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ABSTRACT

A novel mechanism is proposed for pulse-based logarithmic computation that is scalable across multi-core
neuromorphic processors. At the core of the proposed method is an integrate-and-fire margin-propagation
(IFMP) unit that facilitates spike-based computation in the logarithmic domain. We first show that a
network of three IF neurons implement threshold and rectification operations to compute nonlinear
functions. The functions used in the computational algorithms are mapped into log-sum-exp function and
approximated using margin propagation algorithm. Then, we show that a generic pulse neural network is
implemented by pipelining and cascading multiple IFMP units. Because all computations are performed in
log-domain, multiplication of the pre-synaptic pulse-train by synaptic weights is translated into a simple
addition between the two input spike-trains. We demonstrate the scalability of the proposed approach by
designing an IFMP-based support vector machine (SVM) for a separable and non separable classification
tasks.
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1. INTRODUCTION

In its simplest form, the functional architecture of any spiking neural network can be visualized
by an array of neurons that are physically or virtually connected to each other through excitatory
or inhibitory synaptic junctions. The firing of each neuron is determined by a weighted
integration of the pre-synaptic spike-trains as shown in Figure 1(a). The result of the integration
(known as the membrane potential) then modulates the spiking behavior of the post-synaptic
neuron [1]. The architecture shown in Figure 1(a) assumes that the synapses are physically or
virtually co-located with the neurons and this topology has formed the basis of different
integrated neuromorphic systems reported in [2, 3, 4, 5]. However, limited routing capability of
current VLSI technology restricts the scalability of this topology in which only a limited number
of hardwired synapses and neurons can be integrated. The routing capability is enhanced by
implementing the functions in the neural networks using pulse computations. Pulse computation
algorithm is introduced to mix the advantages of both digital and analog design. The main goal
for using pulse computation is to propagate the computed parameters between successive
modules easily since the type of the input/output signals are digital. Pulse computation is a
promising research topic since it mixes the advantages of analog and digital designs. The noise
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accumulation in analog stages can be eliminated by digital noise immunity. The analog design has
the advantage of small area, low cost and low power [6, 7].

In this paper, we are proposing a scalable pulse based computational unit to implement algorithms
as simulation procedure. Mapping the algorithms as computational model into schematic analog
circuits and hardware to verify the application will be our future work. The objective of this paper
is to simplify computations and introduce scalability as explained below and illustrated in Figure
1(b) and (c):

1- All spike-based computations are mapped into logarithmic domain. As a result, modulation of
the pre-synaptic spike-train by synaptic weights translates into addition of spikes (see Figure 1
(b)). Thus, synaptic junctions could also be treated as spiking neurons and addition of Poisson
spikes could be easily implemented through direct or virtual addressing. However, logarithmic
mapping would require a modified process for somatic integration, which leads to the proposed
integrate and fire margin propagation (IFMP) neuron, described in section 2.

2- The somatic integration of pre-synaptic spikes can be mapped into a cascade of modular two-
input IFMP (2-IFMP) neurons as shown in Figure 1(c). The spike-based architecture ensures that
the cascade can operate in a pipelined fashion, yielding throughput similar to the parallel topology
in Figure 1(b).

The paper is organized as following: Section 2 introduces the mechanism, analysis and the
cascading property of the new architecture “IFMP” as logarithmic computational model. In
section 3, we introduce the design of an SVM using a network of IFMP neurons and validate its
functionality for a binary classification tasks.
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Figure 1. (a) Basic computation unit in a conventional neuromorphic architecture showing
synaptic junctions tightly coupled to the neurons; (b) proposed IFMP unit which decouples
the synaptic computation using log-domain processing; (c) cascade of two-input IFMP units
which makes the proposed approach scalable across multiple processors

