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Abstract

In this paper, we aim to provide a non-adaptive signal-preprocessing
algorithm that enhances synchronization between two networks. The degree
of synchronization of two networks can be a good indicator of the fidelity of
signal delivered to the biological network, which is of increasing
importance following the advent of sensory prosthetics. We propose that the
channel-to-channel correlation matrix could serve as a way of gaining
insights about a ‘black box network’, and that a pseudo network created
based on the reverse correlation matrix can improve synchronization if the
input signals are pre-processed through the pseudo network. We also
investigate different intra- and inter-network connection topologies and
their effects on efficiency of signal delivery in order to minimize the
connections needed to completely drive a biological network.

1 Introduction

Recent advances in neural prosthetics have led to the advent of sensory prosthetic devices[1]. Such
devices can create sensory emulating signals by electrically stimulating neurons. However, the
interface between the biological neural network and the prosthetic devices are of particular interest
in the context of sensory prosthetic devices due to the non-linear and stochastic nature of the
biological network.

Simulations using Python-based Brian indicated that even very sparsely connected neurons result
in considerable distortions in signals. In order to fully reconstruct the signals generated by the
sensory prosthetics, signals must be pre-processed at the prosthetics to counteract distortions
introduced by the biological network.

The degree of synchronization of two networks is a good indicator of the fidelity of signal
delivered to the biological network, which is of increasing importance following the advent of
sensory prosthetics [2]. Besides signal fidelity, the efficiency of signal delivery is also of
importance. Since currently available neural stimulating techniques involve invasive contacts,
reduction of interface area will undoubtedly attract more potential users. However, minimally
invasive interface inevitably reduces the number of connections between the biological network
and the neural prosthetic device. Different connection topologies must be incorporated to provide
comprehensive stimulation of the biological neural network. (Figure 1).
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Figure 1. Interface between a prosthetic device and the biological neural network

Currently, several optimizing algorithms have been proposed, including the liquid state
machine[3] and the echo state machine[4]. However, all these currently available methods
rely greatly on machine learning algorithms, whose performance is often times mediocre
given insufficient number of trainings.

In this paper, we tried a new way to enhance the synchronizing of two networks which is
evaluated by compare the correlation between input and output. It is simplified and time-saving.

2 Method

2.1 Network construction

We tried to use two networks to mimic the process that signal transfers from a device to a
biological neural network. As shown in Figure 2, A denotes the device and B denotes the
biological network.

In order to obtain legitimate evaluation results, the simulated biological network has to be faithful
representation of a real biological network. On top of that, the simulated network has to be
scalable such that it is applicable to various scenarios. Below details the simulation setup we used
throughout the project with an aim to satisfy the above requirements.

A Interface B B
(B Input) output

Integrate-and-Fire neurons
* Peonnection ("- JI) for any i#
j:0.2
+ Excitatory synapses:
Inhibitory synapses= 8: 2

80 channels N= 80 N=400 N= 80

Figure 2. The basic frame of networks

2.1.1 Signal producing network

As figurel shows, network A is the signal producing network. In real-life scenario, this is
equivalent to the prosthetic device from which sensory signals are generated. This
signal-generating network can be set up to produce any signals. Of particular significance here are
the Possion input and sinusoidal input, which are used during the training process and evaluation
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respectively. Network A is capable of performing distortion eliminating signal-preprocessing,
which in this project is realized through the pseudo neural network connections from A to Binput.

2.1.2 Network B

Network B was constructed to mimic the biological neural network. It comprises three layers
(input, hidden and output). A total of 400 integrate-and-fire neurons are used as the hidden layer,
of which 80% of the neurons are excitatory and 20% are inhibitory ([5]). To evaluate the overall
activity of network B, a total of 80 randomly selected channels are measured. The selected
channels forward signals to Bouwut, Where in real life can be an array of electrodes. Note that the
channel numbers also reflect the location of a specific neuron, with |n; —n;| being the distance
between two neurons as the system is a 1-D approximation of a biological network.

2.1.3 Connection between networks

Neurons in a biological network can form sparse inter-connections within the same network.
Synapses may as well span different networks, relaying information from one network to another.
The ways to connect two networks can be random, full, small world and connections with custom
matrix as weight. Actually, we can achieve different connection by adjusting the custom matrix.

