification
and probability regression. Controlled numerical experiments
using spike and noise data extracted from neural recordings
indicate significant improvements in detection and classification
accuracy over amplitude- and linear template-based spike sorting
techniques.

I . INTRODUCTION

Recordingelectricalactivity from neuronsin the brain has
becomean indispensabletechniquein modernneuroscience
research.Typically, theserecordingsareobtainedby advancing
a metalprobethroughneuraltissueuntil a neuronof interest
is located. It is dif�cult to position an electrodein such a
way as to isolatea single neuron,so the activity recordedis
frequently derived from multiple neural sources.Unlessthe
contribution of eachsourcecan be separatedfrom the others
(and from backgroundnoise),the integrity of the experiment
may be compromised.A numberof efforts (reviewed in [1],
[2]) have been directed at this problem of neural source
separation— commonly called “spike sorting” — but none
hasbeencompletelyeffective in all situations.In fact,although
new approacheslook promising[3]-[6], someof the simplest
measureshave beenmostsuccessful[7].

Spike sorting systemsrely on the fact that the waveforms
(“spikes”) recordedfrom a speci�c neuronare functions of
both the intrinsic electrochemicaldynamicsof that neuron
and the position of the electrodewith respectto the neuron.
Furthermore,they assumethat in a noiselesssystem,each
recordedspike from a given neuronover a short period of
time would be nearly identical, although spikes from dif-
ferent neuronscould vary in shape.In reality, though, the
system has many sourcesof noise — slight perturbations
in electrodeposition, activity of distant cells, environmental
factors,etc.— andconsequentlyevery recordedspike appears
different. Moreover, becausethe spectralcontentsof spikes
and noise are similar, many recordedspikes appearsimilar
to noise, and vice-versa. The ability to distinguish spikes
from noise(“spike detection”),andto distinguishspikesfrom
differentsources(“spike classi�cation”), thereforedependson
both the disparitiesbetweenthe noise-freespikes from each

source(“templates”) and the signal-to-noiselevel (SNR) in
the recordingsystem.An additional factor that we will not
consideras a variable in this paper(but see[3], [8]) is the
overall activity level of theneurons,which affectsthenumber
of coincident(“overlapping”)spikes.

In the following sectionswe describea novel spike sorting
architecturebasedon GiniSVM supportvectormachineclas-
si�cation and probability regression[9]. The spike sorter is
evaluatedwith numericalexperimentson spike andnoisedata
extractedfrom neuralrecordingsover a large rangeof signal-
to-noiseratios and templatedisparities,and demonstratessu-
perior performanceto standardtemplatematchingtechniques.

I I . METHODS

A. Experimental Methods

Electrophysiologyrecordingsweremadein maleandfemale
rhesusmonkeys (Macaca mulatta), eachweighing4-5 kg, dur-
ing a sensoryneurophysiologyexperiment.On eachrecording
day, single and multiple units were isolatedin cortical areas
1 and3b usingquartz-coatedplatinum/tungsten(90/10)elec-
trodes(diameter, 80 mm; tip diameter, 4 mm; andimpedance,
15 MΩ at 1000Hz). The raw datawere�ltered andampli�ed
before being digitized (National InstrumentsPCI-6052)at a
40KHz samplingrateandstored.All surgicalprocedureswere
doneundersterileconditionsandin accordancewith the rules
and regulationsof the JohnsHopkins Animal Careand Use
Committeeand the Societyfor Neuroscience.

During off-line analysis of each recording session,pure
noisesegmentsandsegmentscontainingputative spikeswere
automatically identi�ed and manually veri�ed [10], [11].
Putative spike waveforms were time-aligned and clustered
in a principal componentspaceunder human supervision;
templateswere formed by averaging all points suf�ciently
close together. Out of 81 recordingsessions,25 were found
to containtwo or more templates.

