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Abstract In a single dendritic branch of a neuron, multiple excitatory inputs can

locally interact in a non-linear fashion. The local sum of multiple excitatory post-

synaptic potentials (EPSPs) can be inferior or superior to their arithmetic sum, in

these cases summation is respectively sublinear or supralinear. While this experi-

mental observation can be well explained by conductance-based models, the com-

putational impact of these local non-linearities remains to be elucidated. Are there

any examples of computation that are only possible with non-linear dendrites? What

is the impact of non-linear dendrites at the network scale? We show here that both

supralinear summation and sublinear summation enhance single neuron computa-

tion. We use Boolean functions, whose input and output consists of zeros and ones,
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and demonstrate that a few local dendritic non-linearities allow a single neuron to

compute new functions like the well-known exclusive OR (XOR). Furthermore, we

show that these new computational capacities help resolve two problems faced by

network composed of linearly integrating units. Certain functions require (1) that

at least one unit in the network have an arbitrarily large receptive field and (2) that

the range of synaptic weights be large. This chapter demonstrates that both of these

limitations can be overcome in a network of non-linearly integrating units.

It would be better to think of the brain not as a single network whose elements operate in

accord with a uniform set of principles but as a network whose components are themselves

networks having a large variety of different architectures and control systems. [37]

1 Introduction

In a single dendrite, the measured excitatory post-synaptic potential (EPSP) result-

ing from multiple stimulations can be different from the expected algebraic sum

of the EPSPs resulting if each stimulation arrives independently, as shown in Fig-

ure 1A. Within a dendrite, summation can either be supralinear, sublinear, or both.

Supralinear local summation of EPSPs can be due to the opening of NMDA, Ca2+,

or Na+ voltage-gated channels [58, 7, 39, 43, 33, 44], which cause a sharp deflec-

tion in the local membrane voltage called a dendritic spike. Sublinear local summa-

tion of EPSPs is most often due to a reduction in driving force: i.e., a reduction in

the potential difference between inside and outside the membrane which drives the

ionic current [22, 24, 2]. These two experimental findings can be explained using

conductance-based models (see [45, 29] for details). Nevertheless, the impact of the

non-linear summation of EPSPs on single neuron computation remains to be eluci-

dated. This question requires the use of a different kind of model, i.e. binary neuron

models. In this chapter, we use such a model to demonstrate that local non-linear
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Fig. 1 Spiking and saturating dendrites. (A) The x-axis (Expected EPSP) is the arithmetic sum
of two EPSPs induced by two separate stimulations and the y-axis (Measured EPSP) is the mea-
sured EPSP when the stimulations are simultaneous; the dashed line corresponds to linear sum-
mation. Left, observations from cortical pyramidal neurons (redrawn from [43]). Summation is
both supralinear and sublinear due to the occurrence of a dendritic spike. Right, observations from
cerebellar interneurons (redrawn from [2]). In this case summation is purely sublinear due to a
saturation caused by a reduction in driving force. (B) The activation function of a dendritic subunit
Di (Left) modeling dendritic spike-type non-linear summation: both supralinear and sublinear on
[0,∞], or(Right) the saturation type non-linear summation: strictly sublinear on [0,∞]. This func-
tion has two parameters: a threshold Θi and a height hi. These figures are copied from [12] (under
CCAL).

summation of EPSPs enhances the computational capacity of both single neurons

and networks.
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The first binary models of neurons by McCulloch, Pitts, and Rosenblatt [36, 47]

assumed linear integration of excitatory inputs, and these models have informed

much subsequent thinking about how neurons compute, both individually and col-

lectively. The limitations of linear integration models—or threshold linear units

(TLU)—are well known: TLUs cannot compute linearly non-separable functions

(see example just below, and the Def.2 for a formal definition). By contrast, we

show that non-linear summation of EPSPs enables a binary neuron model, schema-

tized in Figure 2A, to compute linearly non-separable functions.

We show in the first part of this chapter that a binary neuron model with a single

non-linear dendrite can compute a well-known example of linearly non-separable

function: the famous exclusive OR (XOR). Suppose that a neuron has two sources

of presynaptic inputs: this neuron computes the XOR if it fires when only one of

the input sources is active, but remains silent if no or both sources are active simul-

taneously. The truth table of an XOR and its implementation are shown in Figure

2B. The reason why a TLU cannot compute XOR is an intuitive one. A neuron

that computes XOR needs to fire when at least one of two excitatory input sources

(i.e., sets of excitatory synapses) is active, but it must stay silent when both sets

are active at once. This is impossible when the EPSPs add up linearly, but when

excitatory inputs interact non-linearly then it becomes possible [60]. This last theo-

retical study demonstrates that a neuron can compute XOR because activity in two

excitatory input sources can depolarize the soma less than activity in a single exci-

tatory input source, due to the local activation of potassium voltage-gated channels.