2. INTEGRATE AND FIRE MARGIN PROPAGATION

Figure 2 shows a schematic diagram of the proposed spiking network module. The network is
referred to as an IFMP module and consists of three integrate-and-fire structures N1, N2 and N3.
The excitatory/inhibitory inputs are represented by black /white triangles. Units N1 and N2 have
self-inhibitory feedback connections and unit N3 has inhibitory input denoted as γ. Given the rate
of input spike-trains L1[n] and L2[n] with n being a discrete time-index, it is shown that firing-rate

of the output LZ[n] (denoted by ( ) = → ∑ [ ] asymptotically satisfies the

following equation,[ ( [ ]) − ( [ ])] + [ ( [ ]) − ( [ ])] → ( [n]) (1)

The above equation is applied for two inputs. In general for N inputs the margin equation is
written as:∑ [ ( [ ]) − ( [ ])] → ( [n] ) (2)

Note that equation (2) converges only in probability. The difference between the left and right
hand side of the above equation decreases as the time increases and hence the summation of the
expected values of the input stream converges to the expected values of the output stream. The
convergence of equation 2 is valid if the expected value of output spikes d[n] is equal to the
expected value of the input spike L[n] overall the samples for one neuron of the IFMP structure as
following,{ [ ]} = { [ ]} (3)

Figure 2. Schematic of the IFMP unit comprising of three integrate-and-fire modules

Using the above concept of IFMP, we define the margin convergence equation for the weighted
sum of the neurons shown in Figure 1 (a).  The equation of the synaptic integration or weighted
sum for the neuron is expressed simply as



Electrical and Electronics Engineering: An International Journal Vol.1, No.3, November 2012

40

= ∑ (4)

Where denotes the binary spike-train admitting the usual Poisson statistics. is the weight,
and = 1,2 … , with being the number of synapses (number of the inputs). Equation 4 is
mapped onto logarithmic as following:= = log [∑ exp ( + )] (5)

Where = log ( ) and = log ( ). Equation 5 is in the log-sum–exp term for which It is
proposed an efficient piece-wise linear approximation according to margin-propagation [8] which
computes according to the following IFMP constraint,∑ [ + − ] = (6)

Where γ is a hyper-parameter and [. ] denotes a rectifying operation. The advantage of using MP
approximation is that implementing MP requires only addition, subtraction and threshold
operations which could be easily implemented using analog and mixed-signal architectures [8].
In this paper, addition, subtraction and threshold operations can naturally be implemented using
excitatory and inhibitory synaptic connections of the integrate-and-fire neuron. The half-wave
rectification operation is achieved due to the fact that the spiking-rate of a neuron is a non-
negative number and in its resting state (absence of excitatory or inhibitory inputs) the spiking-
rate is zero.

Figure 3.  Spike – rate for neurons , and when the spike rate of (lower) Is monotonically
increased

Figure 3 shows the plot of instantaneous spiking-rates for , and and when spiking- rate
of the input is varied as shown in the Figure 3 (lower) following the margin equation 1. For
this result, the spiking-rate for input is kept constant. The plot shows that the spiking-rate of

increases according to a piece-wise linear approximation to the log-sum-exp function. In [8], it
was proved that MP is an approximation algorithms to the log-sum-exp function whose
parameters are real values and they are represented in schematic circuits as currents. In this paper,
the MP algorithm is implemented using pulsed IF structure whose parameters are pulse rates and
the input/outputs are represented as stream of pulses. Figure 4 shows that the rate z is identical for
the above two cases.
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Figure 4. Comparison between the pulse based and real vales parameters for two input margin
propagation with γ=0.1. Note that one input is varied from 0.01:0.9 and the other = 0.5

The architecture of MP in Figure 1(b) can be mapped onto a pipelined topology shown in Figure
1(c) by rewriting equation 2 in a recursive form as,= log [exp + exp + ] (7)

Equation 7 leads to the recursive form of MP according to,+ − + [ − ] = (8)

Equation 8 can now be implemented using only two-input IFMP (2-IFMP) units as shown in
Figure 1(c) which can be extended to implement any complex spiking neural network.

