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0 – Abstract

An overwhelming body of evidence strongly implicates astrocytes in synaptic plasticity, information

processing and intelligence. Currently, we lack a comprehensive model of how astrocytes integrate as

functional elements in the learning networks of the brain. To investigate neuron-astrocyte networks,

computational techniques borrowed from the field of artificial intelligence were used to create models.

The aim of  this  project  was to  implement  a  published model  and develop upon it  to  improve  its

biological plausibility. By re-implementing this model, it was found that it lacked biological validity and

simulations showed that its learning performance was worse than a neural network alone, contrary to

the original authors'  findings.  Finally, I  developed my own computational neuron-astrocyte  network

model.  Although  time  has  limited  complete  refinement of  the  model  it  offers  great  promise  as  a

framework for future models.

1 – Introduction

The  consensus  understanding  of  the cellular mechanisms of brain function  may be reduced,  albeit

partially, to the following definition. The brain is a biological learning machine which stores memories

as synaptic weight adjustments (synaptic plasticity; SP) to create a custom network architecture. This

custom architecture is used to process novel sensory inputs (information processing; IP) to determine

the  motor outputs  of the organism.  It  has been a long-held tenet of neuroscience that the cellular

elements responsible for SP and IP are neurons.  However, accumulating evidence  since the early

1990s  (1–5) has convincingly demonstrated a prominent role of astrocytes in both SP and IP  (for

comprehensive  reviews see  (6–8)). Based on this evidence, modern theories of the cellular basis of

brain function are adapting to incorporate astrocytes.

1.1 – Evidence for the role of astrocytes

The  recognition  that  astrocytes  are  able  to  both  detect  and  release  virtually  all  known

neurotransmitters has fuelled  the blooming research into astrocytes as functional components of the

synapse (6,9–12).  This is called the tripartite synapse  which digresses from the traditional view of a

synapse  as  it  accommodates  for  the  communicative  capacity  of a  perisynaptic  astrocyte.

Neurotransmitter released by presynaptic neuron may bind to receptors on the astrocyte and lead to its

activation (9,13–15).  In an active state, astrocytes may release neurotransmitters or other chemicals

back to the synaptic cleft  contributing to the total neurotransmitter detected by postsynaptic neuron.

(16–19) Furthermore, astrocytes may communicate with other astrocytes (4,20–25).  I will now briefly

summarise the current understanding of the role of astrocytes in IP and SP.

1.1.2 – Astrocyte activation and information processing

Astroyctes possess a diverse repertoire of ionotropic and metabotropic receptors.  (10,12,13) These

receptors often mirror the receptors found on the postsynaptic neuron, thus facilitating the processing

of synaptic activity.  (10,12,13) Importantly, each astrocyte is associated with a unique population of

synapses  and therefore integrates a unique set  of  inputs (26).  Persistently  high levels  of  synaptic

activity may activate the astrocyte  (11,19,27,28). It is widely-accepted that astrocytes represent their

activation in the form of spatio-temporally complex  calcium (Ca2+) responses   (11,19,27–29). These
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Ca2+ responses  are  built  from two  fundamental  types  of  subcellular  Ca2+ events.  Type  1  events,

sometimes called focal-transient microdomains, are high frequency, short-lasting Ca2+ events confined

to areas of up to 4 μm  (16). Type  1  events  are  caused  by  spontaneous  sub-threshold  presynaptic

neurotransmitter release  (16).  Conversely,  type 2 events are initiated by the occasional coincident

arrival  of  multiple  action  potentials  at  synapses  contained  within  the  astrocyte's  domain  to  form

longer-lasting and larger Ca2+ events (16,27,30). 

The predominant molecular mechanism for the generation of Ca2+ events is known to involve inositol

1,4,5-trisphosphate  (IP3)-mediated  release  of  Ca2+ stores  from  the  endoplasmic  reticulum  (ER)

(15,28,31).  These local  Ca2+ events may propagate  down the processes  of  the  astrocyte  to  form

intracellular Ca2+ waves  (15,32,33). The formation of an intracellular Ca2+ wave is dependent on the

interplay  of  multiple  parameters.  These parameters include  ratios  of  Ca2+ buffering,  extrusion and

amplification,  as well as levels of IP3 degradation and production enzymes, reviewed in  references

(12,19,32,34).  In  some  cases,  these  intracellular  Ca2+ waves  may  develop  into  whole-cell  Ca2+

responses.  Whole-cell  Ca2+ responses have a characteristic  initial  Ca2+ peak  at  approximately  1-2

seconds (30) post stimulation followed by either a plateau phase or sustained Ca2+ oscillations. They

finally  return  to  baseline  levels  at  approximately 7-30 seconds  (7,30,35) after  stimulation.  Such  a

temporal scale contrasts that of neurons by several orders of magnitude. Ca2+ oscillations are thought

to  encode  information  through  their  amplitude  and frequency  as  well  as  characteristic  oscillation

patterns. (7,28,36,37) Decoding these patterns is an area of active research (15,38,39).

The complexity of Ca2+ encoding is further expanded by the capacity of Ca2+ waves to propagate to

neighbouring astrocytes via gap junctions to form intercellular Ca2+ waves (ICWs)  (4,13,23,35). Gap

junctions  act  as  simultaneous  input-output  portals  between  astrocytes,  permitting  intercytoplasmic

transfer of molecules less than 1 kDa (23).  The speed of ICW propagation is slow (16  μm/sec) and

fairly uniform across the literature (32,40–42). Conversely the degree of coupling between astrocytes

in different regions of the brain can vary significantly  (26). Some ICWs are reported to recruit  2-5

astrocytes (42,43) whereas other groups report ICWs involving tens to hundreds of astrocytes (41,44).