In this chapter, we propose a way to implement this function using classic inhibi-

tion and dendritic saturation. In this case, this capacity is due to the local non-linear

summation which had been theoretically conjectured by [30] and has since been ex-

perimentally demonstrated by [44]. Local summation means that the dendritic tree

can be segmented into independent subunits, meaning, for instance, that two EP-
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SPs generated in two different dendritic branches sum linearly and that two EPSPs

generated on the same branch sum non-linearly, e.g. by inducing a dendritic spike

[44] or a dendritic saturation [24]. This capacity enables a single neuron to compute

linearly non-separable functions. To conclude this first part, we refer to our previ-

ous publications [11, 12] which introduce a set of linearly non-separable functions

computable with a small number of dendritic subunits.

We go on to discuss the impact of such new computational capacities on networks

of neurons possessing non-linear dendrites. Our opening quotation is taken from the

edition of Perceptron published after the Parallel Distributed Processing book [35].

This manifesto of connectionism argued that much of what at first sight seem to be

bafflingly complex learning and memory processes in cognition can be explained

by layered networks of simple interconnected units such as TLUs. Nonetheless,

networks of TLUs may, in practice, be unable to implement certain functions [37].

Why? Minsky and Papert’s book demonstrated at least two limitations of networks

of TLUs. First, a function can require a unit with an arbitrarily large receptive field.

For instance, the parity function, a generalization of the XOR operation, requires at

least one unit of the network with a receptive field covering the whole input space.

Second, the implementation of a function can require synapses with a huge number

of distinct synaptic weight values. Our quotation from their book proposes a way

to overcome these two limitations: the use of networks made up of more complex

units. This proposition fits with the recent observation that single neurons are com-

putationally complex entities capable of linearly non-separable computations. In the

second part of this chapter, we demonstrate that a network made up of complex neu-

rons with small receptive fields can implement the parity function. Finally, we show

that dendritic non-linearities make it possible for intrinsic parameters to store in-

formation, reducing the range of synaptic weight values needed to implement the

parity function.
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2 Impact of non-linear summation in dendrites of single neurons.

In this section, we present a simple neuron model that takes into account non-

linear dendritic summation of excitatory post-synaptic potentials (EPSPs). These

non-linearities are due to voltage-gated channels [49, 43, 44] or to the passive elec-

trical properties of the dendritic cable, as shown in Figure 1. Depending on the

intensity of stimulation, the sum of multiple EPSPs can be higher or lower than

their arithmetic sum—respectively supralinear and sublinear–or both (see [42] for a

first definition, and [11, 12] for a formal definition). Moreover, a neuron’s dendrites

can be decomposed into a set of quasi-independent subunits based on some measure

of relative electrical compartmentalization, such as between branch points [30, 25].

Each subunit may thus independently support non-linear integration of its inputs.

The existence of so-called dendritic spikes and of independent subunits has led to

the proposal that a single neuron behaves as a two-layer feedforward neural network

[18, 19, 41].

Figure 2A introduces this two-layer model. We distinguish between models com-

posed of spiking subunits, which are both supralinear and sublinear (Figure 1B, left),

and those composed of saturating subunits, which are strictly sublinear (Figure 1B,

right). In the former case, we use spiking activation functions for the dendritic sub-

units to model the generation of local dendritic spikes, and in the latter we use satu-

rating activation functions to model local dendritic saturations. We call this class of

models threshold non-linear unit (TNLU), to contrast with the classical TLU.
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Fig. 2 The two-stage neuron model and its computing capacity. (A) is a general definition of
this model, (B) and (C) are specific implementations of linearly non-separable functions. (A-C)
Each xi is a binary variable, corresponding to the activity of the cell assembly i (0=inactive; 1=ac-
tive). y is a binary variable, representing post-synaptic activity. In circles are independent sets of
integer-valued synaptic weights, corresponding to the amplitude of the EPSP or the IPSP recorded
locally when a presynaptic source is active. In black squares, θ j and h j are the integer-valued
thresholds and heights which are the parameters of the activation function D j of dendrites j—this
function is either spiking (Figure 1B, left) or saturating (Figure 1B, right). In the grey square, Θ

