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Abstract. A self-modeling network for some base network is a network extension

that represents part of the base network structure by a self-model in terms of added
network nodes and connections for them. By iterating this construction, multi-order
network adaptation is easily obtained. A dedicated software environment for self-
modeling networks that has been developed supports the modeling and simulation
processes. This will be illustrated for a number of adaptation principles from a
number of application domains.
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1. Introduction

A self-modeling network is a network that represents part of its own network structure
by a self-model in terms of dedicated network nodes and connections for them. A
network structure can be described by network characteristics for connectivity for
connections between nodes, aggregation for combining multiple incoming impacts on a
node, and timing for the speed of node state dynamics; e.g., [1, 2, 3]. Any base network
can be extended to a self-modeling network for it, by adding a self-model for part of the
base network’s structure. In this case, the added self-model consists of a number of added
nodes representing specific characteristics of the base network structure, such as
connection weights and excitability thresholds, plus connections for these added self-
model nodes. For the approach considered here, in general nodes in a network are
assumed to have activation levels that can change over time due to impact from other
nodes from which they have incoming connections. If in particular the nodes from a self-
model representing some of the network characteristics of a base network are dynamic,
these base network characteristics become adaptive, thus an adaptive base network is
obtained, in the sense that adaptation of the base network is modeled by the dynamics
within the self-modeling network extending the base network.

Moreover, multi-order network adaptation can be obtained by iterating this self-
modeling construction. If multi-order self-models are included in a self-modeling
network, any included self-model (of some order) can have its own (next-order) self-
model within the overall network where the latter self-model represents some of the
network characteristics of the former self-model. For example, this allows to control the
dynamics of self-models, so that self-controlled adaptive networks are obtained.

! Corresponding Author: Jan Treur, Social AI Group, Vrije Universiteit Amsterdam, De Boelelaan 1111,
1081HV Amsterdam, the Netherlands; Email: j.treur@vu.nl.



J. Treur / Modeling Multi-Order Adaptive Processes by Self-Modeling Networks 207

A dedicated software environment for self-modeling networks that has been
developed supports these modeling and simulation processes; see [3], Ch. 9. In this paper,
for a number of adaptation principles from different application domains, it will be
illustrated how they can be modeled by proper pre-specified self-models that can be used
as building blocks to extend any base network to make it adaptive.

In the paper, first in Section 2 the modeling approach from [3] based on self-
modeling networks is briefly described. In Section 3 nine different adaptation principles
from the Cognitive Neuroscience and Social Science literature are described. Next, in
Section 4, for the adaptation principles described in Section 3 it is shown in more detail
how they can be modeled by self-models. Section 5 is a discussion.

2. Networks Using Self-Models: Self-Modeling Networks

In this section, the network-oriented modelling approach used from [3] is introduced.
Following [3, 4], a temporal-causal network model is characterized by (here X and Y
denote nodes of the network, also called states):

o  Connectivity characteristics Connections from a state X to a state Y and their

weights @y y

Aggregation characteristics For any state Y, some combination function cy(..)
(usually with some parameters) defines the aggregation that is applied to the
impacts @y yX(?) on Y from its incoming connections from states X

e  Timing characteristics Each state Y has a speed factor ny defining how fast it

changes for given impact.

The following difference (or differential) equations that are used for simulation
purposes and also for analysis of temporal-causal networks incorporate these network
characteristics @y y, ¢¥(..), Ny in a standard numerical format:

Y(E+AL) = Y(8) +nyley(og,yXi(t) - ox v X (£) — Y(O)] At M
for any state Y and where X; to X, are the states from which Y gets its incoming
connections. Here the overall combination function ¢y(..) for state Y is the weighted
average of available basic combination functions ¢i(..) by specified weights y;y (and
parameters Ty jy, Tz jy of ¢;(..)) for Y:
Yy C1(VaaVi) + oo + Yy Cm (V- Vk)
cr(Viyeeen Vi) = m——— )
Such Eq. (1) and (2) are hidden in the dedicated software environment; see [3], Ch 9.
Within this software environment, currently around 40 useful basic combination
functions are included in a combination function library; see Table 1 for some of them.
The above concepts enable to design network models and their dynamics in a declarative
manner, based on mathematically defined functions and relations.