2.2 Training and evaluation

We tried to use a matrix M to characterize the network B, then the output of network B can be
described by equation (1). To achieve high fidelity of signal transfer, we use the inverse Matrix of
M, namely M, as the connection weight matrix between A and input of B. Then the input of
network B, Binput Can be denoted as equation (2). Therefore, Boupur Would equal to A, which shows
in equation (3).

Boutput = Binput * M (1)
Binput :A*M_l (2)
Boutput=A*M_1*M_1*M=A (3)

The key point of the network construction is how to obtain the Matrix M. we determined the value
of elements of M via correlation. We supposed that a virtual direct link between every input
element (I1to In) and every output element (O1to On) exists, as the Figure 3 shows. Herein, a
corresponding correlation coefficient Corr,, could be calculated, as equation (4) shows. Further,
we regarded the element Mm, of Matrix M is direct proportion to Corr,,,, as equation (5) shows.
Finally, we found that the relative optimal results could be obtained when K is 2000. In this way,
the matrix M was determined.

Correlation(I,, 0,) = Corry,, (@)
Mpn = K* Corny,, 5)
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Figure 3. The principle used to calculate the correlation between input and output.

After every single time of running the code, we could obtain a M. Namely, N times later, we could
get N Ms. Then the average value of Ms were calculated, and it was regarded as the final M. After
the Matrix M was determined, the M was calculated subsequently. Then we substituted the M
into weight matrix of connection between network A and network B. The following are the
detailed steps.

The 80 neurons in network A produced Poisson signal at 40Hz, the signal of 80 channel was fully
delivered to input layer of B, which also contains 80 neurons as mentioned above. Then the
corresponding output of network B could be produced. Both the data of input and output of
network B were stored for calculating the correlation coefficient between each channel of input
and output. According to the method mentioned above, correlation matrix M (80 * 80) was
determined. Then we used inv(M), the inverse matrix of M, as the connection matrix for A-Binput.
Until now, the training of the networks were finished.

Last, we calculated the Pearson‘s correlation coefficient between input and output to evaluate the
degree of two neural networks’ synchronizing using the following equation (6).
Input, Output
p{npm,Oumm = Corr(lnput, Output) = w
Jlnpmo-

Ouatpist
E [( Input — .., )(Output = Honpu )}

g,

anmg()u.'pnu (6)
3 Result and discussion

3.1 The Signal input and corresponding output

Before we can evaluate the training performance, a proper model of a biological neural network
must first be constructed. Brian Simulator allows semi scalable systems in which the number of
neurons in a network can be specified arbitrarily. However, simulations showed that the built in
connection topologies in Brian Simulator induces excess spiking activities when a network is
sufficiently large.

3.1.1 Random connections in Biological Network

When the neurons within a network are connected randomly, spontaneous spiking occurs when the
network is large. Since increased neural network size also increases the number of synapses
connected to a neuron will also increase. The accumulation of signals from these synapses may
easily exceed the spiking threshold for the post-synaptic neuron. This eventually results in a
positive feedback loop, which is not biologically tolerable.
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3.1.2 Localized connections in Biological Network

In an attempt to solve for the scalability of the system, a new routing algorithm that takes into
account the distance between two neurons is proposed, with probabilities that a connection exists
between neurons in close proximity being higher than when two neurons are placed distantly
apart. This eliminates the spontaneous spiking activities of a simulated biological neural network.

As of now, the input signal from Binput to B is delivered on a 1-1 basis, in which the 80 input
(Figure 4(a)) channels map to the first 80 out of the 400 channels in network B. When hidden
layer of B is connected by a random way, the neurons of B are easy to be bursting, like Figure 4
(b) shows. It is still problematic, however, if localized connections are implemented in network B.
If only the first 80 channels of network B are provided with input, the signals normally would not
reach faraway neurons because localized connection dictate that signals are not likely to be
delivered to distant neurons in a single hop (Figure 4(c)). In the next section we aim to provide a
solution to this problem.
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Figure 4. The plot of spiking of input and output layer when the connection is conducted via small
world. (a) Random spiking of input layer of network B; (b) the spiking of network B when the
connection of B itself is random; the connection between input layer and hidden layer of B is also
random; (c) the spiking of network B when the connection of B itself is localized; the connection
between input layer and hidden layer of B is one to one to one.