The advantage of cascading characteristic is that a dense array of 2-IFMP units can be integrated
on silicon while the connectivity to the array is potentially achieved using Field-programmable
gate array (FPGA). The FPGA is configured to implement the weight and connectivity by storing
the synaptic weights on a high-density digital memory. Figure 5 compares the response of a non-
linear function which was synthesized using the log-sum-exp function and the responses obtained
from the IFMP topology shown in Fig 1(b) and Figure 1(c). In fact many complicated
mathematical functions can be synthesized using IFMP units according to the procedure already
described in [8]. In the next section, we describe the architecture of a spiking support vector
machine using the IFMP units.

Figure 5. Results showing the approximation of the parallel and cascaded IFMP networks of the log-sum-
exp function for five inputs

2. IFMP BASED SUPPORT VECTOR MACHINE
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The General idea of classifying data using support vector machine (SVM) it to map the data from
the original input space into higher-dimensional feature space where the training set is separable.
Every data point is mapped into high-dimensional space via some transformation ∶ → ( )
such that , = ( ) ( ), where , is some function called a kernel function that
corresponds to an inner product in some expanded feature space. The kernel function used in
training and classification could be one of the listed types: linear, polynomial, Gaussian or
Sigmoid. In the IFMP application for classification, a second order polynomial is implemented as
following: the SVM classifier computes matching scores (kernels) between the input vectors (y)
and a set of template vectors (support vectors) (xi). Then kernel of the two vectors x and y are
combined linearly to produce a score corresponding to class j according to,( ) = ∑ ( , ) + (9)

Where bj is a class specific bias parameter and are the weights corresponding to the  support
vector xi and class j. In this work, a quadratic kernel ( , ) = ( . ) is implemented,
satisfying the Mercer condition [9,10].

The SVM training procedure automatically selects support vector templates from the training
examples, and derives values for the weights and the bias parameter bj accordingly. During
the training procedure, several hardwires related constraints can be imposed. For instance, all the
weights, biases and support vectors are positive so that they can be mapped directly onto an IFMP
network. Thus the inner-product in the kernel ( .y) can be mapped onto IFMP architecture. The
polynomial operation (. ) in the kernel is mapped onto multiplication because IFMP
computations operate in a logarithmic domain. For a spiking architecture, the mapping simply
results in multiple fan-outs (copies) of the spike-train. The multiplication of the weights with
the kernels according to equation 9 can be viewed as an inner-product computation and hence the
mapping to IFMP described in section 2 is applicable. As an example of applying IFMP as pulse
computational unit, a binary linear classifying has been implemented using SVM algorithm. The
following procedure shows how to derive the parameters to be applied in the IFMP based SVM
experiment;

Let y denotes a vector drawn from the input space and let { ( )} denotes a set of non-linear

transformations from the input space to a feature space, is the dimension of the feature space.
For such set of non-linear transformations, a hyper plane is defined as the decision surface as,∑ + = 0 (10)

Where α denotes the vector of non-linear weights connecting the feature space to the output
space, and b is the bias. We introduced a second order polynomial kernel of inner product
between the input vector (y) and support vectors x to decide the hyper plane, ∑ ( . ) .

To find the parameters of the IFMP units, we take the logarithm function of both sides of the
above equation and proceed of mapping procedure until getting the following,= ∑ . ( . ) + (11)

Where N represents the number of support vectors and L represents the logarithm function. The
parameters for margin (M1) are expressed as,({ (α ) + 2. ( . y)} , (b), γ) (12)
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Now we have to find ki as the Margin parameter (M2) for the inner product term such that,= (∑ , . ) (13)= (∑ ( , )) (14)

Therefore, the parameters for Margin (M2) are the set of kernels (Ki) such that,= ( , + , ) (15)

Since the values of bias b and optimization factors might be negative, these values are
simulated in differential form − and − .  Therefore, equation 11 is written for two
differential forms as in equations 16. The difference between the two values decide the class
region of data.= (∑ . ( . ) + ) and = (∑ . ( . ) + ) (16)

Figure 6 shows the architecture of a two-class spiking SVM network constructed using

IFMP units. The architecture follows a modular approach for computing the kernel inner-product,
for computing the polynomial operation in the kernel and for computing the inner-product
between the weights and the kernels. Note that for the IFMP architecture; a quadratic operation is
implemented using a simple fan-out which replicates the spike-train twice. Note that the two
outputs and in the Figure are in log domain and they are corresponding to the output of
the IFMP networks for each class.