Table 1. Examples of basic combination functions from the library.

Notation Formula Parameters
Euclidean  eucl,a(Vi. ... V) /M gggﬁ;g;gctor 150
le(é\ll:trllcces?un alogisticox(V1, ...V [1+e“’(V1:“+Vk_T) - 1+2‘")](1+e-m) lsifgt’;lfisl?t;?}?resholdr
ic::ium smaxa(V1, ..., V) max(V,, ..., Vi)/A Scaling factor A>0
Scaled smim,(V1, ..., Vi) min(V, ..., Vi)/A Scaling factor A>0

minimum
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Note that there is a crucial distinction for network models between network
characteristics and network states. Network stafes have values (their activation levels)
and are explicit representations that may be accessible for network states by connections
to and from them and can be handled or manipulated in that way. They can be considered
to provide an informational view on the network; usually the states are assumed to have
a certain informational content. In contrast, network characteristics (such as connection
weights and excitability thresholds) have values (their strengths) and determine (e.g.,
cognitive) processes and behavior in an implicit, automatic manner. They can be
considered to provide an embodiment view on the network. In principle, these
characteristics by themselves are not directly accessible nor observable for network
states; in principle you can make connections between states but you cannot make
connections between network characteristics or between states and characteristics.

As indicated above, ‘network characteristics’ and ‘network states’ are two distinct
concepts for a network. Self-modeling is a way to relate these distinct concepts to each
other in an interesting and useful way. A self~model is making the network characteristics
(such as connection weights and excitability thresholds) explicit in the form of adding
states (called self-model states) for these characteristics and also connections for these
additional states. Thus, the network gets an internal self-model of part of its network
structure: it explicitly represents information about its own network structure. In this way,
by iteration different self-modeling levels can be created where network characteristics
from one level relate to network states at a next level. Thus, an arbitrary number of self-
modeling levels can be modeled, covering second-order or higher-order effects.

More specifically, adding a self-model for a temporal-causal base network is done in
the way that for some of the states Y of the base network and some of the network
structure characteristics for connectivity, aggregation and timing (i.e., some from @y,
Yiv» Tijy, Mr), additional network states Wyy, C;y, Pi;r, Hy (self-model states or
reification states) are introduced and connected to other states:

a) Connectivity self-model
o Self-model states Wy y are added representing connectivity characteristics, in
particular connection weights @y y
b) Aggregation self-model
e Self-model states C;y are added representing aggregation characteristics, in
particular combination function weights y; y
e Self-model states P;;yare added representing aggregation characteristics, in
particular combination function parameters m;; y
¢) Timing self-model
e Self-model states Hy are added representing timing characteristics, in
particular speed factors ny

The notations Wyy, C;y, P;; v, Hy for the self-model states indicate the referencing
relation with respect to the characteristics ®@xy, ¥; v, T;j,y, Nr: here W refers to @, C refers
to vy, P refers to w, and H refers to 1, respectively. For the processing, these self-model
states define the dynamics of any state Y in a canonical manner according to Eq. (1) and
(2) whereby the values of @y y, v; 1, iy, N are replaced by the state values of Wy y, C; v,
P;; v, Hy at time ¢, respectively.

