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Abstract

Although the advantage of spike timing-based over rate-based network compu-
tation has been recognized, the underlying mechanism remains unclear. Using
Tempotron and Perceptron as elementary neural models, we examined the in-
trinsic difference between spike timing-based and rate-based computations. For
more direct comparison, we modified Tempotron computation into rate-based
computation with the retention of some temporal information. Previous stud-
ies have shown that spike timing-based computation are computationally more
powerful than rate-based computation in terms of the number of computational
units required and the capability in classifying random patterns. Our study
showed that spike timing-based and rate-based Tempotron computations pro-
vided similar capability in classifying random spike patterns, as well as in text
sentiment classification and spam text detection. However, spike timing-based
computation is superior in performing a task involving discriminating forward
vs. reverse sequence of events, i.e., information mainly temporal in nature. Fur-
ther studies revealed that this superiority required the asymmetry in the profile
of the postsynaptic potential (PSP), and that temporal sequence information

was converted to biased spatial distribution of synaptic weight modifications
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during learning. Thus, the intrinsic PSP asymmetry is a mechanistic basis for
the high efficiency of spike timing-based computation for processing temporal
information.

Keywords: Postsynaptic Potential, Spiking Neural Network, Sequence

Learning, Temporal Information Processing

1. Introduction

Artificial neural networks (ANNs) inspired by the structure and function of
the brain have been used as powerful computational tools to build machine-
learning systems [1, 2]. Computation in most ANNs is rate-based, in which
neurons encode and transmit information by spike rates. McCulloch—Pitts neu-
ron [3] and its differentiable counterparts such as sigmoid and rectified linear
unit [4] are typical rate-based models, and deep neural networks based on these
computational units have achieved remarkable success. On the other hand, neu-
ral computation in the brain involves processing of information coded in the rate
as well as timing of neuronal spikes [5, 6, 7, 8, 9]. The importance of the spike
timing has been increasingly recognized over the past decades, particularly in
sensory information processing. For examples, the relative timing of the first
spike in tactile afferent axons reliably encodes the moving direction and the
shape of contacting object at the fingertip [5]. Neurons in the primary auditory
cortex could use the relative timing of spikes to represent stimulus features [6],
with some neurons firing only one or no spike in response to a tone [7]. Further-
more, synaptic modifications induced by repetitive neuronal activity are highly
dependent on the relative timing of pre- and postsynaptic spikes [9]. These
findings in natural systems suggest that evolution has taken the advantage of
using spike timing for coding temporal information.

Spiking neural networks (SNNs) incorporate information carried by the pre-
cise timing of spikes into network computation [10]. Using event-based sen-
sors, SNNs promise to achieve event-driven information processing with in-

creased energy efficiency [11, 12]. Methods have been developed for network
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learning in SNNs, including conversion of pre-trained rate-based ANNs into
SNNs [13, 14, 15, 16] and direct training of SNN units for processing spike
timing-dependent information [17, 18, 19, 20, 21, 22, 23, 24]. Multi-layered
SNNs could achieve comparable performance with that of rate-based ANNs in
standard benchmark tests [13, 14, 15, 16]. Theoretical studies have shown that
spike timing-based computation is more powerful than rate-based computation:
a simple processing function such as coincidence detection could be achieved
by a single spiking neuron, whereas hundreds of hidden neurons are required
for rate-based computation [10]. Furthermore, any computation performed by
rate-based neural networks could be accomplished by networks of spiking neu-
rons [25]. Spike timing-based Tempotron [17] was shown to have a higher com-
putational capacity than traditional rate-based Perceptron [26] in performing
the task of classifying random patterns [17]. In principle, the additional tem-
poral dimension of information coding could offer a higher capability of spike
timing-based computation over rate-based computation for processing informa-
tion containing rich temporal dynamics, such as temporal sequence and time
interval of events. Using simple two-layer neural network, we here systemati-
cally compared spike timing-based vs. rate-based computation in performing
tasks with different extents of spatial and temporal information.

In this study, the Tempotron and Perceptron models were used to perform
spike timing-based and rate-based computation, respectively. In addition, we
used a modified Tempotron model (referred to as “rate-based Tempotron”) that
computes in the rate-based manner but retains some temporal information. This
was done by slicing spike trains with step-wise moving time windows in order to
obtain spike rates. Systematic comparison of the capability of these three com-
putational models was performed in learning four different classification tasks.
Our results showed spike timing-based computation has no advantage over rate-
based computation on tasks that involve mainly spatial information. However,
standard spike timing-based Tempotron has superior capability in performing
a novel task designed for learning to discriminate the forward and reverse se-

quences of input events. Further examination of the underlying mechanism re-
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vealed that the asymmetry in the profile of spike-evoked postsynaptic potentials
(PSP) plays a critical role in conferring the superiority of spike timing-based

computation in processing temporal sequence information.

2. Methods

In order to perform a direct comparison of the capability of spike timing-
based and rate-based computations, we used the same two-layer feedforward
network, with multiple neurons in the input layer and a single decision neu-
ron in the output layer. The input neurons receive spike trains with different
temporal patterns. Computations were performed by the rate-based Perceptron
(Fig. 1(a)) and spike timing-based Tempotron (Fig. 1(b),(c)), as well as the rate-
based Tempotron (Fig. 1(d)). Supervised learning, in which the network learns
to implement desired input—output mapping, was used to adjust the synaptic

weight W; of each connection.