B. Data Generation

A persistentissuein the spike sorting literatureis whether
to use real or simulateddata to test new algorithms.While
using real data would be preferable in some ways, real
data is fundamentallyunlabeled,so it necessitatestesting
the algorithm using possibly-incorrectlabels supplied by a
human expert. Therefore, simulated data is used in many
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Fig. 1. (a) The four sets of experimentally-recorded templates used in the
generative model for all data in this paper. (b) Typical simulated recordings
at SNR = 1 (top), SNR = 2 (middle), and SNR = 3 (bottom). Spike locations
are labeled with the neuron class.

spike-sortingpublications(e.g. [3], [4], [8], [12]). The lack
of standardsand publicly-available databaseswith labeled
spikes complicatecomparisonsbetweendifferent methodsin
the publishedliterature.We have createda generative model
to simulatea neuralrecordingbasedon parametersmeasured
from actualrecordings,andwill gladly provide our simulated
datauponrequest.

1) Spikes and Noise: We simulatea neural recordingby
inserting real spike templatesinto a backgroundprocessof
stationarycoloredGaussiannoise.The backgroundnoisepro-
cesscanbecompletelydescribedby its standarddeviation and
noiseautocorrelationvector. To increasethe accuracy of the
model,we estimateboth of theseparametersfrom purenoise
segmentsof realneuralrecordings(seeSectionII-A) andthen
simulatethe noiseusing an autoregressive �lter [13]. Spline-

interpolatedspike templates(with randomphase)are inserted
accordingto a modi�ed Poissonprocesswherethe numberof
spikes in a �x ed time period is given by the usual Poisson
probability distribution, but the inter-spike interval is not a
true exponential random variable becauseof the refractory
period of the neurons.For all of the experimentsdescribed
below, eachsimulatedrecordingusesa randomlyselectedset
of noise parameterstaken from a real recordingsession.In
orderto draw fair comparisonsacrossmultiple signal-to-noise
ratios,we have selectedfour representative setsof templates,
shown in Figure1a.

After selectinga set of noisestatisticsand templatesfor a
simulation, we also specify the signal-to-noiseratio (SNR).
Although thereare many ways of calculatingthis value, we
de�ne it astherootmeansquaredvalueof thetemplatedivided
by the standarddeviation of the simulatednoise,i.e. SNR =
‖template‖ / σ ·

p
|template| where‖ · ‖ is the L2 norm,σ

is the standarddeviation of the simulatednoise,and | · | is the
length in numberof samples.

C. Detection and Classification

Thespike sortingsystemconsistsof two stages— detection
andclassi�cation — eachtrainedusinga supportvectorma-
chine (SVM) classi�er. The �rst stagediscriminatesbetween
noiseandthe occurrenceof a spike over time, andthe second
stagediscriminatesbetweenspike templates.

GiniSV M [14], a sparse large-margin kernel machine
for logistic probability regression,is used to estimateclass
output probabilities.The classprobabilitiesyield con�dence
values for the classi�ed spike outputs, and are used in
expectation-maximizationbasedtraining of partially-labeled
data.The quadraticform of entropy in the dual formulation
of GiniSV M offers sparsity in the kernel representation,
and correspondsto a Huber loss function in the primal
formulation [9]. Class probabilities in the binary casetake
the form

P (1|x) =
1

1 + e−(w�( x)+ b)
=

1

1 + e−(
∑

i
yiαik(x,xi)+ b)

(1)

and P (−1|x) = 1 − P (1|x), where x is the vector to be
classi�ed, xi are training vectors,yi = ±1 are the corre-
spondingclass labels, and k(·, ·) de�nes the kernel. Binary
GiniSVM minimizesthe following objective function in the
dual coef�cients αi:

min
α

:
1

2

X

i,j

αi(Qij +
8γ

Ci

δij)αj − 4γ
X

i

αi (2)

subject to
X

i

yiαi = 0 and 0 ≤ αi ≤ Ci,∀i

where Qij = yiyjk(xi,xj) is the kernel matrix evaluated
at training vectors i and j, γ de�nes the margin, Ci are
(data-dependent)regularization constants,and δij = 1 for
i = j and zero otherwise.GiniSV M offers the additional
computationaladvantagethat it is compatiblewith standard
quadraticprogrammingtechniquesfor SVM training.



For comparisonpurposes,we also perform spike detection
by simple amplitude thresholding and spike classi�cation
usingastandardtemplatematchingtechnique[2]. For template
matching,we averageall spikesobservedfrom a givenneuron
in the SVM training set and usethe meanwaveformsas the
templates.Decisionsarebasedon theEuclidian,Mahalanobis,
or PCA distancesbetweenan input vectorandthe spike tem-
plates,i.e. an input vector is assignedthe label of whichever
templateis closest.