3.1.3 Small world connections at the interface

To provide comprehensive stimulation of a network that adopts localized intra-connections,
optimally inputs need to be spread evenly on all channels. However, this is infeasible in vivo as
neurons in living organisms are not evenly spaced, making it hard for electrodes to evenly
stimulate the whole network. To better reflect reality, a simplified small world connection model
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is used. In our model, 40 synapses form random connections with neurons in network B. The rest
of the 40 connections are location-based. As Figure 5 shows, results from this combination of
small world and location-based connections are consistent with biological experiments. Therefor
we will use such connecting topologies throughout this project.
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Figure 5. The plot of spiking of input and output layer when the connection is conducted via small
world. (a) The spiking of input layer of B; (b) the spiking of output layer of B.

3.2 Performance analysis

There are two ways to quantify the synchronization between two networks. To analyze the
channel-to-channel synchronization, correlation between any two channels can be evaluated. In
Python, this is simply done by taking the Pearson’s correlation coefficients between two channels.
To determine the activity of a whole network, a small-time-window averaging of all the spikes in a
certain time period can be calculated as a function of time[6]. Correlation coefficient can then be
derived based on the averaging results from the input and the output networks.

After the training is complete, the system is ready to be tested. A perturbed sinusoidal signal
(Figure 6(a)) is used to evaluate the performance of our anti-distortion training algorithm. Our
input signal differs from normal sinusoidal spike trains in that every channel is still independent of
each other. Thus channel-to-channel correlation analysis still gives meaningful information as to
how an input channel correlates to an output channel. Figure 6(b), (c) show the output before and
after optimizing respectively.
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Figure 6. Results of raster_plot when the input is sine. (a) The spike of A; (b) the spike of output
layer of B before optimizing; (c) the spike of output layer of B after optimizing.

The raster plots above show that even after optimization, signals are still rather distorted.
However, small-time-window averaging indicates improvement in overall synchronization of
neural activities between the two networks, with an increase in correlation from 0.4610 to 0.7255.
Figure 7(a), (b) show the results of using perturbed sinusoidal signals as inputs before and after
optimizing respectively. When using indecently random signals as inputs, the improvement is also
evident, with an increase in correlation from -0.0644 to 0.2915, as the Figure 7(c), (d) show.
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Figure 7. Results of raster_plot. The width of time window is 1ms. (a) The spike of A, when the
input is sine; (b) the spike of output layer of B, when the input is sine; (c) the spike of A, when the
input is Poisson; (d) the spike of output layer of B, when the input is Poisson.

We further analyzed the exact reasons that lead to the increase of the synchronization. Above
results show that our optimizing is effective. After using the M to replace the original matrix of
full connection, what parameters are changed? ‘The effective number of synapse and the strength
of every synapse’.

It seems obvious that when the strength of every synapse increases, the synchronization will
increase[7]. But that makes sense only when inhibitive synapse does not exist. Actually, the
synchronization decreased when we enlarge the value of M. That identifies that the increase of
synchronization of two networks constructed in our project is not directly related to the increase of
strength of matrix weight. Therefore the remaining possible reason is that the effective number of
synapse which enhances synchronization increase.

3.3 Advantages and disadvantages

Basically, we only need one run to obtain the connection matrix. It is more efficient compared
with other recursive training methods given limited train time. However, the matrix we obtained is
not exact the transfer matrix. As a result, the corresponding correlation between input and output
might not be the highest.

3.4 Future work

The results above hinted that conversion from the inverse matrix to the pre-processing connection
matrix may not be straightforward. Several optimizations of the inverse correlation matrix can be
carried out in order to obtain greatest improvement over synchronization between two networks.
Such modifications include normalization and shifting the weights such that the mean becomes
zero; however, none of these measures can completely counteract the distortions introduced in the
biological network. We suspect this is due to the intrinsic difference between a connection matrix
and an inverse correlation matrix.

A more deterministic way of solving such problems involves deriving the transfer function of the

nonlinear biological neural network[8]. More accurate distortion elimination mechanisms can be
developed accordingly.