is a positive integer-valued threshold determining whether the post-synaptic neuron is active or
silent. (B) Implementation of the XOR function: the lower part is the truth table. The numbers in
the second column are the result of dendritic integration. The two parts of the sum in the second
column correspond to the activation states of the two dendritic subunits. Left, an implementation
where the dendritic subunit can only be of the spiking type. Right, an implementation where the
dendritic subunit can either be spiking or saturating. (C) Left, the implementation of the object-
feature binding problem (FBP). Right, the implementation of the dual version (dFBP). Note that
either spiking or saturating dendritic activation functions can be used for both implementations.
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2.1 Dendrites enable the computation of linearly non-separable

functions

To quantify the difference between the TLU and the TNLU, we used Boolean func-

tions. These functions are central in the study of computation [57, 38], and they can

be defined as follows:

Definition 1. A Boolean function is a function of n input sources on 0,1n into 0,1.

In biological terms, the n input sources correspond to the activity of n assemblies

of pre-synaptic neurons. 0 means that the pre-synaptic assembly is inactive and 1

means that it is active. If the post-synaptic neuron responds then the output of the

Boolean function is 1, if it remains silent then the output is 0.

Using this framework, it can be demonstrated that the computational capacities

of a TNLU are both quantitatively superior to and qualitatively different from those

of a TLU. A TLU is limited to linearly separable functions which are defined below

[14, 38].

Definition 2. f is a linearly separable Boolean function if and only if there exists

at least one vector W and a number Θ such that for all f (X) = 0 we have W ·X <Θ

and for all f (X) = 1 we have W ·X ≥Θ .

A TNLU can compute every Boolean function provided a sufficient number of

spiking dendritic subunits (see [5] Theorem 13.9). This proof can be explained

intuitively: all Boolean functions can be decomposed into a “disjunction of con-

junctions”, an OR of ANDs; for instance the XOR function can be expressed as

(x1AND(NOT x2))OR((NOT x1)ANDx2). A spiking dendritic subunit can imple-

ment an AND term through its supralinear summation: only some combination of

inputs can elicit the subunit’s output, not a single input alone. Moreover, the soma

with a sufficiently low threshold can implement the OR term by firing whenever one



Dendrites enhance both single neuron and network computation 9

of the spiking subunits has an output. Thus, with one spiking subunit per AND term,

a TNLU can theoretically implement any Boolean function. Figure 2B (left)shows

how the TNLU with spiking subunits can implement the XOR function.

In biological terms, these results hold only for neurons with spiking dendrites

like cortical and hippocampal pyramidal neurons [44, 28]. Extending the generality

of this result, we have found that even when dendrites are passive, as illustrated in

Figure 1B, the distinction between TLUs and TNLUs remains [11, 12]: a sufficient

number of saturating subunits can implement any Boolean function. This proof can

be understood intuitively in a similar way. All Boolean functions can be expressed

as a “conjunction of disjunctions”, an AND of ORs; for instance, the XOR function

can be expressed as (x1ORx2)AND((NOT x1)OR(NOT x2)). A saturating dendritic

subunit can implement an OR term through its sublinear summation: each input

elicits an output, but the output does not grow with further active inputs. A soma

with a sufficiently high threshold can implement the AND term by only firing when

a sufficient number of saturating subunits have an output. Thus, with one saturating

subunit per OR term, a TNLU can theoretically implement any Boolean function.

Figure 2B (right) shows how the TNLU with saturating subunits can implement the

XOR function.

The linearly separable functions represent a tiny proportion of all Boolean func-

tions: as the number of input variables xi increases the proportion of functions that

are linearly separable tends to zero: if n is the number of input variables, there are

at most 2n2
[20] linearly separable functions, whereas the total number of Boolean

functions is 22n
[57]. Consequently, the mere existence of dendrites increases the

computational capacity of a neuron beyond that bestowed by linear integration, even

if the dendrites are not spiking. The newly accessible functions include the feature-

binding problems, reviewed in the next section, which map onto a wide range of

computations performed by vertebrate and invertebrate neural systems.
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The previous formal propositions are valid for an infinite number of dendritic

subunits, but the number of independent non-linear subunits in a real neuron is fi-

nite. To show that these formal propositions are relevant to computation by real

neurons we needed to answer two fundamental questions. What functions are com-

putable with a limited number of dendritic subunits? And how a single neuron can

implement these functions?