It may be hypothesized that astrocytes comprise three orders of IP in the brain. Most low-level is that of

subcellular microdomains, followed by whole-cell responses and most high-level is that of ICWs. The

integrative capacity of astrocytes is somewhat perplexing since each astrocyte may integrate tens of

thousands of  synapses and  hundreds  of  other  astrocytes  over  several  seconds.  This capacity  of

astrocytes is capitulated by Fig. 1.
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Figure 1 | Schematic of astrocytic input and output connections. A single astrocyte ireceives input from multiple 
synapses in its domain (up to 2 million in human brain (18)) and also from many other astrocytes via gap 
junctions. It is also able to output and influence the activation of these synapses and astrocytes to which it is 
connected. 

1.1.3 – Astrocyte output and synaptic plasticity

As  previously mentioned, astrocytes are capable of communicating with each other via ICWs  and

influencing  synaptic  transmission.  Astrocytes  have  been  observed  exocytosing  a  large  range  of

molecules  including  growth  factors,  neuropeptides  and  most major  neurotransmitters  (glutamate,

GABA,  acetylcholine  and dopamine)  (11,18,29,45–54).  Furthermore,  neurotransmitter  clearance  is

heavily  reliant  on  astrocytic  uptake.  At  glutamatergic  synapses,  for  example,  astrocytes  uptake

approximately  80%  of  glutamate  released  by  the  presynaptic  neuron  (18,55,56).  Thus,

neurotransmitter clearance presents another viable means of regulating neurotransmission. 

Astrocytic transmitter release commonly induces slow inward currents (SICs) which promote neuronal

synchrony  and  lasts several  hundred  milliseconds  (28,45,46,57–62).   Astrocyte-induced  SICs have

been described in the hippocampus (45,58), cortex (42), thalamus (63), nucleus accumbens (64) and

spinal cord (46). When modelling networks, important features of SICs to consider are that they may

affect many neurons at once and their effects last over many synaptic events.

Astrocytic release of signalling molecules has been implicated in  the  four  major  forms of SP: short

term potentiation  (29,33,44,45,58,65,66), short term depression (67,68), long term potentiation (LTP)

(29,33,50,67,69–72) and long term depression (LTD)  (60,68,73–75). For example, D-serine stands out

as a particularly good advocate for the involvement of astrocytes in LTP and LTD, due to its interaction

with the NMDA receptor (NMDAR). The NMDAR is famous for its Hebbian-like “coincidence detection”

of presynaptic and postsynaptic activation in LTP and LTD  (76,77). However, it is often overlooked that

NMDAR activation also requires the binding of a co-agonist either glycine or D-Serine (76). Findings

reveal  that  in  the  mammalian  brain  this  co-agonist  is  predominantly  D-Serine  (78) and  that  the

predominant  source  of  D-Serine  is  astrocytes  (7).  Therefore,  NMDARs  may  act  as  coincidence

detectors of presynaptic neuron, postsynaptic neuron and perisynaptic astrocyte. Indeed, experiments

demonstrate that astrocytic D-Serine can gate the induction of LTP ( 33,50,69,71) and LTD (74,75) in a

concentration-dependent manner. Other experiments  (69–71) suggest a more direct involvement of
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astrocytes.  For  example,  clamping  of  cytoplasmic  Ca 2+ in  hippocampal  astrocytes  was  shown  to

prevent the formation of LTP (69).

1.3 – Modelling Astrocyte Networks

As discussed above, there is sufficient evidence to implicate astrocytes in SP and IP and therefore the

complex learning and behaviours performed  by brain.  The brain allows for its complex learning and

behaviours by the arrangement of its cells in a network. As can be seen by the comparison of species,

a more complex network can often facilitate more complex behaviours. (18) Our understanding of how

neuron-astrocyte  networks  communicate  to  facilitate  such  faculties is  lacking.  To  investigate  this

problem, this project involved the implementation of artificial neural network (ANN) models. ANNs are a

branch of the multidisciplinary field of artificial intelligence (AI). ANNs have been chosen as the basis

for the models in this project as they consist of relatively abstract representations of cells. Thus ANNs,

facilitate the exploration of  the network properties that  mediate  learning rather than  a focus on the

internal cellular  representation.  A further justification for the use of ANNs is the strong relationship

between  astrocytes  and  intelligence.  Humans  show the  greatest  asrtocyte-to-neuron  ratio,  largest

astrocytes and most morphologically complex astrocytes of all organisms (18). Furthermore, humans

are known to possess subtypes of astrocytes unique to primates and even subtypes unique to humans

(79).  A recent  experiment  demonstrated  that  the  transplantation  of  human  astrocytes  into  mice

improved the learning and memory performance of the mice (80). It is therefore somewhat surprising

that there have been so few AI groups modelling neuron-astrocyte learning networks. Perhaps, this is

in part due to the highly integrative properties of astrocytes (Fig. 2) which make them difficult modelling

subjects.  Neurons make good modelling subjects  due to their  discreteness.  For example,  neurons

have clearly designated input and output compartments by way of dendrites and axons, respectively. In

astrocytes,  there are fewer constraints  as perisynaptic processes and inter-astrocytic gap junctions

may be considered simultaneous input and output connections (20,44). Despite these challenges, this

project proposes the most important criteria for modelling neuron-astrocyte networks, as shown in Box

1.

Box 1 | Astrocyte criteria for modelling cellular learning in neuron-astrocyte networks
1. Each astrocyte monitors a distinct subset of synapses.
2. Activation of astrocytes is several orders slower than that of neurons.
3. The effects of astrocytes are longer-lasting than those of neurons.
4. Astrocytes are able to communicate with each other.
5. Astrocytes outnumber neurons.

One AI group at the University of Coruna has experimented in merging astrocytes with ANNs (81,82).