2.1. Perceptron Computation

The input is represented by a feature vector x (S1;S2:::Sn), with S; repre-
senting the total number of spikes fed into the it neuron (Fig. 1(a)). The
Perceptron [26] makes binary decision based on whether the linearly weighted
sum of input vectors crosses the threshold, the output of the network is given
by

8

< 1; w x threshold
f(x) = : (1)

- 0; w x < threshold
For a binary decision problem, each input vector x is labeled as a posi-
tive instance (y = 1) or negative instance (y = 0). For a given training set
f(x1;¥1); (X2;Y2); 15 (Xk; Yk)G, synaptic weights are updated by the following
rule: For the pt" input of vector Xp in the training set, if the output does not

match the desired output yp, every W component (W1; Wo; 23 W) is updated as:

Wi =Wwi+ (2yp 1)Xpi For i=1;2;:::;n; (2)



75

80

85

90

95

where W; is the weight of i neuron, is constant that sets the learning rate,
and Xp;j is the ith component of the input vector Xp. It has been proven that
this perceptron learning algorithm will find a set of weights after training that
allows correct classification of all input patterns if the training data is linearly

separable [27].

2.2. Spike Timing-based Tempotron Computation

Tempotron is composed of a leaky integrate-and-fire neuron as the output
neuron and spike trains are fed to input neurons [17]. In spike timing-based
Tempotron computation, the membrane potential of the output neuron V (t)
is given by a weighted sum of postsynaptic potentials (PSPs) contributed by
incoming spikes from all input neurons:

<X X
V)= wi Ut tik): (3)

i tisk

Here tj.x denotes the time of k™" spike onset in it input neuron, and U (t
tik) is the normalized PSP induced by each incoming spike: U(t tix) =
Uo(exp[ (t tix)=m] exp[ (t tik)=s]), where m and g represent the
membrane and synaptic time constants, respectively. For most computation
performed here, we used m= s = 4 to generate a PSP profile resembling that of
natural PSPs. The constant Uy normalizes the peak value of PSP kernel to 1,
based on the values m and g chosen. As illustrated in Fig. 1(c) for two different
patterns of input spikes, the output neuron fires a spike whenever membrane
potentials V (t) crosses a threshold (set at 1), and the network makes binary
classification of input spike patterns on the basis of the presence or absence of
spiking in the output neuron.

For a binary decision problem, each input spike pattern (Xp for pt input) is
labeled as 0 or 1, based on the desired output (Yp for the pt" input) 0 and 1, re-
spectively. During network training, synaptic weights were updated for a given
training set £(X1;Y1); (Xa; Ya); ::::(Xk; Yk)g by the following rule: For each in-
put spike pattern Xj in the training set, if the output did not match the desired
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output Yp (0 or 1), every element of the weight vector w = (Wq;Ws; :ii; W) was
updated as:

Wi =wi+ (2Yp, 1) >(U(tmax tix) for i=1;2;:n; (4)

tik
where is a constant that sets the learning rate, tj.x denotes the time onset
of k™ spike in it input neuron, tmax denotes the time point at the peak of
postsynaptic potential V (t). The Tempotron could find a set of synaptic weights
after training that are capable of making correct classification of all input spike

patterns.

2.3. Rate-based Tempotron Computation

In order to better compare the intrinsic property and capability of rate-
based and spike timing-based computation, we used the Tempotron model to
perform a rate-based computation but retain some temporal information in the
spike train. As shown in Fig. 1(d), we segmented the spike train by sequential
overlapping time windows, with j* window bordered by t = (j 1) m and
t=( 1) m+n, where n is the time window size and m is the sliding
step size (much smaller than n). For each input pattern, the firing rates of all
input neurons in the j™ time window were Xj. The PSP in the output neuron
contributed by the j™ time window was computed by the linearly weighted sum
of input vectors,

Vi=w x5 for j=1;2;:5n; (5)
where Vj is the PSP value at the output neuron at the time window j, and
w = (W7;Ws; iy Wp) is the vector denoting synaptic weights. The Tempotron
makes a binary decision based on whether the peak of summated PSP crosses the
threshold at any time window. As illustrated in Fig. 1(d), the PSP contributed
by each input neuron is a square wave with amplitude equal to the total number
of spikes within each window, multiplied by its synaptic weight. If the step
size m approaches zero, the summed PSP at the output neuron will assume a

smooth profile, and the spike rate-based computation becomes mathematically
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equivalent to spike timing-based computation that uses square wave PSP kernel

(see Appendix A).

3. Results

3.1. Classi cation of Random Poisson Spike Trains

Computational power of neural networks for input—output mapping is often
examined by their capability in classifying labeled random patterns [28, 29]. We
thus first examined the capacity of the three computational models (Perceptron,
spike timing-based Tempotron, and rate-based Tempotron) for learning to de-
code labeled input patterns generated by Poisson random process. The task
was to classify P = N spike trains of different patterns, where P is the total
number of spike trains, N is the number of input neurons and is the average
number of patterns fed to each neuron [17, 28, 29]. In this study, we set N = 250
and spike-train duration Tjn, = 500 ms. The timing of spike at various input
neurons was generated from a Poisson process with the fixed average firing rate
rin = 2 Hz. For network training, the desired output for each input pattern was
randomly chosen to be one of the two classes with equal probability. The aim
of the training was to find a set of synaptic weights that enable the network
to classify correctly all input patterns. Successful training is defined by the
convergence at a level of 99.0% accuracy in binary classification, with 1:0 108
as the maximal number of iteration. All training spike patterns were presented
to the input neurons in each iteration. To assess the learning capacity of the
network, we varied the value of by a stepwise increase with 0.05 step size. The
learning capacity ( ¢) of the network was defined as the maximum that could
be correctly classified with 99% accuracy after at least 5 out of 10 training trials.
For each training trial, system parameters were fixed but input spike patterns
and initial synaptic weights were generated with different random seeds. The

network capacity was revealed as  gradually increased.
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3.1.1. Tempotron Has Higher Capacity than Perceptron