Note that concerning the terminology used, only the states that represent some
network characteristics are called self-model states. The states to which these self-model
states are connected still belong to the self-model (e.g., as depicted in Figure 1 and
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further) but they can either be other self-model states or other states that are not self-
model states, such as the states X and Y. An example of an aggregation self-model state
P,y for a combination function parameter 7,y is for the excitability threshold Ty of state
Y, which is the second parameter of a logistic sum combination function; then P;;y is
usually indicated by Ty, where T refers to t. The network constructed by the addition of
a self-model to a base network is called a self-modeling network or a reified network for
this base network. This constructed network is also a temporal-causal network model
itself, as has been shown in [3], Ch. 10; for this reason, this construction can easily be
applied iteratively to obtain multiple levels or orders of self-models, in which case the
resulting network is called a multi-order or higher-order self-modeling network or reified
network.

3. Adaptation Principles from Different Domains

In this section, a number of adaptation principles of different orders are described as can
be found in the literature on Cognitive Neuroscience and Social Sciences.

3.1. First-order Adaptation Principles

First-order adaptation principles for some base network address adaptation of some of
the base network’s characteristics concerning its connectivity, aggregation of multiple
connections and timing of node state dynamics. Much research has focused in particular
on learning of connectivity characteristics based on adaptive connections, but also other
characteristics can be made adaptive, as will be discussed.

3.1.1. The Hebbian Learning Adaptation Principle

As a first example, for mental or neural networks, the Hebbian learning adaptation
principle [5] can be formulated by:
‘When an axon of cell A is near enough to excite B and repeatedly or persistently 3)
takes part in firing it, some growth process or metabolic change takes place in one
or both cells such that A’s efficiency, as one of the cells firing B, is increased.’
[5], p. 62
This is sometimes simplified (neglecting the phrase ‘one of the cells firing B’) to:
‘What fires together, wires together’ [6, 7]
This can easily be modeled by using a connectivity self-model based on self-model states
Wy representing connection weights @y y.

3.1.2. The Bonding by Homophily Adaptation Principle

An example of the use of a network’s self-model for the social domain is the bonding by
homophily adaptation principle

‘Birds of a feather flock together’ 4)
This expresses how being ‘birds of a feather’ or ‘being alike’ strengthens the connection
between two persons [8-13]. Similar to the Hebbian learning case, this can be modeled
by a social network’s connectivity self-model based on self-model states Wyy
representing connection weights @y y.
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3.1.3. The More Becomes More Adaptation Principle

Another first-order adaptation principle for social networks is the ‘more becomes more’
principle expressing that more popular people attract more connections:
‘Persons with more connections attract more connections’ [4], p. 311 (5)

In a wider context this more becomes more principle relates to what sometimes is
called ‘the rich get richer’ [14, 15], ‘cumulative advantage’ [16], ‘the Matthew effect’
[17] or ‘preferential attachment’ [18]. Similar to the Hebbian learning and bonding by
homophily cases, this can be modeled by a social network’s connectivity self-model
based on self-model states Wy y representing connection weights @y y.

3.1.4. The Interaction Connects Adaptation Principle

The idea behind the Interaction Connects adaptation principle from Social Science is that
‘The more interaction you have with somebody, the stronger you will become connected” (6)
See, for example, [19-23]. Similar to the Hebbian learning and bonding by homophily
cases, this can be modeled by a social network’s connectivity self-model based on self-
model states Wy y representing connection weights @y y.

3.1.5. The Enhanced Excitability Adaptation Principle

Although connectivity adaptation has some popularity in the literature, also other
characteristics can be made adaptive. Instead of a connectivity self-model to model
adaptive connection weights, also an aggregation self-model can be used, for example,
to model intrinsic neuronal excitability, as described in [24]:

‘Long-lasting modifications in intrinsic excitability are manifested in changes  (7)

in the neuron's response to a given extrinsic current (generated by synaptic

activity or applied via the recording electrode).” [24], p. 30

This form of adaptation can be modeled by an aggregation self-model based on self-
model states Ty for adaptive excitability thresholds. For example, this type of self-model
has been used to model adaptation (desensitization) to spicy food; see [25].