Their model, which will be referred to as the Porto-Pazos model (PPM),  claims to model the larger

temporal scale of astrocytes with the result that the PPM has a better learning performance than  a

network consisting solely of neurons (81,82). Furthermore, this performance could not be matched by

the addition of more neurons (81). The PPM therefore presents a suitable model for future models to

develop upon and will serve as a foundation for this project.
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1.5 – Motivation and objective

As has  been reiterated  throughout  the  literature  review and  introduction,  astrocytes  are  strongly

implicated  in  both  IP and SP.  However, our understanding of how astrocytes integrate as functional

elements in the networks remains incomplete. Therefore, the gaps in our understanding of the cellular

networks  of  the  brain  is exposed  as  vastly  greater  than  most  neuroscientists believe.  Hebbian

principles  of  neuronal  pairing  have  served  as  a  framework  from  which  the  majority  of  research

concerned with cellular learning in neuroscience, psychology and AI have been built.  The primary

objective of  this research was to develop a model which offers a novel,  biologically plausible and

mathematically permissible framework for the cellular functioning of networks in the brain.  It can be

hypothesized that the addition of astrocytes to ANNs will  greatly enhance their learning performance.

The implications of such a model are potentially great. Thomas Kuhn proposed that the progression of

scientific fields do not follow continuous linear change but undergo periodic “paradigm shifts” (83). One

may  hypothesize  that  neuroscience  is  on  the  brink  of  such  a  paradigm shift:  the  acceptance  of

astrocytes as functional elements  in  intelligent systems.  A model which  fulfils  the  objectives of this

project  could  induce  such  a  paradigm  shift.   Furthermore,  the  implications  of  a  network  which

outperforms ANNs are diverse and influential. ANNs are not just models of the brain but can be found

to underlie a wide range of systems. For example,  ANNs are used in stock market predictions  (84),

voice  recognition  (85),  face  recognition  (86),  robotics  (87) and  medical  diagnosis.  Even  Google

depends on ANNs for its web crawlers (88). 

The project  itself  consisted of  two parts and three specific aims. The first  part of this project  was to

reimplement the PPM. The second part was the development a novel model. The first aim was to verify

the biological and computational validity of the PPM.  The second aim was to create a model which is

more biologically plausible than the PPM and fulfils the criteria in Box. 1. The final aim was that the

novel model has better learning performance than both the PPM and an unadulterated ANN.

2 – Methods

Three different  ANNs were implemented in this project. The first  is  a generic  ANN, which will  be

referred to as the base neural network (BNN). The second is the PPM and finally my own interpretation

of an artificial astrocyte-neuron network.  The PPM and my model are extensions of the BNN. In this

section,  an  introduction  to ANNs and  genetic  algorithms will  be  given,  thus  explaining  the

computational methods of the BNN. Also in this section, the implementaiton details of the PPM will be

given. In the results, the implementation details of the resulting novel model will be given.

2.1 – Base neural network model

 ANNs  provide  an approach  to  understanding  how  circuits  of  connected  neurons  may  produce

complex learning and behaviours.  ANNs  learn by example,  that  is  they are trained by sequential

presentation of samples from the  dataset. The  learning algorithm recognizes patterns in the dataset

and stores these as modifications of  the network's  interconnection pattern.  The dataset is generally

split  into training and test  data.  The training data  is  used for  the learning phase of  the algorithm

whereas test  data is used for performance assessment of the network.  The datasets used in this
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project were the XOR, parity and Iris datasets. XOR is the simplest dataset and consists of 4 samples

each with 2 binary inputs (2-bit) coupled to a single binary target. The XOR was used for preliminary

testing of the networks (data not shown). XOR was chosen as it is a small and commonly used dataset

thus  allowing  for  fast  debugging  of  the  network.  The  parity  and  Iris  datasets  were  used  in  the

simulations to assess the networks. The parity dataset is an extended 4-bit version of the XOR dataset

for which 75 samples were generated for the training data and 75 samples for the test data. The parity

dataset was chosen as it is commonly used for the assessment of ANN performance  (89).  The Iris

dataset is  real data from that of  150  measurements of flower dimensions of  3  closely related flower

species (90). Each sample in the Iris dataset consists of four inputs (sepal length, sepal width, petal

length and petal  width) and a target which can be one of the three species.  The Iris dataset was

chosen for comparison purposes as it was also used by the PPM publications (81,82). As in the PPM

publications the Iris dataset was split in half for training and test data.

An ANN is an abstract mathematical representation of a population of neurons connected by synaptic

weights.  Synaptic  weights  are  parameters  that  determine  the  strength  of  the  connection  between

presynaptic  neuron and postsynaptic  neuron.  Adjustment  of  these  parameters  by  the  learning

algorithm facilitates recognition and classification of  patterns in the datasets.  There are enumerable

types of ANNs each of which can be defined by three principle properties: neuronal activation function,

network architecture and learning algorithm.

2.1.1 – Neuronal activation function

The  neuronal  activation  function  determines  how neurons  integrate  their  inputs.  The  prototypical

biological neuron is depicted by Fig. 2A.  In simple terms, a neuron integrates its afferents over time

and if the neuron reaches a particular threshold it will fire. Models of the internal operations of the

neuron can vary enormously in their  level  of  detail.  For  example,  models like the Hodgkin-Huxley

model incorporate features as low level as the changes in ionic currents (91). A commonly used model

is that of a leaky-integrate and fire (LIF) neuron represented by Fig. 2B. 

Figure 2 | (A) Illustration of a prototypical neuron with afferent dendritic input and efferent axonic output. (B) 
Illustration of leaky integrate and fire model. Inputs (x1-4) are multiplied by their respective synaptic weights 
(w1-4), summed and integrated over time. If the integral exceeds a threshold, the neuron fires and the integral 
is restarted. The strength of a particular synapse is indicated by the magnitude of the synaptic weight value. 
The delay of signal propagation along the axon may be modelled by a time parameter Δt. Adapted from (110) 

The neural  network models in this implementation use two types of  neuron models:  the threshold

neuron and  the hyperbolic  tangent  neuron.  These two neuron models  were chosen to  match the

models  used  in  the  original  PPM,  allowing  for  comparison  of  performance  results  (81,82).  The

boundary conditions of the output of a threshold neuron   are determined by neuronal threshold

value , as given by Eq. 1. 
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(1)

 is the postsynaptic neuron which  receives inputs from  presynaptic  neurons  represented by the

vector   of length   (where   is the number of presynaptic neurons)  which are multiplied by their

respective synaptic weights, .  is a matrix of values which contain the synaptic weights connecting

pre- and postsynaptic neurons   and  , respectively. The hyperbolic tangent neuron is similar to a

threshold neuron, however instead of gating  the output  of the neuron with a threshold the summed

inputs are parsed through the hyperbolic tangent function as given by Eq. 2. 