The rate-based Perceptron represents input information by the total number
of spikes in the spike train at each input, whereas spike timing-based Tempotron
represents the input spike train by the firing time of individual spikes at each
input, using a leaky integrate-and-fire output neuron to summate PSPs triggered
by incoming spikes from all input neurons. We found that the maximal number
of input patterns (P) that spike timing-based Tempotron could learn to classify
correctly is  2.5N, and this capacity surpassed that of Perceptron ( 2.0N)
(Fig. 2), using the maximal number of training iterations as 1:0  10°. Previous
study suggests that Perceptron will converge only when the input data are
linearly separable [27]. We thus tested the linear separability of input data used
here with a linear programming method [30], the linear separability of input
data was examined by showing the existence of a solution for a system of linear
equations, with each equation representing the linear weighted sum of an input
vector w X that was either larger or smaller than the threshold, in accordance to
the pre-specified output value. We found the linear separability corresponded
well with the convergence of Perceptron (Fig. 2). Our results are consistent
with the previous finding that Tempotron has a higher learning capacity than
Perceptron [17], and this quantitative analysis of learning capacity was used
below for comparison between spike timing-based and rate-based Tempotron.

Since the computational capacity of the Tempotron is sensitive to the profile
of the postsynaptic potential (PSP) [17, 29], we examined the learning capacity
of Tempotron for different PSP profiles, by varying the membrane and synaptic
time constant m and g, respectively, with a fixed ratio of m= s = 4 (Fig. 3(a)).
Our result showed that the PSP profile markedly affected the learning capacity
of the Tempotron (Fig. 3(b)), with an optimal m of 10 20 ms. We noted
that the learning capacity of Tempotron was higher than that of the Perceptron
(dashed line in Fig. 3(b)) for most of the m values chosen except those < 2
ms, and larger than the optimal , did not yield higher learning capacity. Thus,
the power of spike-based computation is highly sensitive to the PSP profile, and
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the spike timing-based computation could have a lower capacity than rate-based

computation when inappropriate parameters of PSP kernel were chosen.

3.1.2. Spike Timing-based and Rate-based Tempotron Have Similar Learning
Capacity

For rate-based Tempotron, the total number of spikes within each sliding
window was fed to input neurons. By varying the size of time window, we found
that within a limited time window around 40 ms, the rate-based Tempotron
yielded a learning capacity close to the maximal capacity of the spike timing-
based Tempotron (at m = 10 ms) (Fig. 3(c),(d)). Interestingly, for both types
of Tempotron, the temporal information of input patterns was lost when the
temporal integration time (PSP duration or sliding window size) became too
short or too long. When the step size is near zero, the rate-based computation
becomes equivalent to spike timing-based computation for which the PSP kernel
is a square wave (Fig. 1(d), Appendix A). Thus, for classifying random patterns,
the maximal learning capability of spiking neural networks may not be sensitive

to the shape (e.g., hill-like or square) of the PSP.

3.2. Classi cation of Real-world Texts

We next examined the performance of three computation models (Percep-
tron, spike timing-based and rate-based Tempotron) for two real-world text
classification tasks, the binary classification of positive vs. negative sentiments
in movie reviews and the detection of spam texts. The inputs are different sen-
tences with each comprising many words in a specific sequence, and the network
learns to classify the sentences correctly into two categories. Each input neu-
ron represents one specific word. When a specific word appears in the input
sentence, the corresponding neuron fires a single spike, at a time point in line
with the temporal location of the word within the sentence. Each sentence is
thus coded by a specific pattern of spike train (Fig. 4(a)), and the model learns
to decode the text represented by the spatiotemporal pattern of spikes fed to

input neurons.
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3.2.1. Sentiment Classi cation of Movie Reviews

For the sentiment classification of movie reviews, we used Internet Movie
Database (IMDB) that contains 50,000 movie reviews, each labeled with the
positive or negative sentiment [31]. We used 1,000 input neurons to represent
1,000 most frequent used words regardless of the category of the reviews. The
maximum text length of the reviews was set at 500, and words beyond 500
were truncated. With the limited capacity of the two-layer network, we used
10% (5,000) of reviews randomly sampled from the IMDB dataset for training
the network, and two other sets of 1,000 each for validating and testing the
network performance, respectively. The total number of reviews in each of the
two sentiment categories was roughly equal for all datasets. The distribution of
sentence length (total number of words) was not significantly different between
the training and testing datasets (Fig. Al(a),(b)), indicating the testing dataset
is suitable for assaying the generalization capability of the network.