2.2 A finite number of dendritic subunits expand the

computational capacity of a single neuron

We used large systematic parameter searches for the TNLU model (described in

the method section of [12]) to find functions computable given a limited number of

dendritic subunits. We found that, with a number of subunits linearly proportional

to the number of input sources, a TNLU can compute an interesting set of linearly

non-separable functions. Contrary to XOR, inhibition is not necessary for these

functions; in formal terms, such functions are linearly non-separable and monotone

[52, 31]. Some of these functions are already known as object-feature binding prob-

lems (FBPs) [32]. Two subsets of FBPs are particularly notable as they correspond

to biological problems solved by single neurons in vertebrates [3, 6]. One of these

functions is already well-known as the object-feature binding problem (FBP) [32],

we call the other the “dual” FBP (dFBP); Table 1 gives the the truth tables defining

these functions. The FBP is a well-known problem in visual [56] and auditory per-

ception [23] (for review see [55, 48, 54, 26, 16]). An example of this problem is to

correctly signal distinct objects that are each characterized by disjoint sets of fea-

tures, for instance shape and color, e.g. to detect red Xs or blue Os but not blue Os or

red Xs. Binocular disparity [6] is another example of a FBP problem: consider input

in the form of four binary variables [xl,1,xl,2,xr,1,xr,2], two each from the left (l),
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and right (r) eye. The neuron responds maximally if all inputs from a single eye are

active, i.e. [1,1,0,0] and [0,0,1,1], but not when inputs from both eyes are partially

active, e.g. [0,1,0,1]. The problem that we have called the dFBP is also a binding

problem, important in binaural coincidence detection [3]. Using the same notation

with l and r referring to the left and right ear, this function consists in responding

more to inputs from both ears simultaneously than to inputs from only one ear [51].

Table 1 Feature-object binding problems expressed by their truth table.The partial truth tables
for the Feature Binding Problem (FBP) and its dual version (dFBP) for n = 4 variables. All input
vectors containing fewer 1s than in this truth table yield y = 0; all input vectors containing more
1s than in this truth table yield y = 1.

xl,1 xl,2 xr,1 xr,2 FBP dFBP

1 1 0 0 1 0
1 0 1 0 0 1
1 0 0 1 0 1
0 1 1 0 0 1
0 1 0 1 0 1
0 0 1 1 1 0

Figure 2C shows how these functions can be implemented in a TNLU with two

non-linear dendritic subunits. In these examples there are two objects made of two

features, but one can implement the FBP or dFBP of o objects made of f features

with only o dendritic subunits [11].

2.3 Different strategies for implementing functions in non-linear

dendrites

The decomposition of Boolean functions into a “disjunction of conjunctions” (called

the disjunctive normal form) and “conjunction of disjunctions” (called the conjunc-

tive normal form) provide a guaranteed method for implementing functions using a
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decomposition into spiking or saturating dendritic subunits. They are in turn exam-

ples of two broader classes of function implementations: a local strategy where a

single dendritic subunit is capable of eliciting a somatic spike (like the “disjunction

of conjunctions”); and a global strategy where no single dendritic subunit can gen-

erate a somatic spike thus somatic spiking always requires simultaneous activity in

at least two dendritic subunits (like the “conjunction of disjunctions”).

We have shown that using a local strategy with saturating subunits cannot im-

plement any linearly non-separable Boolean function. By contrast, using a local

strategy with spiking dendritic subunits can implement any linearly non-separable

Boolean function [11, 12]. This in turn contrasts with the global strategy, which

can be used with both types of subunits to implement any linearly non-separable

Boolean function. We illustrate in Figure 4 how the FBP and dFBP can be com-

puted using a global strategy. In these implementations, each dendritic subunit can

reach its maximum possible level of activity and yet the neuron stays silent. The

existence of a global strategy could explain why Layer 2/3 pyramidal neurons have

different input tunings between their dendrites and the output of the whole neuron:

inputs which elicit the largest calcium response in a local region of dendrite did not

cause the neuron to fire, while inputs that caused the neuron to fire did not elicit the

maximum calcium response in the dendrite [27].