(2)

The hyperbolic tangent function outputs continuous values between -1 and 1 in a non-linear fashion. 

We apply this function to model the firing rate of the neuron. From a practical perspective, this is also 

important in facilitating learning of data which is not linearly separable. 

2.1.2 – Interconnection pattern 

As  noted  earlier,  networks  are  important  in  biology  to  facilitate  complex  behaviours.  A practical

demonstration of this  can be shown by using a simple classification problem such as the negative

patterning problem or as it  is  commonly known in  computer  science the XOR problem  (92).  This

problem requires a network of neurons and cannot be solved by a single neuron.  In a network the

pattern  is  represented in  distributed fashion across many neurons  which facilitates  more complex

pattern recognition.

Neurons can be connected with each other in many different architectures and there are many types

of networks for example, Hopfield networks (93), Evolino networks (94) and deep belief networks (93).

The models  in  this  project  will  use  feedforward networks  (FFNs),  where information flows in  one

direction from input layer, to hidden layer, to output layer, as shown by Fig. 4A. FFNs have a variable

number of hidden layers  and  each hidden layer  has  a variable number of neurons. The number of

neurons in the input and output layers are determined by the dimensions of the training data used. In

the case of our networks used for parity and Iris datasets, we used an architecture of 4, 6 and 3 for

input, hidden and output layers respectively. The output layer was a threshold layer with a  of 0.5 and

the others were hyperbolic tangent layers. These parameters were chosen to match PPM publications

(81,82).
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Figure 3 |  Schematic of BNN and PPM architecture for the XOR dataset. Note that for the parity problem and Iris
dataset the architecture would 4, 6, 3 for input, hidden and output layers respectively. (A) Representation of 
BNN. Input, hidden and output layers are labelled in parallel to their respective layers. Grey circles represent 
neurons. Thin black lines between neurons represent synaptic weights. (B) Representation of Porto-Pazos 
model. Red squares represent astrocytes. Thick black lines between neurons and astrocytes represent an 
association between neuron and astrocyte (note thick black lines do not have weight values.

2.1.3 – Learning algorithms

In biological  systems, synaptic plasticity is considered the  underlying mechanism of learning.  The

computational  analogue  of  SP  in  ANNs  is  the  modification  of  synaptic  weight  values.  Learning

algorithms are used to update these weights such that the output of the network is optimized to the

target  values  for  the  inputs  of  the  dataset.  Given  a  dataset  of  the  form

 a learning algorithm seeks the function  where 

is the output of the network. 

There are two main types of learning algorithms: supervised and unsupervised.  Supervised learning

uses the network error, calculated as the difference between output layer and target values, to adjust

the  synpatic  weight  values.  Unsupervised  algorithms,  however,  do  not  use  the  error  score.  The

underlying algorithm for the models is a supervised genetic algorithm (GA). It is important to clarify that

genetic algorithms  bare  no relation to  the genetics of the cells being modelled.  Rather  GAs  can be

considered a general optimization algorithm not biologically related to the models. GAs are a branch of

AI  which  model  the  supreme  intelligence  that  created  intelligent  organisms:  evolution  (96).  As  in

evolution, an initial population is created from which only the fittest  individuals survive to generate a

new population. The new generation is different from the previous population due to mutation and

crossover of the genetic material. Subsequently, the process loops and the fittest individuals from this

population survive to reproduce. The steps of a GA are summarised by Fig. 3. In our case, the initial

population created is a population of neural networks (Fig. 3.1). We rank the fitness of the individuals

by assessing their percentage error ( ) given by,

(3)

where  returns the output of the network produced by activating the network with the given inputs

9



and  is the training data used which consists of  a list of samples (Fig. 3.2).  We use  rather

than  the  more  widely-used  mean  squared  error,  as  our  outputs  are  boolean  and  therefore  

provides more useful data about performance of the individual. The fitness of each individual is given

by 

(4)

such that each fitness value is a proportion of the total   of the population where  indicates the

current  individual  and   denotes  the  population  size,  thus  creating  a  probability  distribution

proportional to . Based on this probability distribution we select two individuals from the population,

known as roulette wheel selection (Fig. 3.3.1). In the next step (Fig. 3.3.2) the weights of these two

individuals may be crossed over if a randomly generated number falls under the crossover probability.

To match PPM publications,  I implemented one-point crossover and crossover probability was set to

0.9 (81).  Crossover  is  analogous to  genetic  recombination  of  biological  chromosomes,  where  the

chromosomes are the weights  of  the networks. Subsequently,  mutation probability  determines the

probability  that  any  given  weight  will  be  randomly  modified  (Fig.  3.3.3). Again,  to  match  PPM

publications, mutation probability was set to 0.1 (81,82). Each time mutation and crossover (processes

Fig.  3.3.1-3) are  repeated,  two  new  individuals  are  created  and  appended  to  the  growing  new

population.  These  processes  are  repeated  until  the  new  population  size  has  reached  150.

Subsequently,  the new population is ranked in order of fitness, thus completing the cycle. This cycle

was repeated 1000 times for each trial. To evaluate the performance of the networks, the training data

and test data were used to calculate the  after these 1000 cycles. 

Figure 4 |  Schematic of genetic algorithm. See text for 
explanation
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2.2 – Porto-Pazos model

The PPM develops upon the BNN by including a second phase to each learning step. The first phase

is an unsupervised algorithm, called the neuroglial algorithm (NGA) and the second phase is the GA

described above (81,82). In the NGA, each neuron has an associated astrocyte ( ) as shown in Fig.

4. To model the slower temporal scale of astrocytes, each sample is processed over several iterations

. During these iterations the astrocytes activity is updated (Eq. 5).