We have measured the classification accuracy on the training and testing
datasets by Perceptron, spike timing-based Tempotron, and rate-based Tem-
potron, using various time constants in the latter two models (Fig. 4(b),(c)).
For both types of Tempotron computation, the accuracy in classifying training
and testing data increased gradually with increasing PSP duration (set by m)
and sliding time window, respectively, eventually approaching the performance
of Perceptron. For longer PSP or sliding window, more words were involved in
the output decision and the exact position of the word within the text became
less important. When a larger IMDB dataset (20% of 50,000 reviews) was used
for training, the classification accuracy for training set decreased from 93.0%
to  90.0% in Perceptron (Fig. A2(a),(b)), presumably due to the limited capac-
ity of two-layer network for information processing. With increasing duration of
PSP or the sliding time window, the performance of both types of Tempotron
also approached that of Perceptron.

Our results showed that both spike timing-based and rate-based Tempotron

did not perform better than Perceptron in classifying the sentiments of movie

10
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reviews. This may be attributed to the nature of this task, in which the fre-
quency rather than the temporal order of specific words is the more important
information. For the rate-based Tempotron, we found that as sliding step size
of the time window was increased, the model performed better for both training
and testing sets, but the maximal accuracy for the testing set remained lower
than that of Perceptron (Fig. A2(c)). Although the scales of time constant were
different between two types of Tempotron computation, the maximal classifi-
cation accuracy of the two models were similar for both training and testing
sets (Fig. 4(d)). The performance of rate-based Tempotron at the sliding time
window of 30 ms was close to that of spike timing-based Tempotron at m = 10
ms. As the sliding time window was increased, the performance of rate-based
Tempotron approached that of spike timing-based Tempotron (at m = 500 ms).
Our results suggest that the shape of PSPs (hill-like vs. square wave) for tem-
poral integration did not play an important role in this text-based classification,

similar to that found for random pattern classification shown above.

3.2.2. Spam detection on SMS Spam Collection

The Short Message Service (SMS) Spam Collection is a set of SMS-labeled
messages used in spam research [32]. It contains 5,574 short messages, including
4,827 legitimate and 747 spam messages. We used 1,000 input neurons to rep-
resent 1,000 most frequent used words regardless of the legitimate or spam type
of messages, and divided the Collection data into three sets: 3,344 for train-
ing, 1,000 for validation, and the rest (1,230) for testing. The distribution of
sentence lengths was not significantly different between the training and testing
sets (Fig. Al(c),(d)). The results of the training and testing on spike timing-
based and rate-based Tempotron, using various time constants, were shown by
three common performance measures — classification accuracy, percent of spam
caught, and Matthews Correlation Coefficient (a balanced measure for different
sizes of spam and legitimate messages). We found that when the time con-
stant ( m) in spike timing-based Tempotron and sliding time window size in

rate-based Tempotron were increased, both models showed similar performance

11
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after training, approaching the level of Perceptron (Fig. 4(e),(f), Fig. A3).

3.3. Discrimination of temporal sequence of input events

In the above tasks on random spike pattern classification, text sentiment clas-
sification, and spam text detection, our results showed that spike timing-based
and rate-based Tempotron computations offered similar learning and generaliza-
tion capability. In order to further explore potential intrinsic difference between
these two types of computation for learning temporal sequence information, a
feature not apparent in the above tasks, we designed a new task that is primarily
temporal in nature - to discriminate forward vs. reverse sequential activation
of input neurons, with each neuron representing a distinct signal (e.g., a word
or a symbol). Among 1,000 ordered input neurons of the two-layer network, we
randomly chose 4 input neurons for sequential activation with either forward or
reverse order for network learning. For “paired” sequence learning, the same 4
input neurons were activated in both forward and reverse order for each selected
set (2,500 sets in total for generating 5,000 training samples), as illustrated in
Fig. 5(a) for 10 input neurons. For “non-paired” sequence learning, 4 different
input neurons were activated in the forward and reverse sequence (2,500 forward
and 2,500 reverse sets used for generating 5,000 training samples).

For “paired” sequence learning, we generated 2,500 input sets for training,
and another 1,000 input sets for validating (500) and testing (500). The out-
put neuron had to learn to determine whether the input neurons were fired
in the forward or reverse sequence. For the rate-based Tempotron computa-
tion, summation of square-wave PSPs generated by individual spikes resulted
in PSPs at the output neuron that were time-reversed and attained the same
maximal amplitude at the output neuron for the forward and reverse activation
of the paired inputs (Fig. 5(b)). In contrast, spike timing-based Tempotron
could discriminate forward vs. reverse sequences of input activation, because
different peak amplitudes of the summated PSP were generated at the output
neuron (Fig. 5(b)). As shown by the accuracy for discriminating forward vs. re-

verse sequential activation for the training and testing dataset of paired inputs,

12
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rate-based Tempotron was totally incapable of performing the task at all sliding
time windows (accuracy 50%, Fig. 5(c)), whereas spike timing-based Tempotron
could discriminate the opposite sequences with high accuracies for both training
and testing dataset, using PSPs with a large range of membrane time constants
(Fig. 5(d)).The ”paired” sequence learning was performed to show that the
maximal amplitudes of PSPs generated by input sets of forward and reverse or-
der were the same for the rate-based Tempotron but not for spike timing-based
tempotron (Fig. 5(b)), thus demonstrating the capacity of the latter in learning
to decode temporal sequence information.

