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Abstract

For a spiking neural system of multiple excitatory synapses and
a single output neuron utilizing Spike Timing Dependent Plasticity
(STDP), we investigate the effects of adding a single teaching input
to train the system in a physiologically realistic fashion. This teaching
signal, by directly affecting the output spike train, is made to indi-
rectly affect the entire set of inputs’ synaptic weights through STDP.
Remarkably, this method is shown to increase the performance of an
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output neuron executing a symbolic classification task on the inputs.
Further, the resultant teaching signal is innocuous: statistically, it is
virtually indistinguishable from a constant rate Poisson spike train
over the duration of the inputs.

1 Introduction

Spike timing dependent plasticity (STDP) has been observed in many exper-
imental situations, becoming the dominant theory of how synapses are up-
dated by the neural signals they process. However, connecting STDP, a local
phenomenon, to an overarching learning strategy for realistically-modeled
spiking networks has heretofore remained elusive.

Any viable learning scheme for a system of neurons should contain a few
assumptions. For one, STDP’s effects should be solely local: one synapses’
changes should not affect other synapses. Also, feedback within the sys-
tem should be realistic. Rather than assuming a specific kind of code, such
as rate coding [?] or synfire chains [?], general representation-independent
spiketrains are desirable. Since cortical spiketrains are commonly known
to have Poisson-like statistics [?], feedback in a model system should show
similar statistics. Furthermore, the overall procedure should be biologically
plausible, not relying on any analyses that are impossible for actual neurons.

Previous work in connecting STDP to global learning has begun by des-
ignating a system-wide objective function, then attempting to derive STDP
using the assumed objective. For instance, Bell assumes that a neural sys-
tem seeks to maximize network sensitivity [?] to increase the entropy of its
outputs. Starting with this principle, he attempts to derive a local rule
that bears similarity to STDP. Similarly, spiketrain variability [?] and infor-
mation maximization [?] have been explored as global objective functions.
Unfortunately, these attempts have fallen short in explaining the connection
between STDP and learning, becoming mired in the inherent complexity of
spiking systems. While the existence of a simple global objective function is
attractive, a biological system may utilize an objective that is complicated or
inefficient, meaning that there may be no clear mathematical principle from
which to start.
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1.1 A Reinforcement Learning Model

To overcome this issue, we explore a paradigm shift: rather than beginning
with the system-level learning goals and attempting to derive STDP, we
start by assuming STDP in a model spiking neuron. Using the task-based
framework described in Chapter Decoder , a feedback loop is envisioned that
mirrors the psychological notion of learning through reinforcement.

Constructing a complete neural learning loop is an ambitious task, and
achieving this goal requires several nontrivial developments. The work of
this proposal, therefore, focuses on a necessary piece of the larger solution.
Assuming the existence of a teaching signal and knowledge of whether each
training example is correctly classified, we address the question of whether a
well-chosen teaching signal could push the system in a direction such that fu-
ture classification is improved. Rather than allowing any arbitrary feedback
signal, constraints are placed upon the teacher so that it will be compati-
ble with the larger plan. For this proposal, the teacher is modified from a
randomly-generated Poisson spiketrain, ensuring that the new teacher will
be innocuous. A definition and justification of this innocuous signal is given
in Section ??. Precisely how to push the system in the right direction with
such a teacher, and how this affects learning in the system, is examined
throughout Section ??.

The construction of the teaching signal, as well as the exact circuitry of
the feedback loop, is beyond the scope of this proposal. However, research in
closed-loop learning, insinuated by phenomena such as motor babbling, sug-
gests that a teaching signal could be presented alongside the same stimulus
that created it for the purposes of reinforcement learning [?].

2 Model of the Neuron and Inputs

The model is a simple network consisting of a single output neuron innervated
by a large number of inputs and a single teaching input, as depicted in Figure
??. Spiking dynamics in the system are governed by the first-order Spike
Response Model [?], which was described in Section ??. In all experiments,
β = 6 (dimensionless), τ = 15msec, R = −1000mV , and γ = 1.6msec. The
synapses on the output neuron implement additive STDP [?] as detailed in
Section ??. For this work, gmax = 40 by default, τ+ = τ− = 20msec, and the
values of A+ and A− will be given for each trial.
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Figure 1: The two-pass teaching algorithm. Desired output perturbations,
the dashed spikes in the output line, are used to find optimal teaching per-
turbations, the dashed teaching spikes. The simulation is then rerun using
the new teaching spiketrain.