(5)

where ,   :  number of  neurons in  layer,   :  output  of  neuron,

 :  change in  astrocyte  activity.  If  during  ,   reaches threshold  ( )  due  to

persistent  neuronal  activity  the status of  the astrocyte  ( )  is  set  to  1 (positively  active)  or  -1

(negatively active) shown by Eq. 6.

(6)

If  the astrocyte  is  activated  it  remains active for   iterations and while  active all  presynaptic

weights to the neuron  will be updated (Eq. 7). 

(7)

where  is the presynaptic weight from neuron  to ,  : 0.25,  : 0.5. In the case of the hidden

layer astrocytes will not just modify all presynaptic weights of neurons in this way but also all output

weights of neurons in this way. In the case of the input layer, only output weights will be modified.

Finally, in the case of the output layer, only the presynaptic weights will be modified. The values for the

above parameters were as follows: =6, =3, =3. 

2.3 – Statistical and technical details

For each model a simulation was run. Each simulation consisted of  20 trials.  Each trial consisted of

1000 generations. As mentioned, for the PPM each generation consisted of the NGA followed by the

GA whereas  for  other  models  each  generation  only  involved  the  GA.  To  assess  the  learning

performance of the various models,  was calculated using Eq. 3. One-way ANOVA was chosen to

compare the mean  between all groups. Tukey test was used as a post-hoc test between groups

as the results data is parametric. One-way ANOVA Tukey tests were performed using the stats module

from the scipy python library. All implementations were built in python using scipy library. All simulations

were run on Linux, Intel® Core™ i7-3517U with DDR3 1600MHz 4GB RAM. Speed of simulations was

measured  as the time taken to complete one learning epoch, as measured using the timeit module

from python. Speed was measured by averaging 20 learning epochs whilst training to the Iris dataset.
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3 – Results

This project has two main results sections. In the first section, the details of the proposed model will

be described. In the second section, the results obtained for the learning performance of the various

models will be described.

3.1 – The proposed model

The  primary  objective  of  the  reciprocal  astrocyte  processing  (RAP) model  is  to  improve  on  the

biological realism of the PPM. The principal difference between the PPM and the RAP model is that

astrocytes in  the RAP  model  are not part  of  the  learning algorithm  but rather  assemble alongside

neurons as complementary components of a united structure. Consequently, activation of the network

differs from that of a traditional FFN. I will now describe RAP model activation and architecture.

For simplicity, astrocytes in the RAP model only communicate with synapses from the input layer to

the hidden layer.  Each astrocyte monitors a distinct subset of synapses such that astrocytes have

non-overlapping domains. The number of astrocytes ( ) is equal to the number of neurons in

the hidden layer and the number of synapses in each domain are equal to the number of neurons of

the input layer ( ). The configuration of astrocyte-to-synapse coupling is assigned randomly and

conserved during learning. To resemble gap junction coupling, all astrocytes are reciprocally connected

to each other. The architecture of a simple RAP model network is illustrated by Fig. 8A. 

Astrocytes interact  with synapses  in  their  domain  via two weights.  A weight  from the presynaptic

neuron to the astrocyte ( ) and a weight from the astrocyte to the synapse ( ). 

represents the capacity of neurotransmitter released from presynaptic neuron to activate receptors on

the  astrocytic  membrane.   represents  the  relationship  between  astrocyte  activity  and  the

probability that neurotransmitter will be released by the astrocyte at that synapse. This configuration of

weights resembles the tripartite synapse (6,11) and is best represented by Fig. 8B. The postsynaptic

neuron   subsequently  sums the input  from the synapse  (presynaptic  and astrocytic contributions

included) multiplied by  a  third  weight  ( ).  Therefore the activation  function for  the postsynaptic

neuron ( ) is modified from Eq. 2 as follows

(8)

where  is the output from the astrocyte to the synapse , where  and  are indices. 

is combined with the output from presynaptic neuron ( ) and multiplied by the weight .   is

calculated as follows

(9)

where the  activity  of  the  astrocyte  is  represented  by   where .  The

astrocyte's  activity  is  dependent  on  three  factors,  shown  by  Eq.  10.  Firstly,  the  input  from  the

presynaptic  neurons in  the domain of  the astrocyte  ( ).  Secondly,  any residual activation from

previous stimuli ( ). Finally, the astrocyte integrates from adjacent astrocytes ( ).

(10)

We use the hyperbolic tangent function to approximate a non-linear  summation of inputs.   Lag is
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calculated  as the mean of  the  astrocyte's  activity  over  the previous   iterations  multiplied  by the

momentum factor , given by

(11)

where  denotes the iteration such that when ,  refers to the activity value of the astrocyte

at the current iteration, in other words . For the simulations,  was set to 3 and  was set to

0.1. The input to the astrocyte from the presynaptic neuron is given by 

(12)

where   represents  the activity of  the presynaptic neuron and   is a list of  tupled  indices which

indicate  the  synapses  monitored  by  the  astrocyte  ,  hence   such  that

.  The summation of an astrocyte's reciprocal connections to other astrocytes is given

by

(13)

where  represent the bidirectional gap junction weight connecting astrocytes  and .

Figure 5 | (A) Schematic of RAP model architecture. Neurons depicted as grey circles and astrocytes as red 
squares. Black lines represent synaptic connections. Thin red lines represent astrocyte-to-synapse 
configuration. Note that each thin red line contains two weights namely Synin and Synout. Thick red lines 
represent reciprocal connections between astrocytes termed G. (B) Schematic of a single synapse in the RAP 
model. Synout connects presynaptic input xi to astrocyte Ak which processes this input with other inputs from 
other synapses. Astrocyte Ak also receives reciprocal input from other astrocytes (astros), via independent 
weights (G). Inputs from Lag and other synapses to Ak  are not shown. Ak outputs back to the synapse via Synin are
not shown for clarity. The presynasptic and astrocytic contributions are then combined and detected by 
postsynaptic neuron via wij. This synaptic input ultimately contributes to the output of postsynaptic neuron Oj.