The purpose of using “non-paired” sequence is to provide a more general
form of inputs in which the direction of sequential activation is the only infor-
mation to be learned and decoded by the network. For “non-paired” sequence
learning, we generated 2,500 forward and 2,500 reverse input data sets, each
containing 4 randomly chosen inputs, as well as two other “non-paired” sets
of 1,000 each for validating and testing. We found that rate-based Tempotron
could learn to discriminate forward vs. reverse sequences with a relatively high
accuracy for the training dataset, but failed to generalize this capability to the
testing dataset (Fig. 5(e)). However, for both training and testing datasets,
spike timing-based Tempotron could discriminate forward vs. reverse sequences
with similar accuracy for non-paired (Fig. 5(f)) and paired input sets (Fig. 5(d)).

Besides randomly choosing 4 input neurons for sequential activation, we
also performed experiments using either 7 or 10 input neurons for “non-paired”
sequence learning (Fig. A4)). Notably, we found that the accuracy of task
performance increased with increasing number of input neurons used for se-
quentially activation. As expected, rate-based Tempotron remains incapable of
discriminating temporal sequence of the testing inputs for input sets of either
7 or 10 neurons. Thus, for decoding purely temporal sequence information,
the capability of spike timing-based Tempotron is superior to spike rate-based

Tempotron.

13
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3.4. Dependence on the Asymmetry of PSP Pro le

The above experiment on the temporal sequence learning suggests that the
asymmetry of the PSP profile may endow the learning capability of the spike
timing-based Tempotron. We further examined this idea by altering the asym-
metry of PSP profile. This was done by varying the ratio of membrane time
constant ( m) to synaptic time constant ( ) from 1.1 to 16, with m fixed at 2,
5, or 10 ms (Fig. 6(a)). We found that increasing PSP asymmetry generally re-
sulted in higher accuracy in decoding the opposite sequence of activation of the
same set of input neurons during the training with paired dataset (Fig. 6(b)).
The importance of the asymmetry in PSP profile was further tested by using
triangular PSP kernels that have different absolute ratios of the side slopes (rise
time vs. decay time) and the same base length (duration) (Fig. 6(c)). We found
that spike timing-based Tempotron showed increasing discrimination accuracy
as the asymmetry was increased, and failed completely (50% accuracy) when
the PSP became symmetrical (Fig. 6(d)).

Using the same set of triangular PSP kernels with varying asymmetry, we
tested the capability of the spike timing-based Tempotron for discriminating
forward and reverse sequential activation of 4, 7, or 10 “non-paired” input neu-
rons (Fig. 6(e), Fig. A5). We found that higher PSP asymmetry generally led
to higher discrimination accuracy. Although the accuracy for the non-paired
training set with symmetric PSP was higher than that for the paired training
set, such difference was not observed for the testing set. Taken together, we con-
clude that the asymmetry of the PSP profile provides a mechanistic basis for
the capability of spike timing-based Tempotron in decoding temporal sequence

information.

3.5. Visualization of Synaptic Weights in Tempotron after Sequence Learning

The simple architecture of 2-layer Tempotron offers the opportunity to study
the detailed synaptic mechanism underlying the network’s coding of temporal
information. We have examined the distribution of synaptic weights on the

output neuron in spike timing-based Tempotron after learning to discriminate
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forward vs. reverse order in the activation of non-paired input neurons, as
shown in Fig. 6(e). By using triangular PSPs with different asymmetries, as
determined by the absolute ratio of the side slopes (rise time vs. decay time)
with the same base duration, we found that the distribution of synaptic weight
modification across 1,000 synapses in the network was relatively uniform when
the PSP kernel was symmetrical. However, as the asymmetry of PSP kernal
was increased, synaptic weights became increasing biased towards upstream or
downstream units (Fig. 7(a)). How does such bias in the distribution of synaptic
weights contribute to sequence discrimination? We further examined the dis-
tribution of the peak amplitude of summed PSPs at the output neuron for the
testing data set (500 forward and 500 reverse sequences) and found that the dis-
tributions for forward and reverse activation were indistinguishable when PSP
kernal was symmetric (side slope ratio 1.0) (Fig. 7(b)). In contrast, for PSP
kernel with a large asymmetry (ratio 4.0 and 9.0), the great majority of forward
sequences yielded summed PSPs that passed the threshold for firing the output
neuron, and most reverse sequences resulted in summed PSPs below the thresh-
old. Similar differences of output neuron activation were observed when the
PSP asymmetry was opposite (ratio 0.25 and 0.11). Thus, the bias distribution
in synaptic weight modifications allowed the output neuron to fire preferentially
for one direction of sequential input activation, allowing the discrimination of

opposite sequences using the same set of modified synapses.

4. Discussion and Conclusion

We have systematically examined the computational features of simple neu-
ral network models that process information based on the timing or rate of
spikes. Spike timing-based Tempotron has been shown to have a higher learn-
ing capacity than rate-based Perceptron for classifying random patterns [17],
a finding confirmed in this study. In addition, we demonstrated that a spike
rate-based Tempotron (with retention of some temporal information) could gain

a learning capacity similar to that of spike timing-based Tempotron in perform-
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ing random pattern classification. Furthermore, for two text-based benchmark
tasks (text sentiment classification and spam detection), spike timing-based
Tempotron did not show advantage over the spike rate-based Tempotron and
Perceptron. However, for a task of temporal sequence discrimination designed
for this study, we found clear superiority of spike timing-based over rate-based
computation. Thus, the advantage of spike timing-based computation resides
in learning tasks that involve processing of mainly temporal information.