3.2. Second-Order Adaptation Principles

The examples of adaptation principles in Section 3.1 refer to forms of plasticity, which
can be described by a first-order adaptive network that is modelled using a dynamic first-
order self-model for connectivity or aggregation characteristics of the base network, in
particular for the connection weights and/or the excitability thresholds used in
aggregation. Whether or not and to which extent such plasticity as described above
actually takes place is controlled by a form of metaplasticity; e.g. [26-31].

3.2.1. The Exposure Accelerates Adaptation Speed Adaptation Principle

For example, in [29] the following compact quote is found indicating that due to stimulus
exposure, the adaptation speed will increase:

‘ Adaptation accelerates with increasing stimulus exposure’ [29], p. 2.  (8)
This indeed refers to a form of metaplasticity, which can be described by a second-order
adaptive network that is modeled using a dynamic second-order timing self-model, for
timing characteristics of a first-order self-model for the first-order adaptation, based on
self-model states Hw, , for adaptive learning speed.
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3.2.2. The Exposure Modulates Persistence Adaptation Principle

A similar perspective can be applied to obtain a principle for modulation of persistence.
‘Stimulus exposure modulates persistence of adaptation’ 9)

Depending on further context factors, this can be applied in different ways. Reduced
persistence can be used in order to be able to get rid of earlier learnt connections that do
not apply. However, enhanced persistence can be used to keep what has been learnt. This
also refers to a form of metaplasticity, which can be described by a second-order adaptive
network that is modeled using a dynamic second-order aggregation self-model, for
persistence characteristics of a first-order self-model for the first-order adaptation, based
on self-model states My, y for an adaptive persistence factor.

3.2.3. The Plasticity Versus Stability adaptation principle

In a similar direction [31] it is more generally discussed how it depends on the
circumstances when the extent of plasticity is or should be high and when it is or should
be low in favor of stability:
‘The Plasticity Versus Stability Conundrum’ [31], p. 773.  (10)
This principle relates to the previous two and can use these second-order self-models.

3.2.4. The Stress Blocks Adaptation Principle

Yet another principle that is indicated in the literature refers to the effect of high stress
levels on the extent of plasticity:
‘High stress levels slow down or block adaptation’ (11)
See, for example, the following quote from [27], where such slowing down or blocking
of adaptation is called negative metaplasticity:
‘Numerous electrophysiological studies have shown that ‘negative’ metaplasticity develops
in brain areas such as the hippocampus and its related structures (e.g., the lateral septum and
the nucleus accumbens) following stress.” [27], p. 631

This can be described by a second-order adaptive network modeled using a dynamic
second-order timing self-model, for timing characteristics of a first-order self-model for
the first-order adaptation, based on self-model states Hw, , for adaptive learning speed.

The first- and second-order adaptation principles such as the one summarized in (3)
to (11) above have been formalized in the form of self-models used in first- and second-
order adaptive network models that have been designed, as discussed in Section 4.

4. Using Self-Models to Formalize Adaptation Principles

In this section, it will be shown how the modeling approach for self-modeling network
models described in Section 2 can be used to model the adaptation principles of different
orders discussed in Section 3. In particular the connectivity and aggregation
characteristics of the addressed self-models are discussed. Timing characteristics for
these self-models are just values (speed factors for each of the states) that will usually be
set depending on a specific application. When self-models are changing over time in a
proper manner, this offers a useful method to model adaptive networks based on any
adaptation principles. This does not only apply to first-order adaptive networks, but also
to higher-order adaptive networks, by using higher-order self-models.
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4.1. First-Order Self-Models for First-Order Adaptation Principles

First the adaptation principle for Hebbian Learning will be addressed, as described in
Section 3.1.1. To incorporate the ‘firing together’ part, for the self-model’s connectivity
characteristics, upward causal connections to connectivity self-model state Wy y from X
and Y are used to formulate a Hebbian learning adaptation principle; see Figure 1. The
upward connections have weight 1 here. Also a connection from Wyy to itself with
weight 1 is used; in pictures they are usually left out.