The synaptic weights between inputs and output are initialized randomly
between 15 and 25. As necessary in additive STDP models, these values
are bounded during runtime at a minimum value gmin = 1 and a maximum
value gmax. Although additive STDP is used, the method generalizes easily
to other forms of STDP [?].

For inputs to the model neuron, the Meddis Inner-Hair Cell model is again
levied for the generation of realistic auditory nerve data. All experiments
use 40 exponentially-increasing center frequencies from 100Hz to 5000Hz.
Two auditory nerve responses are created for each of the center frequencies,
producing a total of 80 input neurons.
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3 Definition of the Learning Task

3.1 Experimental Overview

Given the basic system above, consider a general framework that separates
symbolic inputs using the output neuron, using the task-based discrimina-
tion method described in Chapter Decoder. Each symbolic input, then, cor-
responds to an equivalence class of spiketrains. Reinforcement is introduced
into the system through a two-stage process. The input to the system is
defined as a sequence of short, fixed length spike trains, each representing
some semantic symbol. First, an input segment, plus the non-informative
teaching input, is passed through the system, yielding an output spike train.
Based on the method described in Section ??, the output is evaluated, pro-
ducing a vector in the direction in which the output should be changed to
maximally improve performance. Using this vector, changes are made to the
teaching signal that would move the output in the desired direction given
the same inputs. Finally, the simulation is rewound and rerun again using
the modified teacher, effectively moving the system in the desired direction.

One important assumption is contained in this plan. At any point in
time, the state of the system is described by its synaptic weights, which
completely determine its spike responses to any input. The optimal correc-
tion for a given sample, therefore, would be achieved by directly changing the
weights. Unfortunately, this manipulation is not biologically plausible, since
the weights must only be changed through STDP. Because of this require-
ment, any system relying on a teacher for learning must make the assumption
that output corrections alone are capable of pulling the synaptic weights in
the right direction, on average.

Ideally, given any set of synaptic weights, a Bayesian classifier would be
used to determine the most probable input class given any observed output
spike train [?]. However, due to the variety of potential inputs, not to men-
tion the astronomical number of synaptic weight combinations, creating the
underlying distributions for a Bayesian method is clearly impractical. There-
fore, an online classifier is desirable. An online technique has the additional
benefit of being robust in the face of concept drift [?], where the underlying
model slowly changes as examples are presented. In the case of a neural sys-
tem with STDP, this drifting occurs because the synaptic weights that define
the system are constantly updated. While an appraisal of the system could
be performed by temporarily fixing the synaptic weights for an evaluation
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Figure 2: Output neuron with 80 input synapses and one teaching synapse.

period, this workaround should be avoided since no guarantees exist that the
performance with a fixed weight set will mimic performance in the natural
situation of ever-changing weights. Furthermore, such a fixed evaluation is
not physiologically realizable.

As a consequence of the above, we make the assumption that moving an
output spiketrain in a greedy direction, improving its own classifiability, will
translate into synaptic weight movements that increase average performance
for the system on the whole.

3.2 Learning Task

As an initial demonstration of the global learning capabilities of the method,
consider a simple puretone frequency discrimination task, as discussed in
Section ??. The auditory stimuli are 50msec iso-amplitudinal puretone blips
ranging in frequency between 90Hz and 5200Hz. The classes are divided
at 2645Hz, the midpoint of the range. While this task seems superficially
simple, any dichotomy of frequencies can be obtained by asking a series of
such high/low questions.

In some respects, working with symbolic tasks presents more of a chal-
lenge than the homogeneous modification rules examined by past researchers
[?][?]. Specifically, any rule that specifies the relationship between a partic-
ular output spike and its input spikes operates merely by making a similar
modification on each observation, without incorporating the performance of
the system at that point in time. On the other hand, a task-based method
utilizes actual feedback for arbitrary symbolic classes, rather than just ad-
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justing the sensitivity of a group of neurons to a particular set of inputs.