The sequence of activation of the RAP network is as follows:

1. Activate the input layer. 

2. Update astrocyte activity from presynaptic activity. Eq. 12

3. Update astrocyte activity from residual lag. Eq. 11
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4. Update astrocyte activity from reciprocal connections with other astrocytes. Eq. 13

5. Update synaptic input to postsynaptic neurons from astrocytic activity. Eq. 9,10

6. Activate the postsynaptic hidden layer. Eq. 8

7. Activate the output layer. Eq. 2

A GA was used to train the weights of the network. The parameters used for the GA were identical to

those described  for other models.  However, unlike in the BNN and PPM, not only neuronal weights

were trained by the GA but also ,  and  values were used as substrates for learning.

During training samples were presented randomly to prevent network training to sample sequence.

3.2 – Simulations

All implementations depended upon the underlying GA of the BNN.  Therefore, it  was important to

verify its performance. As a preliminary test, the BNN was trained to the XOR dataset. Over 20 trials,

the BNN invariably achieved 0% error within 10 iterations. Subsequently, the BNN was tested on the

parity dataset. The parity dataset is an extension of the XOR dataset and is commonly used for the

validation of neural networks (89). The BNN was able to learn the parity dataset and achieved a test

error of 1.3 % ± 0.0, averaged over 20 trials, Fig 6A,B. Finally, the BNN was trained to the Iris dataset,

Fig  6C,D,  where it  reached a test error of 9.6 %  ±  2.0.  The  Iris dataset was used for comparison

purposes as the PPM publications used the Iris dataset  (81,82).
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Figure 6 | Learning performance of BNN, PPM and RAP model. (A, B) Learning performance of models trained 
with the parity dataset. BNN (blue) and PPM (red) final training and test error are not significantly different from 
each other. RAP model performs significantly worse than BNN and PPM. (C, D) Final training and test error for 
models trained to Iris dataset. BNN and PPM scores are not significantly different from each other. RAP model 
performs significantly worse than BNN and PPM



To asses the performance of the PPM, the PPM was also trained to the parity and Iris datasets. Fig. 5

shows that PPM performed similarly to the BNN in these simulations. Crucially, the Tukey post-hoc test

revealed that there was no significant performance difference between PPM and BNN. The statistical

results for all one-way ANOVAs and post-hoc tests can be found in Table 1. 

Table 1 | Statistical results of One-way ANOVA F-test and Tukey HSD post-hoc test. **** denotes a significance 
p-value < 0.0001. ns denotes that the difference between groups was not significant. Training refers to final 
training percentage error and test refers to test percentage error.

1. Parity Training 2. Parity Test 3. Iris Training 4. Iris Test

One-way ANOVA **** **** **** ****

BNN vs PPM ns ns ns ns

BNN vs RAP **** **** **** ****

PPM vs RAP **** **** **** ****

Fig. 6 shows the speed of the models. The PPM is approximately 6 times slower than the BNN. Also

included in Fig.5, 6 and Tab. 1 are the results for the RAP model. As can be seen by Fig.5 and Tab. 1

the RAP model did not learn either datasets well and performed significantly worse than the other

models. However, the results for the RAP model should be interpreted as preliminary data and do not

necessarily mean that the RAP model lacks any capacity to learn. There are many parameters which

require investigation, which will be discussed in greater detail  in the discussion. The more important

result to notice is that PPM and BNN performances are not significantly different from each other.

Figure 7 | Speed of one generation using 
the Iris dataset.

Fig. 8 shows the potential paths of astrocyte activity during the processing of a single sample. Here it 

is shown that while astrocyte activity can take one of eight different paths, the astrocyte will invariably 

reach a status of 1 (positively active, Fig. 8 A) or -1 (negatively active, Fig. 8 B) at iteration 4. Once 

active this status is invariably persists for the remaining processing iterations of the sample. For clarity, 

I will restate the meaning of astrocyte status. If the astrocyte is positively active the astrocyte is 

increasing its associated neuron's input weights by 25%. If the astrocyte is negatively active the 

astrocyte is decreasing its neuron's input weights by 50%. 
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Figure 8 | Astrocyte status invariably follows one of two paths. Astroyte activity inevitably reaches positive or 
negative threshold (-3 or 3 respectively) thus activating the astrocyte positively or negatively. Once active, the 
astrocyte remains active for the remaining iterations.

4 – Discussion

The project was split into two main halves: validation of the PPM and the development of the RAP

model.  The report will now proceed to discuss the validity of these models and what direction future

models should take.

4.1 – Porto-Pazos Model

It  is worth noting that this project is currently the first  public  re-implementation of the PPM and is

therefore the first third-party validation of this model. The main finding of the simulations of the PPM

was that its performance was not significantly better than that of the BNN and the addition of artificial

astrocytes did not improve neural network performance. This is surprising as it directly contradicts the

results published in (81,82). Comparing the results of this project with that of the original reveals that

the performance of my implementation of the PPM was similar to that of the original. Where the two

sets of results differ is that my implementation of the underlying BNN significantly outperformed those

of the original. Turning to data for learning performance on the Iris dataset, my implementation of the

BNN had an average test error score of 5.9% ± 1.98 compared to that of the original which scored 44%

± 4.29  (82).  This  44% error is a particularly poor  (high)  error score given that a native network with

random weights achieves 67% error. Although other implementations cannot be compared directly due

to variations in certain parameters, it is worth noting that other  GA-based implementations  achieved

error scores as low as 2.1% (97,98). 

Taken  together,  these  findings  converge  on  one  possible  explanation  for  this  discrepancy:  the

underlying GA implemented in the original publications was in some way partially faulty or restricted. It

can be hypothesized that during breeding of the population in the GA, it is the methods of production of

variation (crossover and mutation) which are faulty. Such a conclusion would explain why the original

BNN stabilized  at  such  a  poor  error  score  and  why  the  introduction  of  the  NGA from the  PPM

increased  this  performance.  Therefore,  it  is  probable  that  the  PPM provided  the  variation  in  the

population  and the good individuals are  conserved by the underlying GA. The implications of  such

conclusions  lead us to question the  classification  of the PPM as a learning rule or as a stochastic
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process  to  produce  variation.  However,  more  important  than  whether  artificial  astrocytes  improve

neural network performance is to consider whether the PPM serves as a biologically plausible model of

neuron-astrocyte learning networks. 