So, the connectivity characteristics of the self-model here consist of the three nodes
Wiy, X, and Y, together with the two incoming upward connections (the blue arrows)
from X and Y to Wyy, one outgoing connection from Wyy to Y (the pink downward
arrow), and the leveled connection (black arrow) from X to Y. Note that as mentioned in
the last paragraph of Section 3.2, only the states that represent a network characteristic
are called self-model states, in this case Wy y. In connectivity pictures such as Figure 1
and further, the self-model states are the states with an outgoing (pink) downward
connection. Some other states to which they are connected such as in this case X and Y
are still part of the self-model, but will not be called self-model states; they do not have
an outgoing downward connection. The downward connection takes care that the value
of Wy y is actually used for the connection weight of the connection from X to Y. For the
aggregation characteristics of the self-model, one of the options for a learning rule is
defined by the combination function hebby(V1, V5, W) from Table 2, where V1, V> refer
to the activation levels of the connected states X to ¥, and W to the value of Wyy
representing the connection weight. For more options of Hebbian learning combination
functions and further mathematical analysis of them, see, for example [3], Ch. 14.

Table 2 Combination functions for self-models modeling the first- and second-order adaptation principles. The

first five rows cover the first-order adaptation principles from Section 3.1 and the last four rows the second-
order adaptation principles from Section 3.2.

Variables and

Parameters

V1,V, activation levels of connected states
W activation level of self-model state for
connection weight

W persistence factor

V.V, activation levels of connected persons
W connection weight

o modulation factor

7 tipping point

Wi, ..., Wy activation levels of self-model

Combination function
options

Adaptation principle and
self-model state

hebb,(V,, V3, W) =
V] Vz (l-W) + 13 w

Hebbian Learning
W)(,y

Bonding by Homophily
W)(,y

sthomoog(V,, V>, W) =
W+o W(1-W) (& | Vi- 1))

&ore Becomes More 3.1.3 eUCI',‘}“(,Wl’ = W) states for connection weights of persons

Xy alogistics (W1, ..., W) connected to B

Interaction Connects 314 eucl,» (71, ..., V3) 71, ..., Vi impacts from interaction states for
Wiy " alogistics (V1 ..., V) the connected person

izhanced Excitability 3.1.5 ::l:;ﬁt(.:;(r/,’, V‘)’ V) Vi, ..., Vi impacts from base states
Exposure Accelerates 321 eucl,A(V1, ..., 1)) Vi, ..., Vi impacts from base states and first-
Adaptation Speed Hw,, ~7" alogisticoz(V1, ..., Vi) order self-model states

Exp(_)sure Modulates 129 eucl,A(V1, ..., Vi) 71, ..., Vi impacts from base states and first-
Persistence My, , 7 alogisticos(V4, ..., Vi) order self-model states

Plasticity Versus 323 eucl,a(V1, ..., V3) Vi, ..., Vi impacts from base states and first-

Stability Hw,,, Mw,,

alogisticsz(V1, ..., Vi)

order self-model states

Stress Blocks
Adaptation Hy,,

324

eucl (V1, ..., Vi)

alogisticsz(V1, ..., Vi)

Vi, ..., Vi impacts from base states for stress
level and first-order self-model states
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Next, the adaptation principle for Bonding by homophily will be addressed, as
described in Section 3.1.2. It happens that for this connectivity self-model exactly the
same connectivity characteristics apply as for Hebbian learning, as depicted in Figure 1.

N
XC/\bo/%OY

Figure 1. Connectivity characteristics of the self-model for the Hebbian Learning adaptation principle for
Mental Networks or the Bonding by Homophily adaptation principle for Social Networks

For aggregation characteristics of this self-model, an option for an adaptation rule
is defined by the combination function stlhomo, . (V1, V>, W) from Table 2, where V;, V>
refer to the activation levels (for example, for some opinion) of the connected persons
and W to the value of Wyy representing the connection weight. For more options and
further mathematical analysis, see, for example [3], Ch. 13, or [13].