3.3 Innocuous Reinforcement

To attain effective, biologically-plausible reinforcment, the nature of the
teaching signal must be deliberated. For simple binary classification tasks,
one could imagine a näıve teaching signal that spikes with an extremely high
rate for class 1 and a low rate for class 0. However, such rate-based rein-
forcements are undesirable. For one, this teaching signal cannot be turned
off without effect: its mere presence or absence denotes that some degree of
reinforcement is occurring. Further, rate-based reinforcement lacks physio-
logical appeal, and it is unclear whether such an approach can be generalized
to arbitrary symbolic input classes.

Therefore, the teaching signal should encode its reinforcements tempo-
rally. First, for the non-informative first pass teaching input, a constant rate
Poisson spiketrain is randomly generated. To make the signal informative for
the second pass, the spikes in this teacher are slightly perturbed, incremen-
tally changing the output spiketrains. Teaching signals of this nature will
have very nearly Poisson spike distributions, reflecting biologically-observed
spike statistics. Comparisons between some perturbed teaching signals and
their base Poisson spiketrains are presented in Figures ?? and ??.

4 Teaching Method

4.1 Objective Function

As stated in Section ??, the ideal reinforcement strategy would be to derive
an objective function of the synaptic weights of the input: E(Q1, . . . , Qn).
For every given set of synaptic weights, or Q-configuration, this function
would relate how good or bad the system is at making its classifications.
Then, a gradient descent over the synaptic weight space could locate the
optimal discriminant. Unfortunately, this objective function seems impossi-
ble to determine directly. Even if one had access to the prodigious amounts
of data necessary to estimate conditional probability distributions for every
potential Q-configuration, enacting such a solution is physiologically unrea-
sonable, since real neurons must operate in an online manner.

Since determining the gradient of the system itself is not possible for any
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online scheme, the only information that can be utilized to direct a given
training period is the output spiketrain. Therefore, we propose a method by
which the system is taught to move each output spiketrain a small amount
in a desirable direction, with the hope that this greedy decision will lead to
a long-term performance gain for the system as a whole.

As in Section ??, each output modulation period is considered as a point
in the spike times feature space. For the selection of the statistical classi-
fier, a linear discriminant has several attractive properties, including ease of
computation and physiological validity. Additionally, since a linear classi-
fier produces a hyperplane boundary between positive and negative classes,
the orientation of this hyperplane can be used to readily assess the perfor-
mance of any given data point. A correction may be applied to a data point
even when the point is correctly classified, which will serve to increase class
separation.

Any incremental learning algorithm may be implemented as a classifier.
For ease of use, we select the perceptron, as presented in Section ??, which is
both online and linear [?]. The learning rate η is set to 0.001 by default. It
should be noted that the use of the perceptron is only a tool to gain insight
into the performance of the current system. The full input discrimination is
performed by first multiplexing the input signals through the nonlinear out-
put neuron, and then effecting the linear separation. Therefore, the overall
discrimination power is superior to a linear classifier, being more reminiscent
of a kernel-based technique.

The output corrections are applied in the following manner. First, the
perceptron’s hyperplane is initialized. To avoid pathological convergence
issues, a small portion of the training data is examined to ensure that the
starting hyperplane is in the same feature space vicinity as the data set. The
initial weight vector is:

W = µ(C1) − µ(C2) (1)

where µ(Ci) denotes the mean of all points in the initial set belonging to
class i. Likewise, the initial bias is set to:

B =
(||µ(C1)||

2 − ||µ(C2)||
2)

2
(2)

After the initial set, each training output spiketrain is evaluated with
respect to the current perceptron hyperplane. Regardless of whether the
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point was correctly classified, a correction is computed, serving to separate
the two classes on every example. This correction is simply a normalized
vector orthogonal to the discriminating hyperplane:

∆y =
W

||W||
z (3)

where z ∈ {−1, +1} is the correct class label of the current point. If
the point is misclassified, the hyperplane is adjusted by the perceptron rules
detailed in Section ??.

4.2 Optimal Teaching Perturbations

Using the sample output’s correction vector, a suitable perturbation of the
teaching spikes - and indirectly, the synaptic weights - can be calculated
to produce the desired output perturbation. We emphasize that all of the
synapses onto the output neuron are perturbed indirectly through the per-
turbations in the output spike train. As a first step, the output spikes and
synaptic weight perturbations must be written as functions of the teaching
perturbations.