On the surface, the premise of the PPM appears well grounded. The PPM claims to model astroyctes

in  that  they  “respond  to  neurotransmitters  released  under  high  synaptic  activity  and  regulate

neurotransmission in a larger temporal scale” (81). The findings of the PPM publications are that the

learning  performance of  this  astrocyte  model  improves  neural  network  performance. In  the  PPM,

astrocytes are described as keeping a register of neurons which are constitutively active or inactive

and modify  synaptic  connections  accordingly  (81,82).  However,  deeper  analysis  of  the  underlying

algorithm raises several issues with the representation of astrocytes and the computational logic of the

algorithm. 

4.1.1 – Temporal scale

The PPM  represents the larger temporal scale of astrocyte processing  by iterating over the  same

sample  many  times,  six  to  be  precise.  Given  the  objective  of  this  project,  one  may  overlook

unconventional computational methods if they can be justified by biological realism. Having said this,

from an AI researcher's perspective, processing the same sample many times is widely-considered as

bad  practice  in  machine  learning  algorithms  (89).  When  one  dissects the  pattern  of  activity  of

astrocytes  during  these  processing  iterations  (Fig.  8),  it  can  be  suggested  that  these  processing

iterations are  superfluous and may be reduced to a single  mathematical  operation.  The first  three

processing iterations for each sample can be considered redundant since neither the weights nor the

inputs to the network will change and therefore the activity values of the neurons will remain identical

during these iterations, thus prompting threshold in the astrocytes. The remaining three iterations can

be considered redundant since once the astrocyte is activated it will remain active for three iterations

regardless of neuronal activity. Therefore,  it can be hypothesized that the update of a set of weights

can be reduced to a single calculation. For neurons which are activated by the sample, their weights

may be multiplied by 1.253 (equivalent to 25% increment 3 times) and for neurons which are inactivated

by  the  sample,  their  weights  may  be  multiplied  0.53  (equivalent  to  50%  decrement  3  times). In

conclusion,  I suggest that  these astrocyte processing iterations lack computational function and can

therefore be considered biologically implausible as a representation of temporal scale. Moreover, these

excess  iterations make the PPM impractical as a  pattern recognition or classification  tool,  due to its

speed. As shown by Fig. 7 the PPM is approximately six times slower than the BNN.

4.1.2 – Astrocyte representation

Having addressed temporal scale, the representation of the astrocytes will now be discussed. In the

PPM, each astrocyte is assigned a neuron and its activity is updated in whole integers either positively

or negatively dependent on whether the neuron's activity is  positive or negative, respectively. This

interaction makes two main assumptions untrue of biological astrocytes. Firstly, there is no biological

evidence that astrocytes monitor the soma of single neurons in a one-to-one manner. In the brain,

astrocytes  monitor  a  unique  subset  of  synapses  (26).  Secondly,  it  is  biologically  implausible  to

represent the activity of an astrocyte in integers. Astrocyte dynamics are represented in complex Ca2+
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waves and therefore should, at a minimal level of abstraction, be represented as continuous values. 

However, the greatest oversight of the PPM comes from a failure to address the processing capacity

of  an  astrocyte  network. It  is  highly  probable  that  an  important  portion  of  the  IP  performed  by

astrocytes in the brain is derived from their own intercommunication  (41,43,44,70,99).  ANNs have a

relatively  abstract  representation  of  the  internal  operations  of  cells,  but  in  doing  so  facilitate  the

exploration of complex  network  arrangements. The PPM fails to exploit  this property of ANNs  and

therefore automatically fails to serve as an acceptable model. 

Another fundamental departure from biology is that astrocytes in the PPM are not actually integrated

structures of the network but are instead ephemeral elements employed as part of the algorithm. The

output of the network is not dependent on the state of the astrocytes and, in effect, the PPM asserts

that astrocytes perform no IP.

4.1.3 – Weight update

In the NGA, positively or negatively activated astrocytes update the weights of their associated neuron

by modifying all the weights  of that neuron by either 25% or -50%, respectively. There is insufficient

biological  evidence  for  such  a  modification  for  three  main  reasons.  Firstly,  there  has  been some

evidence for the role of astrocytes in synaptic scaling but the probability that the astrocyte modifies the

weights of a single neuron is highly improbable.  Secondly, astrocytes  of  the input and output layers

modify  the  same  weights  as  those  updated  by  astrocytes  in  the  hidden  layer.   This  contradicts

evidence  for  astrocytes  having  distinctly  non-overlapping  domains  (26). Finally,  by  modelling

astrocytes  as  elements  of  a  learning  algorithm,  the  PPM suggests  that  astrocytes  are  the  direct

mediators of SP. While this may be true in some cases (13,70,100), this is a rather astro-centric view. A

more realistic view of SP is that it is a coordinated interplay between astrocytes and neurons and that

astrocytes are more likely to gate SP than cause it (50,69,72,74,76).

In summary, the PPM lacks computational efficiency as an optimization algorithm and lacks biological

validity in many aspects. Such a conclusion highlights the need for a new model of neuron-astrocyte

networks.

4.2 – Reciprocal Astrocyte Processing Model

The RAP model aims to solve many of the issues  which emerged in the analysis of  the PPM. As

mentioned earlier, the results presented for the learning performance of the RAP model should not be

taken as definitive results but as preliminary data of the model's performance. These preliminary data

show that the RAP model is not capable of being trained by a GA in its current state. Time has limited a

full exploration of the model's parameters  and full  debugging. Nevertheless, the model has a strong

biological premise and has promise as a prototype for future models to develop on. I will now discuss

the biological validity of the model and what parameters future models should explore.