The More Becomes More adaptation principle as described in Section 3.1.3 has
connectivity characteristics as shown in Figure 2. Here, the connectivity self-model
states for different connections affect each other, as a connection of a person .X; to a given
person Y depends on the existence and strengths of connections from other persons X; to
the same person Y; see the black leveled arrows in the upper plane.

Wx.y
Wi,
Wy
X,
Y
X
2 X3

Figure 2. Connectivity characteristics of a self-model for the More Becomes More adaptation principle for
person X; with respect to person Y
So, in this case the connectivity characteristics of the self-model are the nodes Wy y,
Wi.v, Wiy, and ¥, together with leveled connections (black arrows) from each Wy, yto
Wy yand downward connections (pink arrows) from each Wy; y to Y. Again, these (pink)
downward connections takes care that the value of Wy;y is actually used for the
connection weight of the connection from X to Y. For the aggregation characteristics of
this self-model, some form of aggregation of the weights of these other connections
represented by the Wy;y can be used, such as by using a Euclidean or logistic sum
combination function; see Table 2. For example, in [32] a logistic sum function was used,
and in [33] a scaled sum (with scaling factor the number of existing connections for ¥
resulting in an average weight), which is a first-order Euclidean combination function.
For the Interaction Connects adaptation principle described in Section 3.1.4, the
connectivity self-model states for the connection weights are affected by certain states
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Iy,y representing the strength of (actual) interaction. Therefore, the connectivity
characteristics of a self-model for this adaptation principle are as shown in Figure 3,
with (blue) upward connections from interaction states Iy; y to the self-model states Wy, y
and (pink) downward connections from Wy;y to Y. Note that there also multiple
interaction states can be used for one connection, for example, for different interaction
channels. The aggregation characteristics of the self-model states Wy, y can be specified,
for example, by a Euclidean or logistic sum function, as shown in Table 2.

Wy vy
Wi, v
i\ Wiz y
X I,y
Y
X O
2 X, Iy Ly

Figure 3. Connectivity characteristics of a self-model for the Interaction Connects adaptation principle for
persons X;, X; and X; with respect to person Y.

For the Enhanced Excitability adaptation principle described in Section 3.1.5, an
aggregation self-model with connectivity characteristics depicted in Figure 4 can be used.

Ty

=
s &

X Y

Figure 4. Connectivity characteristics of a self-model for the Enhanced Excitability adaptation principle for
persons X3, X; and X; with respect to person Y.

In this case state Y is assumed to use a logistic sum combination function, which has
an excitability threshold parameter t (or any other function with such a parameter). Here
this excitability threshold is represented by aggregation self-model state Ty which is
affected by exposure from activation of the involved states. Note that to enhance
excitability, the value of self-model state Ty representing the excitability threshold has
to decrease. Therefore, these upward connections need to get negative connection
weights, whereas a positive connection weight from Ty itself can be used. In this case,
the (pink) downward connection from Ty to Y takes care that the value of Ty is actually
used for the threshold value of the logistic sum function of Y. Also a connection from a
related connectivity self-model state Wy y to Ty with positive connection weight might
be added in this self-model to obtain some balancing effect. For the aggregation
characteristics, for example, a Euclidean (with odd order n to keep the negative impacts
negative) or logistic sum function can be used for Ty, as shown in Table 2.
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4.2. Second-Order Self-Models for Second-Order Adaptation Principles