Our study focused on training two-layer networks for performing binary de-
cisions. For simplicity, we did not consider dynamic features of real neurons
such as the refractory period and post-spiking resetting of membrane poten-
tial [18, 20]. Introducing the latter features would generate desired spike pat-
tern at the output neuron allowing the network to learn multiple mappings
between inputs and desired spike sequences for more complex and richer tasks.
In training the network, we used the simple gradient descent algorithm without
adopting advanced optimization and regularization methods [20, 21]. Despite
the simple architecture and algorithm used, we were able to compare between
spike timing-based and rate-based computations directly and examine the in-
trinsic features that endow the capability of classifying inputs with different
extents of spatial and temporal information. For text sentiment classification
and spam text detection, the most important information is likely to be the
frequency rather than the temporal order of specific words. We found that the
performance of rate-based Perceptron was better than either spike timing-based
or rate-based Tempotron. On the other hand, for learning and decoding specif-
ically forward vs. reverse order of sequential input activation, the spike timing-
based Tempotron was superior to rate-based models. The task we designed
aims to represent a general form of sequence learning, applicable to sequences
of words, visual or auditory symbols, or discrete events, each of which repre-
sented by an input neuron. Sequence learning is a basic element of cognitive
processes in the brain. Our results argue that spike timing-based computation
is superior to rate-based computation for neural networks that aim to process

sequence information.
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The major finding of this study is that the asymmetry in the PSP profile
is a key factor for the efficiency of spike timing-based network in processing
temporal sequence information. This is because the summated PSPs at the
output neuron could assume differential profiles in response to spiking of input
neurons that are activated with different sequences. Due to the large disparity
of synaptic and membrane time constants, PSPs in natural neural networks are
highly asymmetric. This may be evolutionarily selected for effective coding of
sequence information. The importance of asymmetry in the PSP kernel points
to an intrinsic feature underlying the efficiency of natural neural networks as
well as spiking neural networks [33, 34] and related-neuromorphic hardware [35,
36, 37, 38] in processing signals rich in temporal information.

The simple Tempotron architecture also allowed us to directly visualize the
distribution of synaptic weight modifications over 1,000 synaptic inputs to the
output neuron. It provides the interpretation at the synaptic level for the ca-
pability of Tempotron in temporal sequence learning, i.e., the learning-induced,
PSP asymmetry-dependent bias in the distribution of synaptic weights leads to
preferential firing of the output neuron by sequential activation of input neu-
rons along the chosen direction. This visualization demonstrates that temporal
information received at the input neurons could be converted to the spatial dis-
tribution of synaptic weight modifications within the network via learning. A
temporal to spatial conversion of information coding was also found in a net-
work formed by a group of cultured hippocampal neurons [39], where repetitive
inputs of sequential events with specific intervals led to distributed synaptic
modifications within the network in interval-specific patterns, through spike
timing-dependent synaptic plasticity. Diversity in the time window for spike
timing-dependence plasticity (STDP) has been found in various neural networks
comprising different synapse types [9, 40, 41, 42]. Such STDP diversity may be
accounted in part by the differences in the asymmetry of PSP profiles at various
synapses.

Neural mechanisms underlying spatiotemporal processing by the brain re-

mains to be clarified. Recent studies suggest that the capability of cortical net-
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work in spatiotemporal processing emerges from the interaction between incom-
ing external stimuli and internal dynamic states of the network [43, 44]. These
internal states are determined by both ongoing spiking activity and history-
dependent changes of synaptic and neuronal properties. Short-term and long-
term synaptic plasticity could be useful for coding temporal sequences on the
scale of tens to hundreds of millisecond [39, 44]. The spike timing-based net-
works provide potential platforms for setting internal dynamic network states via
introducing spontaneous spiking activity and for allowing synaptic and neuronal
plasticity of different time scales. In this work, we have demonstrated that the
spike timing-based Tempotron could decode efficiently the direction of sequen-
tial activation, without considering the time intervals between sequential input
events. It remains to be explored whether spike timing-based computation could
be more efficient for processing temporal information on both the sequence and
interval of events, two basic elements in cognitive processes. Moreover, whether
the superiority of spike timing-based over rate-based computation found here for
a simple network architecture could be generalized to multiple-layer networks

needs to be further studied.
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Appendix A. Proof of the equivalence between rate-based Tempotron

and spike timing-based model with square wave kernel.

The value of F(t tj.) is the postsynaptic potential at time t induced by
incoming spike that fires at time tj.x. Here tj.x denotes the time of k™ spike
ith

onset in I'" input neuron. For spike timing-based computation with square-wave

shape of PSP kernel, the kernel function S(t  tj.x) is:

8

< 0 t tix tg

1;
S(t tix) =
0, t tik>tgort k<0

where tg is a time constant that denotes the PSP duration. Spike rate-based
Tempotron model segmented the spike train by sequential overlapping time win-
dows [Fig. 1(d)]. For one of the sliding time window [ty; t], the value of D(t tj.x)
represents whether the incoming spike that fires at time tj.x was segmented into
time window [to; t] and contributed to the integration of postsynaptic potential
at time t. 8

< 0 t tix n
D(t tix) =

1
S0t tix>nort tix<O0
where time window size n =t to. If t tjx 2 [0;n], the spike that fired at
time tj.x was within time window [to; t], and vice versa. If ty = n,

S(t tix)=D(t tik):