4 Conclusion

In this project, we tried to use the synchronizing degree of two networks to measure the fidelity of
signal reconstructions at the brain. Based on Python and Brian, two networks were constructed.
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Compared ways to connect two network, we found that the efficiency of signal delivery
could be enhanced when using small world connection. Besides, we obtained the
characteristic matrix M of network B basically via calculating the correlation between input
elements and output elements of B. At last, we consider the M as the weight matrix of A and
input of B. In this way, we successfully increased the synchronizing between two networks.
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APPENDIX
# -*- coding: utf-8 -*-

from brian import *

import scipy as sp

import random

from scipy.stats.stats import pearsonr
from numpy import matrix

matplotlib.pyplot.close("all™)

tau = 20 * msecond # membrane time constant

Vt =-50 * mV # spike threshold

Vr=-60* mV # reset value

El =-61 * mV # resting potential

psp = 0.5 * mvolt # postsynaptic potential size
neuron_number=400

runtime=200 * msecond

for runrep in range (1):

reinit(0*second)

def Corr(arrayl, array2,len_array):
M_forward=sp.zeros((len_array,len_array))

for i in range(len_array):

for j in range(len_array):
temp=pearsonr(arrayl[i],array2[j])
M_forward[i,j]=temp[0]

return M_forward

def SPKvsT(neu_spikes, timewindow, timescale):
neuronnum, spktime= zip(*neu_spikes)
spikeaccum=zeros(timewindow*timescale)

for tidx in range(timewindow*timescale):

for spkidx in range(len(spktime)):

if abs(tidx/timescale *ms-spktime[spkidx]) < 1/timescale *ms:
spikeaccum[tidx]=spikeaccum[tidx ]+1

return spikeaccum

#def GetConnectionMatrix():

# B_input=PoissonGroup(50, rates=40*Hz)

# V_B_input = StateMonitor(B_input, 'V, record=True)
#V_B_output = StateMonitor(B_output, V', record=True)
# corr=Corr(V_B_input,V_B_output,50)

# return corr

#def Matrix_distance(neuron_number):

# weightmatrix=sp.zeros((neuron_number,neuron_number))
# for x in range(neuron_number):

# for y in range(x+1,neuron_number):
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# if random.random()>0.3: #excitatory connection

# weightmatrix[x,y]=50*exp(-abs(x-y)/100)*mV

# elif random.random()<0.1: #inhibitory connection

# weightmatrix[x,y]=-50*exp(-abs(x-y)/100)*mV

# else:

# weightmatrix[x,y]=0

# return weightmatrix

#

#def reconstructMatrix(Mat):

#x_len, y_len =Mat.shape

# weightmatrix=sp.zeros((x_len,y_len))

# for x in range(x_len):

# for y in range(y_len):

#eqs = Equations(™

#dV/dt = (-V+ge-gi)/taum : volt

#dge/dt = -ge/taue : volt

#dgi/dt = -gi/taui : volt

#")

### definition of connection

#B = NeuronGroup(N=400, model="dV/dt = -(V-El)/tau : volt',

# threshold=Vt, reset=Vr)

#B_Connection = Connection(B,B,weight=Matrix(len(B),len(B)))
#

#

#B_input=NeuronGroup(N=50, model="dV/dt = -(V-El)/tau : volt',
# threshold=Vt, reset=Vr)

#B_input_Connection =
Connection(B_input,B_input,structure="dense',weight=Matrix(len(B_input),len(B
_input)))

#

#

#B_output=NeuronGroup(N=50, model="dV/dt = -(V-El)/tau : volt,
# threshold=Vt, reset=Vr)

#B_output_Connection =
Connection(B_output,B_output,weight=Matrix(len(B_output),len(B_output)))
#

#B_input_B_Connection =
Connection(B_input,B,weight=Matrix(len(B_input),len(B)))
#B_B_output_Connection =
Connection(B,B_output,weight=Matrix(len(B),len(B_output)))
## definition of connection

def sinchoose():

spikelist=[]

for time in range(200):

numberofspikes=int((sin(time/15 )/2 + 0.5)*80)

for idx in range(numberofspikes):
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spikelist.append([random.randint(0,80),time*ms])

return spikelist

A = SpikeGeneratorGroup(80,sinchoose())

# A=PoissonGroup(80, rates=40*Hz)

B = NeuronGroup(N=400, model="dV/dt = -(V-El)/tau : volt,
threshold=Vt, reset=Vr)

B_Connection = Connection(B,B,weight=load('W_BB.npy"))
B_input=NeuronGroup(N=80, model="dV/dt = -(V-El)/tau : volt,
threshold=Vt, reset=Vr)

#B_input_Connection =
Connection(B_input,B_input,weight=load("W_BiBi.npy"))
B_output=NeuronGroup(N=80, model="dV/dt = -(V-El)/tau : volt',
threshold=Vt, reset=Vr)