The synaptic weights of the system are only updated when a spike is
generated. The following calculations presuppose that the system is about
to produce an output spike, denoting the impending output spike as ynew.
Using the SRM with global threshold Υ:

n
∑

i=0

Mi
∑

j=1

Q
j
i ∗ Pi(x

j
i ) = Υ (4)

where n denotes the total number of neurons, and Mi signifies the total
number of spikes for neuron i within the time window T . By convention,
let i = 0 represent the output spiketrain, i = 1 denote the teaching input,
and i = 2 . . . n be the non-teaching inputs. Therefore, x

j
i is the time elapsed

since the jth most recent input spike for synapse i = 1 . . . n. Similarly, x
j
0

denotes the time of the jth most recent output spike. Finally, Q
j
i denotes the

synaptic strength between input i and the output neuron at the time of spike
x

j
i . These synaptic weight histories must be retained until the spike is no

longer in the active window, as a consequence of the SRM. For compactness
in the derivation, we define Q

j
0 as a constant, 1, for all output spikes j.

9



Finally, Pi(t) denotes the fixed PSP/AHP profile for a given spike on neuron
i:

Pi(t) =

{

1
d
√

t
e

−βd2

t e
−t
τ + CAHP if i 6= 0

Re
−t
γ + CPSP if i = 0

(5)

where all model parameters other than t remain static. Specifically, CAHP

denotes the constant AHP response with respect to input spike movements,
and CPSP denotes the constant PSP response with respect to output spike
movements. Now, to describe the output perturbation ∆ynew caused by a
set of past spike perturbations ∆x

j
i and past synaptic weight perturbations

∆Q
j
i , for i = 0 . . . n, j = 1 . . .Mi, note that:

n
∑

i=0

Mi
∑

j=1

(Qj
i + ∆Q

j
i ) ∗ Pi(x

j
i + ∆x

j
i − ∆ynew) = Υ (6)

Applying a first-order Taylor expansion for Pi(x
j
i ):

∑

i,j

(Qj
i + ∆Q

j
i ) ∗

(

Pi(x
j
i ) +

∂Pi(x
j
i )

∂x
j
i

(∆x
j
i − ∆ynew)

)

= Υ (7)

Rearranging, dropping all non-first-order terms, and noting the equality
in Equation ??:

∑

i,j

∆Q
j
i Pi(x

j
i ) +

∑

i,j

Q
j
i

∂Pi(x
j
i )

∂x
j
i

(∆x
j
i − ∆ynew) = Υ (8)

It follows that:

∆ynew =

∑

i,j Pi(x
j
i )∆Q

j
i +
∑

i,j Q
j
i

∂Pi(x
j
i )

∂x
j
i

∆x
j
i

∑

i,j Q
j
i

∂Pi(x
j
i )

∂x
j
i

(9)

Next, we must formulate the perturbation in a synaptic weight update as a
function of all past perturbations of input spikes, output spikes, and synaptic
weights. To avoid notational confusion, we denote this update perturbation
as ∆Ri, with Ri representing the current weight between neuron i and the
output. Using the notation from above with an impending spike ynew, a
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positive synaptic update is denoted Ri → Ri + gmaxFi. The cumulative
effect of all positive synaptic updates is thus:

Fi =

Mi
∑

j=1

A+e
−x

j
i

τ+ (10)

where Mi denotes the total number of spikes for neuron i lying within the
past STDP efficacy window, which is assumed for simplicity to be the same
length as the spike efficacy time window T . For a set of input perturbations
∆x

j
i , j = 1 . . .Mi and output perturbation ∆ynew as above, the new Fi will

be:

F
(pert)
i = Fi + ∆Fi =

Mi
∑

j=1

A+e
−(x

j
i
+∆x

j
i
−∆ynew)

τ+ (11)

Applying a first-order Taylor expansion for e
−(x

j
i
+∆x

j
i
−∆ynew)

τ+ , it follows
that:

∆Fi =

Mi
∑

j=1

−A+e
−x

j
i

τ+ ∗ (∆x
j
i − ∆ynew)(

1

τ+
) (12)

Now, the change in the update of Ri due to all perturbations, for positive
updates only, is:

∆Ri = gmaxF
(pert)
i − gmaxFi

= gmax ∗

Mi
∑

j=1

−A+e
−x

j
i

τ+ ∗ (∆x
j
i − ∆ynew)(

1

τ+
)

(13)

Where ∆ynew, from Equation ??, is a function of fixed spike and weight
perturbations. Similarly, the cumulative negative synaptic updates for a
synapse i with impending input spike xi,new are:

∆Ri = gmax ∗

Mi
∑

j=1

−A−e
−x

j
0

τ
− ∗ (∆x

j
0 − ∆xi,new)(

1

τ−
) (14)

where ∆xi,new is the prescribed perturbation of the impending input spike.
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As mentioned in Section ??, hard bounds are commonly added to STDP
models to prevent unlimited reinforcement. When a synaptic update would
result in a value beyond the prescribed range [gmin, gmax], the synaptic strength
Ri is set to the boundary, and ∆Ri is set to 0.