4.2.1 – Synapse configurations

A principal  difference between the PPM and the RAP model is that astrocytes in the RAP model

dynamically interact with a subset of synapses rather than  associating with a specific  neuron.  This

alone  is  a  vast  improvement  of  biological  accuracy,  when  compared  to  the  PPM.  Furthermore,

astrocytes monitor distinct subsets of synapses. This property of the network is one of the important
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modelling criteria and is  strongly  supported by biological evidence  (26).  Associating synapses  with

astrocytes,  however, introduces  novel  mathematical  considerations  of permutations.  Even  in  the

simplest  FFNs  such  as  that  of  an  XOR network  (2,  3,  1,  input,  hidden  and  output  dimensions

respectively)  there  are  6!  (720)  potential  astrocyte-to-synapse  configurations  (ASCs).  Using  the

dimensions of the above simulations (4, 6, 3) there are 24!  (approx. 6.2x1023) potential ASCs. In the

current model we initialize the ASC randomly and conserve this configuration throughout the trial. One

potentially viable solution may be to include the ASC as a substrate for learning. This would be well

supported  by  biological  evidence  that  astrocytes  have  plastic  domains  and  variable  connectivity

(101–106).

In the current RAP model the number of astrocytes is equal to the number of neurons in the hidden

layer  and  the  number  of  synapses monitored  by  each  astrocyte  is  equal  to  the  number  of  input

neurons. Future models could experiment by modifying the number of  astrocytes and the number of

synapses per astrocyte.  Furthermore, future models need not have just one hidden layer. It may be

that inputs require one layer of neuronal abstraction before being processed by astrocytes. 

4.2.2 – Lag

As has been emphasized throughout the literature review and the introduction, the temporal scale is a

property of astrocytes likely to be important for their role in IP. In the RAP model, astrocyte activation is

dependent on  residual activation from previous  stimuli. This improves on the  speed of the network

compared  to  the  PPM,  as  samples  are  processed sequentially  (Fig.  7). This  is  more  biologically

feasible, as an organism is more likely to be presented with sequentially different stimuli rather than a

repeated stimulus.

Residual activation is calculated as the mean of the previous  iterations is averaged and multiplied by

the lag factor  .  For the above simulations  and   were  arbitrarily  set to 3 and 0.1 respectively,

however future implementations may wish to experiment with these values. However, perhaps a more

biologically plausible variation would be to  apply a decay function  to each of the previous iterations

such that more recent activations will have a greater impact on astrocyte activation than older ones.

4.2.3 – Reciprocal connections

Possibly  the  most  important  feature  of  the  RAP  model  is  the  reciprocal  connections  between

astrocytes. A lack of an astrocyte network is one of the major downfalls of the PPM. The RAP model

represents the connection between two astrocytes by a single weight. The single weight is justified as

an abstraction of the proximity and connectivity of the processes belonging to two astrocytes. However,

the relationship between a pair of astrocytes is potentially more complex. A simple modification of the

RAP model would be to represent the connection between two astrocytes as two separate weights.

This would suggest that the ability of astrocyte A to activate astrocyte B can be different from the ability

of astrocyte B to activate astrocyte A. Whilst such a relationship is conceivable, there remains to be

sufficient experimental evidence for or against such a relationship. From a computational perspective,

this modification  may also facilitate for  better learning  as bidirectional weights have the potential to

facilitate the modelling of more complex patterns in the dataset. 

4.2.4 – Astrocyte representation
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As mentioned, an important difference between the RAP model and PPM is that astrocytes in the RAP

model output values which are detected by neurons and other astrocytes rather than directly modifying

network weights. Input to the astrocyte from presynaptic neuron is detected via . Via 

the  output  of  the  astrocyte  to  the synapse is  combined  with  presynaptic  output  and  detected

simultaneously by postsynaptic neuron.  represents the probability of this receptor activation

causing Ca2+ excitability.   represents the probability  that  this  Ca2+-based activation  causing

astrocytic  neurotransmitter  release.  Therefore,  by modelling the interaction between astrocyte  and

synapse with two weights we capitulate the concept of the tripartite synapse (Fig. 5B)  (6,11).  This

makes a fundamental departure from the PPM and an important parallel to biology. Astrocytes are no

longer ephemeral elements of an algorithm but communicate with neurons in the same currency. The

output of the network is now dependent on the state of the astrocytes. 

5 – Conclusion

In  summary,  this  project  has  found  that  the  PPM  is  not  a  biologically  plausible  model  of

neruo-astrocyte networks for three main reasons. Firstly, the PPM fails to integrate astrocytes into the

network  and therefore overlooks their  role  in  IP.  Secondly,  the representation  of  neuron-astrocyte

interaction  is  ungrounded.  Finally,  the  representation  of  temporal  scale  was  found  to  be

computationally  invalid. Contrasting the authors publications (81,82), the PPM was also found not to

improve  ANN  learning  performance.  Therefore,  this  report  concludes  that  one  of  the  pioneering

neuron-astrocyte networks should be classified as invalid. 

Analysis of the RAP model reveals that, in its current state, it is an unfinished prototype. However,

given the scale of this project and the time granted for its completion, this conclusion was somewhat

probable.  Nevertheless, the RAP has good biological plausibility for three main reasons. Firstly, the

RAP  model  includes  tripartite  synapses.  Secondly,  the  RAP  model  allows  for  interastrocytic

communication. Finally, the RAP model engages astrocytes as integrated parts of the network. The

RAP model, has therefore made a significant contribution to modelling the brain.

However, as stated, the model remains to be completed. Hopefully the RAP model will form the basis

of  future  projects  in  an  area  of  neuroscience  which  desperately  calls  for  the  attention  of  more

researchers. This void in neuroscience is epitomised by large scale government funded projects such

as the NIH Human Connectome project (107), the BRAIN initiative (108) and Blue Brain project (109).

These projects aim to form a comprehensive understanding of the human brain but fail to acknowledge

90% of its cells (18). Whilst the scientists in these projects concede the evident role of astrocytes, the

primary objectives of these projects omit astrocytes. Hopefully, the progress made in this project may

inspire future research and contribute the development of a model which may cause a paradigm shift.
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