#B_output_Connection =
Connection(B_output,B_output,weight=load("W_BoBo.npy'))
B_input_B_Connection = Connection(B_input,B,weight=load("W_BiB.npy"))
#B_input_B_Connection = Connection(B_input,B, sparseness=0.015625,
weight=5*mV)

B_B_output_Connection = Connection(B,B_output,weight=load("W_BBo.npy"))
#B_B_output_Connection = Connection(B,B_output, sparseness=0.015625,
weight=5*mV)

C1 = Connection(A, B_input) #assume one to one A->B connection
C1l.connect_one_to_one(weight=1*mV)

# A_B_input_Connection = Connection(A,B_input,
weight=load(‘corr_I_avg.npy"))

#A_B_input_Connection = Connection(A,B_input,
weight=load(‘avg_corrl60.npy"))

###A_B = Connection(A,B_input, weight=)

#func=10* mvolt

#C1 = Connection(A, B_input, weight=func)
#B_input=B.subgroup(50);

#B_output=B.subgroup(50);

# func is the function of distance between

# pre and post, the membrane potential, and the number of connection
A_spike = SpikeMonitor(A)

B_spike = SpikeMonitor(B)

B_input_spike = SpikeMonitor(B_input)

B_output_spike = SpikeMonitor(B_output)

#B.V = Vr + rand(400) * (Vt - Vr)

#M = StateMonitor(B, V', record=True)

#C1[0,0] =50 * mV

V_B_input = StateMonitor(B_input, 'V', record=True)

V_B_output = StateMonitor(B_output, 'V', record=True)
run(runtime)

corr=Corr(V_B_input,V_B_output,80)

# corr_temp=matrix(corr)
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# corr_l=corr_temp.I

# save(‘corr_locoffl_'+str(runrep) ,corr)

# save(‘corr_I1_locoffl_'+str(runrep),corr_I)
print B_spike.nspikes

print B_output_spike.nspikes

#

#figure(1)

#plot(M.times / ms, M[0] / mV)

xlabel('Time (in ms)")
ylabel('"Membrane potential (in mV)')
title('(Membrane potential for neuron Q')

figure(1)
raster_plot(A_spike)
title('A_spike’)

figure(2)
raster_plot(B_spike)
title('B_spike’)

figure(3)
raster_plot(B_input_spike)
title('B_input_spike’)

figure(4)
raster_plot(B_output_spike)
title('B_output_spike, before optimizing')

inputspk =SPKvsT(A_spike.spikes,200,1)
outputspk=SPKvsT(B_output_spike.spikes,200,1)

figure()

plot(sp.arange(0,200,1),inputspk /max(inputspk ), label="Input at A: $sin$")
plot(sp.arange(0,200,1),outputspk/max(outputspk), label="Output at B before
optimizing’)

pylab.legend(loc="upper right’)

print pearsonr(inputspk /max(inputspk ),outputspk/max(outputspk))

T T T
from brian import *

import scipy as sp

import random

from scipy.stats.stats import pearsonr



503  from numpy import matrix

504  import scipy as sp

505  from numpy import matrix

506

507  avg=sp.zeros((80,80))

508  foriinrange (5):

509 avg=avg+load('corr_locoffl_'+str(i)+'.npy’)
510 avg=avg/10

511
512  #avg=avg/(avg.max())/10
513
514  save('corr_locoffl 'avg)
515

516  avg_temp=matrix(avg)

517  avg_l=avg_temp.l

518  avg_l_transfer=avg_l+abs(avg_l.min())

519  avg_l_modify=avg_l_transfer/avg_I_transfer.max()

520  save('corr_l_avg',avg_|_modify/2000)
521

S22 T T ]

523

524 import scipy as sp

525  import random

526  from brian import *

527

528  def Matrix(na,nb):

529  weightmatrix=sp.zeros((na,nb))
530  for x in range(na):

531 fory in range(nb):

532 if x==y:

533  weightmatrix[Xx,y]=0*mV

534  elif random()>0.8: #excitatory connection
535  weightmatrix[x,y]=1.00*mV
536 elif random()<0.2: #inhibitory connection
537  weightmatrix[Xx,y]=-1*mV

538  else:

539  weightmatrix[x,y]=0

540  return weightmatrix

541  save('W_BB1',Matrix(400,400))
542 save('W_BiBil',Matrix(80,80))
543  save('W_BoBol',Matrix(80,80))
544  save('W_BiB1',Matrix(80,400))
545  save('W_BBo1',Matrix(400,80))

546