3 Impact of non-linear summation in dendrites on a network of

neurons

If an individual neuron (a TNLU) is computationally more powerful than a TLU, yet

multi-layered networks of TLUs can implement any Boolean function, what further

advantages do we gain from a network of TNLUs? In this section, we demonstrate

that networks made of TNLUs are computationally more efficient than networks of
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TLUs; first we show that a network of TNLUs can better parallelize a function than

a network of TLUs; we then show that they allow for a more flexible and larger

storage capacity.

3.1 Dendrites enable the efficient parallelization of functions.

Fig. 3 Parallelizing the computation of the parity function. These three feedforward networks
compute the 4-parity function: they determine whether a retina made of 4 pixels contains an odd
number of black pixels. In rectangles, the computing capacity of units in the input layer; in rounded
triangles, the computing capacity of the unit in the processing layer. T is the identity function, 4-
Parity is the parity function with 4 input variables. In the network in the middle the computational
burden is distributed equally, i.e. every unit has the same receptive field and computing capacity.

To show that networks of TNLUs are more efficient in parallelizing certain func-

tions we have first to understand the limitations of a network of TLUs, the topic of

the famous book Perceptrons by Minsky and Papert [37]. A Perceptron is a two layer

feed-forward network: an input layer made of units with unlimited computation ca-

pacity projecting to a processing layer which is a single TLU. Their book starts with
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a simple question: Why does the Perceptron fail at computing certain functions in

practice? Indeed, provided a sufficiently large number of units or sufficiently com-

plex units in the input layer, the Perceptron can compute every Boolean functions in

theory, but in practice a Perceptron can fail to implement certain of these functions.

The parity function is one generalization of the XOR: it requires signalling 1 for

input vectors containing an odd number of 1s and remaining silent (signalling 0) for

input vectors containing an even number of 1s. Minsky and Papert found that the

parity function can be implemented in a Perceptron only if it obeys the biologically

implausible constraint that at least one of the units in the input layer takes as input

the whole input space (see [46] chapter 3 for a detailed explanation). This is true

even if the input layer of a Perceptron is made of universal units, which can compute

every Boolean functions - including the parity function itself (Figure 3, left). To put

this into perspective, if the input is a retina, the Perceptron can compute the parity

function only if at least one neuron of the network has a receptive field as large as

the retina. This necessary convergence of inputs creates a processing bottleneck.

What happens if the processing layer of the Perceptron is a TNLU instead of a

TLU? If we assume a situation where a TNLU is capable of computing the parity

function then, while the receptive field of the units in the input layer can be arbitrary

small, as is shown on Figure 3, the processing later still needs to receive as many

inputs from those units as there are inputs. But two layers of TNLUs can remove the

necessary convergence by decomposing the parity function. We saw that a TNLU is

capable of computing the XOR function, as illustrated in Figure 2B. If the unit of

the processing layer is capable of such computation, then the parity function can be

computed with further XOR units in the input layer, as shown on Figure 3. Each unit

receives a limited number of inputs in this network of TNLUS, whereas this type of

implementation is impossible with TLUs.
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The implementation of some functions can also be impossible in practise in a

network of TLUs because they require a large range of synaptic weight values be-

tween the input and the processing layer. For instance the range of synaptic weight

values necessary to compute the parity function can grow exponentially with the

number of pixels n of the retina if the network is made of TLUs. But a network of

TNLUs can implement the parity function with binary synaptic weights, in this case

the implementation is easy.

3.2 Dendrites expand the information storage capacity of intrinsic

parameters.

Fig. 4 Two methods for storing information in a network of neurons. The nodes stand for the
neuron and the edges for their connections. The black part of the graph is plastic while the grey
part is static. left Synaptic plasticity is a change in the intensity of the link between two nodes.
right Intrinsic plasticity is a change in the computation performed by a node.

Information storage is a vaporous notion, difficult to define for a neuron. This is

surprising because defining memory for a computer is easy. Memory and its process-

ing are independent in a computer based on von Neumann architecture. This means

that n bits of information can be stored in n free bits of memory. Memory and its
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Table 2 Information storage capacity of TLUs and TNLUs as a function of the number of
input variables. The numbers of implementable functions with or without a non-linear dendritic
subunit [TLU;TNLU] are in the first column. The numbers of synaptic weight values required to
reach this capacity are given in the second column. This table was built using large parameter
searches (see [11] for more details).

n # of computable functions # of possible synaptic weights
6 [1113;13505] [10;5]
5 [119;208] [6;4]
4 [30;30] [4;3]

processing are interwoven in a neuron, thus memory cannot be measured directly. To

overcome this difficulty there is an indirect but quantitative way to measure mem-

ory storage capacity in a neuron (used in [10, 40]), by estimating the number of

functions a neuron can potentially compute in a given range of parameter values.