If sliding step size of rate-based Tempotron approaches zero, the summed
PSP in the output neuron will assume a smooth profile (Fig. 1(d)). Under these
circumstance, rate-based Tempotron model would become equivalent to spike

timing-based model with the square wave PSP kernel.
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Figure 1: Perceptron and Tempotron for processing inputs with spatiotemporal spike patterns.
(a) Perceptron model. A single output neuron integrates spike rates at all input neurons,
multiplied by their respective synaptic weights (W;j). The binary output (1 or 0) depends on
whether the integrated rate crosses the threshold. (b) Tempotron model. The output neuron
integrates all postsynaptic potentials (PSPs) triggered by incoming spikes from all inputs,
with each PSP multiplied by the synaptic weight of the input neuron. The binary output
(1 or 0) depends on whether the integrated PSP crosses the threshold. (c) Conventional
spike timing-based computation by Tempotron for two example patterns of spiking inputs
(red and blue). Inset, PSP kernel used is similar to natural PSPs. The red and blue traces
represent integrated PSPs for the two example input patterns, yielding an output of 1 and 0,
respectively. (d) A modified Tempotron computation based on spike rate rather than spike
timing. Temporal changes of the spike rate were monitored by segmenting the spike train with
a sliding, overlapping time window (of size n) at a fixed step size (m). Each input contributes
to the output neuron with a PSP, obtained by multiplying the spike rate within the time
window with its synaptic weight. The binary output depends on whether the step-wise PSP
crosses the threshold. For Perceptron computation and two types of Tempotron computations,
supervised learning was used to adjust synaptic weights for all inputs based on agreement of

the output with the desired outcome.
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Figure 2: Comparison of the learning capacity between Perceptron and spike timing-based
Tempotron. The probability to the training trial to achieve successful convergence (99%
accuracy in classification) within 10 trials is plotted against the average number of patterns
per input unit (). The learning capacity is defined by ¢, the at the probability value of 0.5
(marked by the dashed line). The PSP membrane time constant m =10 ms (at m= s =4)
was used in the Tempotron. The probability for the training trial to show convergence in
the Perceptron (red) and the linear separability of input data (green) are plotted against the

average number of patterns per input unit.
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Figure 3: Learning capacity of spike timing-based and rate-based Tempotron for classifying

random spike patterns. (a) The probability of training trials showing convergence using spike

timing-based Tempotron, for different PSP profiles. Inset: PSP kernels with different mem-

brane time constant ( m) and synaptic time constant ( s), with fixed m= s = 4.(b) The

learning capacity ( ¢) of the spike timing-based Tempotron at different m (with correspond-

ing s). (c) The probability of convergence for the rate-based Tempotron computation, using

different time windows (6 to 100 ms) and a fixed sliding step size of 0.1 ms. For comparison,

the probability of convergence of the spike timing-based Tempotron (at m = 10 ms) was also

shown (blue). (d) The learning capacity ( ¢) of the rate-based Tempotron computation with

different time windows (step size 0.1 ms) at the probability of convergence of 0.5. Note the

optimal window size of 40 ms for the maximal learning capacity.
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Figure 4: Learning and generalization capability of spike timing-based and rate-based network
models in classifying sentiments of IMDB Movie reviews and detection of spam text. (a)
Illustration of text-based spike coding. Each input neuron represents one word, and timing
of the spikes in the neuron codes the time of occurrence of the word within the sentence.
(b) Classification accuracy of spike timing-based Tempotron for the training (10% or 5,000 of
IMDB reviews) and testing (1,000 reviews) datasets, measured under different integration time
windows ( m). Data points represent the average values obtained in 5 trials (5,000 training
iterations each). Gray area represents standard deviation. For comparison, the accuracy of
the rate-based Perceptron found for the same training and testing sets is shown by the dashed
lines. (c) Classification accuracy for rate-based Tempotron with different sizes of sliding time
windows, in comparison with that of Perceptron as in (b). (d) Classification accuracy of
the rate-based Tempotron under different integration time window for the same training and
testing set, in comparison with those of the spike timing-based Tempotron at m = 10 ms
(dashed line) and 500 ms (dotted line). (e,f) Classification accuracy of all three models for
training and testing sets of text messages are plotted against various values of membrane
time constants ( m) for the spike timing-based Tempotron (e) and sizes of integration time
windows for rate-based Tempotron (f). Note that the performance of the spike timing-based
Tempotron and rate-based Tempotron approached that of the Perceptron (dashed line) at

higher m and longer time window, respectively.
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Figure 5: Performance of spike timing-based Tempotron and rate-based Tempotron in clas-
sifying opposite sequences of activation of 4 input neurons. (a) Illustration of spike patterns
that represent a paired forward activation (2-4-6-8) and reverse activation (8-6-4-2) of the
same 4 input neurons. (b) The summed PSP at the output neuron in rate-based Tempotron
(with square-wave PSP kernel) and in spike timing-based Tempotron (with an asymmetric
PSP kernel). Note that opposite sequences of input activation generated summed PSPs of
the same amplitude in rate-based Tempotron, but different amplitudes of summed PSPs in
spike timing-based Tempotron, one of which passed the firing threshold (dashed line). (c,d)
Training and testing results of discriminating opposite activation sequences for the same set
(“paired”) input neurons. The accuracy of discrimination is plotted against characteristic time
constants (time window for rate-based computation and membrane time constant for spike
timing-based computation). Note complete failure ( 50% accuracy) of the rate-based Tem-
potron computation. (e,f) Training and testing results of spike timing-based and rate-based
Tempotron for discriminating opposite activation sequences of different sets (“non-paired”) of