D. Performance Measures

To test the performanceof the detectionstage,we analyze
10 secondsof simulatedstationaryneuralrecordingscaptured
immediatelyafter the initial two secondsusedfor training the
system.A sliding window of 1.25 msecduration is moved
acrossthe data and each epoch is evaluatedby the SVM.
The resulting output is a sequenceof probabilities of the
given epochsbeing“spikes” versus“noise”. The performance
metric setsa thresholdat � ve times the standarddeviation of
this signal and calculatesmerit as the ratio of the difference
betweenhits andfalsepositivesto the total numberof spikes,
where a “hit” is assessedwhenever the meantime between
successive SVM output threshold crossingsoccurs within
±0.2 msecof an actualspike time, and a “f alsepositive” is
assessedfor all mean thresholdcrossingtimes outside this
range.

To testclassi�cation performance,we evaluatethe fraction
of correctly classi�ed spikes in the secondstage,assuming
correctdetectionin the �rst stage.Sincethe exact spike times
areknown for thesimulateddata,we extract1.25msecof data
beginning from eachspike onsetandusetheseasthe input to
the SVM andtemplatematchingalgorithms.

I I I . RESULTS

1) Detection Stage: For the detectionstage,training data
is generatedfrom the �rst two secondsof a simulatedneural
recording,where eachtraining vector consistsof 1.25 msec
(50 samplesat a 40 KHz samplingrate).Trainingdatainclude
centeredspikes as “spike” vectors, surround of spikes as
“noise” vectors, and pure noise; 500 examples from each
classare used,for a total of 1,500 training vectors.Results
from the detectionstageareshown in Figure2a, which plots
“merit” (seeSectionII-D) againstsignal-to-noiseratio (SNR).
Eachpoint on theselines representsthe averageperformance
on ten secondsof simulateddata,where averagesare taken
acrossall four setsof templates(Figure1a). For a SNR = 2,
the SVM detectionstageprovides better than 80% accuracy
comparedto less than 60% for amplitudethresholding,and
by SNR = 3 it hasreachedits asymptoticperformancelevel
of about 95%. In comparison,thresholdingdoes not reach
an equivalent level until a SNR = 5. The middle axis of
Figure 1b shows a recordingwith SNR = 2 — at this level,
the decisionsare not obvious to the untrainedeye, but the
SVM is very effective. For a SNR betweenzero and one,
both basicamplitudethresholdingandSVM detectorperform
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Fig. 2. Performance as a function of SNR for (a) detection stage and (b)
classification stage. The “90% PCA” curve illustrates the results if template
distance is calculated in a lower-dimensional space where dimensions are
chosen to account for approximately 90% of the variance of the data, as
given by standard principal component analysis techniques.

poorly, with a greaternumberof falsepositivesthancorrectly
classi�ed spike epochs.

2) Classification Stage: The results of the classi�cation
stage,trainedover theinitial � vesecondsof dataandassuming
perfect detection,are summarizedin Figure 2b. The SVM
classi�er consistentlyoutperformstemplatematchingover the
entire range of SNRs tested,although it only exceedsthe
Euclideandistancemetricby a slight margin. Both techniques
appearto reach an asymptoticsuccessrate of about 95%.
This seemsreasonable,as no precautionsare taken to avoid
simulating overlapping spikes, and destructive interference
is likely to renderdecisionmaking impossibleoccasionally.
Figure1b providesan exampleof sometypical testdata,and
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Fig. 3. Sample data from a SNR = 2 dataset determined by the SVM to be (a)
class 1 and (b) class 2. Out of the 40 spikes shown here, 3 are misclassified.

Figure3 illustratessomeof thedecisionsmadeby theclassi�er
on a SNR = 2 dataset.

IV. CONCLUSION

We have demonstratedthe successof a novel approach
to neural spike sorting using support vector machines.For
our simulateddata,the SVM classi�ers outperformstandard
methodsin both thedetectionandclassi�cationstages.Future
work will focus on using an EM-basedtransductive form of
SVM training to dealwith nonstationaryandpartially-labeled
data.
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