The first second-order adaptation principle discussed is the Exposure Accelerates
Adaptation Speed principle described in Section 3.2.1. This is modeled by a second-order
timing self-model. As it is a second-order adaptation principle for some first-order
adaptation principle, for the sake of clarity it is described here with respect to the first-
order adaptation principle for Hebbian Learning; although it might be applied to other
first-order adaptation principle as well, but then it will have a similar structure to what is
shown here. The connectivity characteristics of this timing self-model are shown in
Figure 5; they consist of the states Hw, ,, Wxy, X, and Y, together with the (positive,
blue) upward connections from the two base states X and Y to the self-model state Hwy y
expressing the part of the principle referring to ‘exposure’, the (negative, blue) upward
connection from Wy y to the self-model state Hw, ,, and the downward (pink) connection
from Hw, yto Wy y that takes care that the value of Hw,, is actually used as speed factor
for Wyy. By the upward connections, stronger activation of the base states X and Y will
lead to an increased value of Hwy ,, as indicated by the part of the principle referring to
‘accelerates’. The (negative) upward connection from the considered state Wy yto Hw
can be used for (counter)balancing. For the aggregation characteristics, for example a
Euclidean (with odd order n to keep the negative impacts negative) or logistic sum
function can be used for Hwy y, as shown in Table 2.

Hwyy

A
2N
XCAA/\‘O)EJY

V4

Figure 5. Connectivity of a second-order self-model for the Exposure Accelerates Adaptation Speed adaptation
principle with a first-order self-model for Hebbian learning.

Next, the second-order Exposure Modulates Persistence adaptation principle (for the
first-order Hebbian Learning principle) described in Section 3.2.2 is addressed, based on
second-order aggregation self-model state Mw, , representing persistence of the first-
order adaptation. For the connectivity characteristics of this self-model, see Figure 6.

Wi
ia—

VA

Mywyy

Figure. 6. Connectivity of a second-order self-model for the Exposure Modulates Persistence adaptation
principle with a first-order self-model for Hebbian learning
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The upward connections from base states X and Y to Mwy, may suppress the
persistence (when they are negative). This paves the road to get rid of the learnt effects
from the past in case they are no longer applicable. The positive upward connection from
first-order state Wyy to Hw, , can be used for counterbalancing. However, the upward
connections from base states X and Y to Mw,, can also be made positive in which case
they increase persistence during a learning process to keep the learnt effect well. This
also illustrates the Plasticity Versus Stability Conundrum adaptation principle described
in Section 3.2.3. The (pink) downward connection from Mwy , to Wy takes care that
the value of Wyy is actually used for the connection weight of the connection from X to
Y. For the aggregation characteristics, for example a Euclidean (with odd order n) or
logistic sum function can be used for Mwy y, as shown in Table 2.

Finally, a second-order self-model for the Stress Blocks Adaptation principle
described in Section 3.2.4 can be obtained in a similar way as the one for Exposure
Accelerates Adaptation Speed principle (see connectivity in Figure 5) but this time with
connectivity characteristics based on a negative upward connection from a base state
representing the stress level, which brings the timing characteristic self-model state
Hwy, ,, to low values or even 0. For the aggregation characteristics, again for example a
Euclidean or logistic sum function can be used for Hw, ,; see Table 2.

5. Discussion

In this paper the use of self-modeling networks to model adaptive biological, mental and
social processes of any order of adaptation was addressed. Following the network-
oriented modeling approach described in [3], it was shown how self-models for networks
provide useful pre-specified building blocks to design complex multi-order adaptive
network models in the form of self-modeling networks. This was illustrated for a number
of adaptation principles from different application domains. A dedicated software
environment for self-modeling networks that has been developed supports the modeling
and simulation: https://www researchgate.net/project/Network-Oriented-Modeling-Software.

As an illustration, in [3], Ch. 4, four of the adaptation principles known from the
literature and specified in Section 4 were applied to obtain a network model involving
both plasticity and metaplasticity. In particular, two first-order adaptation principles (for
Hebbian Learning and for Enhanced Excitability) and two second-order adaptation
principles (for Exposure Accelerates Adaptation Speed and for Exposure Modulates
Persistence) are covered in this network model.
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