input neurons, plotted in the same manner as in (¢) and (d).
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Figure 6: The effect of the asymmetry in the PSP kernel on Tempotron’s discrimination of
opposite sequences of 4 input neuron activation. (a) Dependence on the ratio of membrane
time constant ( m) to synaptic time constant ( s), with kernels of a fixed m (2 ms) and three
different s . (b) Accuracy in discriminating opposite sequence activation of “paired” input
neurons for the training set (time constant ratios= 1.1, 4, and 16; m =2, 5, or 10 ms). The
accuracy in box plots with medium values indicated (n = 10 training trials, “***” P <0.001;
P < 0.01; ) P < 0.05; “ns”, not significant; t-test). (c) Illustration of triangular
PSP kernels with different absolute ratios of the side slopes and same base length (duration).
(d) Sequence discrimination accuracy of Tempotron using triangular PSP kernels is plotted
against absolute side-slope ratios, for “paired” input neurons. Note complete failure (50%)
for symmetrical PSP kernel. (e) Accuracy of Tempotron in discriminating opposite activation

sequences of “non-paired” input neurons, using the same set of triangular PSP kernels as in

(d)-
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Figure 7: Spatially biased distribution of synaptic weights after sequence discrimination learn-
ing by Tempotron, using triangular PSP kernel of different asymmetry. (a) Visualization of
synaptic weights of 1,000 inputs to the output neuron of spike timing-based Tempotron. The
synaptic weights are depicted in 40 sequential rows, each of them comprising 25 synapses
aligned horizontally. PSP asymmetry varied by altering the side-slope ratio from 9 to 0.11
(with base length of 10 ms), with 1.0 representing symmetric PSP. The synaptic weights were
obtained after training the Tempotron with “non-paired” sequentially activated input neurons
(as in Fig. 6(e)). The weight values (from -6.0 to 6.0) are color-coded with the scale shown
by the bar on the right. (b) Cumulative percentage distribution of the peak amplitude of
summed PSP at the output neuron for “non-paired” testing data set (500 forward and 500
reverse sequences of activated input neurons), using PSPs of different asymmetries. Dash lines
depict the threshold potential for the output neuron activation (decision). Note, for highly
asymmetric PSP (slope ratio 9.0 and 4.0), peak summed PSPs of a great majority of inputs
with forward sequence passed the threshold, while those of inputs with reverse sequence were
mostly below the threshold. Similar differences were observed when the asymmetry of PSPs
was opposite (ratio 0.11 and 0.25). The p values indicate the significance of the differences

between two distributions (Kolmogorov-Smirnov test).
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Figure Al: Distribution of word lengths in dataset used for two benchmark tasks. (a) Per-
centage of words with different word lengths used in the training and testing IMDB text
datasets. The datasets included sentences with word length > 500, but all words beyond 500
were not used. (b) Cumulative percentage of words with different word lengths, for the same
datasets as in (a). (c,d). The distribution of word lengths for SMS Spam Collection datasets
used, plotted in the same manner as in (a) and (b). The difference between the distributions
of training and testing datasets were not statistically significant (Kolmogorov-Smirnov test,

P =0.128 and 0.132 for IMDB and SMS Spam Collection datasets, respectively).
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Figure A2: Learning and generalization capability of the three network models in classifying
IMDB Movie reviews. (a,b) The same as that in Fig. 4(b),(c), except 20% (10,000) instead of
10% of IMDB dataset was used for training. (c) The dependence of classification accuracy on
the step size of sliding time windows in the rate-based Tempotron, for the time window of 200

and 500 ms, in comparison with that of Perceptron using 10% of IMDB dataset for training.
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Figure A3: Performance of the spike timing-based Tempotron and rate-based Tempotron for
spam detection, in comparison to that of Perceptron (dashed lines). Percentage of spam
caught and Matthews Correlation Coefficient (MCC) of all three models for training and
testing sets of text messages are plotted against various values of membrane time constants
(' m) for the spike timing-based Tempotron (a-b) and sizes of integration time windows for
rate-based Tempotron (c-d). Note that the performance of the spike timing-based Tempotron
and rate-based Tempotron approached that of the Perceptron (dashed line) at higher m and

longer time window, respectively.
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Figure A4: Performance of spike timing-based Tempotron and rate-based Tempotron in clas-
sifying sequential activation of input neurons, with different number of neurons selected for
activation. (a, b) Training and testing results of discriminating opposite activation sequences
for the different set (“non-paired”) of 7 input neurons. The accuracy of discrimination is
plotted against characteristic time constants (time window for rate-based computation and
membrane time constant for spike timing-based computation). (c¢, d) Training and testing
results of spike timing-based and rate-based Tempotron for discriminating opposite activation
sequences of different sets (“non-paired”) of 10 input neurons, plotted in the same manner as

in (a) and (b).
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Figure A5: The effect of the asymmetry in the PSP kernel on Tempotron’s discrimination
of opposite sequences of input neuron activation, with different number of neurons selected
for activation. (a) Accuracy of Tempotron using triangular PSP kernels in discriminating
opposite sequential activation of 7 “non-paired” input neurons is plotted against absolute
side-slope ratios. (b) Accuracy of Tempotron in discriminating opposite activation sequences

of 10 “non-paired” input neurons, using the same set of triangular PSP kernels as in (a).
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