Next, perturbations to spikes on the teaching synapse, ∆x
j
1 for all j within

the current window T must be applied so that the output is perturbed in the
appropriate direction. Using Equation ??, the incremental change in each
output spike, ∆yk, for all k within the output window, may be described as
a function of the change in each teaching input spike ∆x

j
1 and the change

in each synaptic weight ∆Q
j
1, forming a Jacobian matrix J. The optimal

teaching spike perturbations are then a solution to the linear system:
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=











∆y1

∆y2

...
∆yn











(15)
The rows of this matrix can be constructed in an iterative fashion by

considering a sliding window starting at [−T, 0] and moving forward to [0, T ].
Whenever a new output spike is encountered at the forward edge of the
window, a new row is created in J. Whenever an input spike is encountered,
the synaptic weight structures are updated according to the negative updates
of Equation ??.

Since this system may be overdetermined or underdetermined depending
on the number of input and output spikes and their relative positions for a
given modulation period, the system is solved using the Moore-Penrose pseu-
doinverse. This solution is desirable in the overdetermined case, because it
will minimize the norm of the error ‖J∆x−∆y‖, and in the underdetermined
case because it will yield the solution ∆x that minimizes ‖∆x‖.
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Figure 3: Moving average accuracy computed over 1000 modulation periods
for runs initalized at various parameter values.

5 Results

5.1 Classification Improvement

Plotting a moving average allows visualization of the performance of a clas-
sifier that is changing over time. Figure ?? shows such a plot, using 1000
modulation periods per average. To avoid contamination of the accuracies
by the teaching process, the performance is plotted before any teaching cor-
rections occur.

Synaptic distances are initialized to random values between 1 and 2 for all
experiments. Similarly, the synaptic weights are initialized randomly between
15 and 25. Each experiment uses a fixed threshold for the output neuron, and
a constant spike rate for the initial Poisson teaching signal. Results for several
experiments, each with different parameters, and random initializations are
shown in Figure ??. For most parameter settings, the teaching signal was
capable of driving the synaptic strengths of the neuron in a direction that
improved classification.

5.2 Innocuousness

The differences between the original non-teaching Poisson spike train and
the appropriately perturbed teaching spike train were hardly distinguish-
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Figure 4: Histogram of the interspike interval (ISI) distribution of the origi-
nal non-teaching Poisson spike train (left), and the appropriately perturbed
teaching spike train (right). Note that the ISI distribution is largely undis-
turbed.

able. The coeffienct of variation (CV) was 0.9665 for the Poisson spike train
and 0.9651 for the teaching spike train. Visually, the interspike interval
distributions were also barely differentiable, as shown in Figure ??). The
conditional distribution function p(xt

i|xj,new), the probability of a spike oc-
curring for neuron i at time t given a current spike on neuron j at time t = 0,
fully determines the rate at which the synaptic strength drifts. As displayed
in Figure ??, no statistically significant differences were found between the
drift for the teaching synapses and the drift for non-teaching synapses.

6 Conclusion

While the preliminary results presented here have not yet been completely
explored, the implications of the initial findings are quite intriguing. The
evidence suggests a mechanism by which feedback could be used in the brain
to learn an arbitrary symbolic task, using only STDP and the most basic spike
time dynamics. Even more surprising is the conclusion that such signals may
be virtually undetectable in biology, masquerading as mundane background
noise.
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Figure 5: Top left: Histogram of the conditional probability p(xt
0|xj,new) for

j = 2 . . . 80, the probability of finding an output spike t ms into the past given
a non-teaching input spike at present. Top right: Histogram for p(xt

i|x0,new)
for i = 2 . . . 80. Bottom left and right: Corresponding histograms for j = 1,
i = 1, respectively, comparing output spikes to teaching input spikes.
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