Figure 6. IFMP based support vector machine between the firing rates of the outputs − determines
the classification of input data
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As an example, the IFMP based SVM network has been applied for a binary classification task
where the two-dimensional IRIS data (shown in Figure 7 (a)) is used for training and validation.
A Gini SVM training algorithm is used to obtain the weights and identify the support vectors

[9]. The complexity of the IFMP depends on the number of support vectors, number of sparse
data. In this application, the training of IRIS data set require (9) support vectors which is mapped
into (21) IF structures. Figure 7 (b) shows the raster-plot of the spikes generated by the neurons in
the SVM network [raster plot: is a figure that shows the occurrence of spikes for neurons in
population with respect to time]. The spike-train at the top of the plot corresponds to one of the
output of the network (neurons 11 and 22 in Figure 6). Visually it can be inferred that when the
vector corresponding to each of the classes is presented, the output spiking rate changes
illustrated the network's discrimination capability. Figure 7 (c) shows the difference between the
firing-rates − computed for the input data. The result shows that the network can correctly
classify both types of data and hence the result validates the proof-of-concept of an IFMP-based
spiking SVM.

On the other hand the classification has been implemented for cascading architecture of two input
IFMP units shown in Figure 8, where the support vectors are applied to a series of IFMP units
with positive and negative values of alpha and bias values. Figure 9 shows successively the
classification of the data and raster- plot of the cascaded IFMP units as in the first case where
neurons 30 and 81 are the output neurons of the two differential parts of the IFMP based

Figure 7. Results obtained from the IFMP based SVM network (parallel structure for IFMP) (a) A two
dimensional IRIS data set (b) Raster-plot of spikes generated by the neurons in the network; and (c)
difference between the firing-rate of the outputs z+ and and z- for two classes
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Figure 8. Classification in cascaded architecture IFMP (serial structure of IFMP). i and j represent the index
of the support vectors and the index of the input data (each is a two dimensional input) respectively. The
biasing and weights (b and α) are in differential form to find the difference output − that decide the
classification

SVM implementation. In this case, 81 neurons are used to simulate SVM with seven support
vectors, seven values of alpha and one bias value, which are all in the differential form, to test the
classification of input data.

Figure 9. (a) Raster plot for the cascading IFMP. Neuron 30 and 81 are the final stage in the of architecture
shown in Figure 8 which decide the classification between two sets of IRIS data (b) difference between
the firing-rate of the outputs z+ and and z- for two classes
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Figure 10 (a) Classification of non separable data for parallel architecture. The support vectors, alpha and
biasing values are obtained using “GiniSVM” training program. (b) The values of positive and negative
differences − (c) Raster plot for spikes of neurons where neurons 39 and 30 represent and
respectively

Another experiment is implemented by training non separable group of data using “GiniSVM“
training algorithm to obtain the weights and the support vectors shown in Figure 10 (a). Two
classes of data are shown the first one is in the center and the second one is in the sides of the
plan.  The classification and raster plot for the parallel and cascaded architecture is shown in
Figure 10 (b) and (c) respectively.

3. CONCLUSIONS

In this paper, we proposed a novel approach for synthesizing spike-based neuromorphic systems
using integrate-and-fire margin-propagation (IFMP) principle. The use of IFMP allows all spike-
based computations to be mapped onto logarithmic domain which results in decoupling the
modulation of the pre-synaptic spike-train with the synaptic weights. This allows IFMP to be
scalable across multi-core mixed-signal architectures. Also, a cascaded form of IFMP allows the
design to be modular where a large number of cellular IFMP units can be integrated on silicon
whereas connectivity and synaptic storage is implemented using an FPGA. A hardware prototype
of an IFMP network with FPGA-based connectivity is currently being fabricated and the results
would be reported in subsequent publications.
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