Counting the number of functions a neuron can implement enables us to directly

quantify the information storage capacity of a neuron.

Before looking at the general case, let us look again at the parity function exam-

ple. This function cannot be implemented by a single TLU, however, a network of

TLUs can implement it in theory. Nevertheless, if the input layer is made of ORs

and the processing layer is a TLU, then the synapses between the input and the pro-

cessing layer need to have integer values ranging between 1 and 2n−1, where n is

the number of binary input variables [37]. If n = 4, such Perceptron would require

8 different distinct synaptic weight values to compute the parity function whereas

a network made of XORs, which are TNLUs, only requires binary weights. Other

functions can be found where such a disparity between networks of TLUs and net-

works TNLUs exists [21].

We can push this observation much farther by looking at the capacity advantage

gained by having a single dendritic subunit with nonlinear summation. Our exhaus-

tive parameter searches demonstrated that a TNLU with one non-linear dendritic

subunit can implement 10-fold more functions than a single TLU (Table 2) [12].
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Notably this 10-fold increase in memory capacity necessitates a smaller range of

synaptic weight values for a TNLU than for a TLU, as shown in Table 2. For n = 6,

a TNLU needs a number of distinct synaptic weight values 2-fold smaller to reach

a memory storage capacity 10-fold higher than a TLU. Thus, given practical, bio-

logical restrictions on possible synaptic weight values, a TNLU neuron can have a

dramatically greater storage capacity.

The root of this advantage is in the availability of intrinsic plasticity for the

TNLU. While the only intrinsic storage space of a TLU is its threshold, a single

parameter which is negligible compared to the multi dimensional space of synap-

tic weights, TNLUs have a much larger number of intrinsic parameters than TLUs

to store information, namely the sub-cellular placement of synapses and the den-

dritic local excitability (here modelled as the height and threshold of the dendritic

activation function D).

Mainstream theories of memory and its use focus on synapses as the main in-

formation reservoir in the brain, learnt through synaptic plasticity [1, 8, 53], but

plasticity of intrinsic neuron properties has long-been described experimentally

[9, 17, 50, 59]. Intrinsic plasticity works by modifying the properties of the neuron

itself, i.e. the property of the voltage-gated ionic channels contained in the mem-

brane [4, 15, 17, 61] or the sub-cellular placement of synapses [13]. As has been

suggested in an experimental study in invertebrate [4], local intrinsic plasticity is

possible in dendrites [34].

Consequently, a brain made of TLNU-like neurons - those with local nonlinear

dendritic summation - has a greater storage capacity than has traditionally been

recognised (Figure 4): in a network made of TLUs, learning occurs through synaptic

plasticity because information is only stored in the connections between nodes [35];

but a significant amount of information can also be stored within the nodes of a

networks of TNLUs.
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4 Conclusion

In this chapter, we have discussed three implications of non-linear summation in

dendrites for single neurons and networks.

We showed, first, that a neuron can use its analogue spiking or saturating den-

drites to perform new sets of computations like XOR, FBP, or dFBP, suggesting

that neurons are complex computing units rather than networks of simple units. We

labeled these units TNLUs (Threshold Non-Linear Units). This observation chal-

lenges the connectionist hypothesis that the brain is a network made of simple com-

puting elements, either neuronal or dendritic.

Second, we demonstrated that networks of TNLUs can do better at parallelizing a

difficult function than networks of TLUs. In the former type of networks some com-

putations, such as the parity function, require pre-synaptic units with large receptive

fields; this requirement can be weakened or eliminated in networks of TNLUs. This

observation can be generalized to recurrent networks if the input layer is considered

to receive both feedforward and recurrent inputs.

Third, we have shown that a TNLU can store a substantial amount of information

in its intrinsic parameters. Consequently, intrinsic plasticity plays a more important

role in a network of TNLUs, and such network can store more information with a

smaller range of synaptic weight values than a network of TLUs containing the same

number of units. This last property allows networks of TNLUs to store information

more efficiently than networks of TLUs.
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20 R.D. Cazé, M. D. Humphries, B.G. Gutkin
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