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> Purpose • This article investigates the emergence of subsystems in societies as a solution to the double contingency 
problem. > Context • There are two underlying paradigms: one is radical constructivism in the sense that perturba-
tions are at the centre of the self-organising processes; the other is Luhmann’s double contingency problem, where 
agents learn anticipations from each other. > Approach • Central to our investigation is a computer simulation where 
we place agents into an arena. These agents can learn to (a) collect food and/or (b) steal food from other agents. 
In order to analyse subsystem formation, we investigate whether agents use both behaviours or just one of these, 
which is equivalent to determining the number of self-referential loops. This is detected with a novel measure that we 
call “prediction utilisation.” > Results • During the simulation, symmetry breaking is observed. The system of agents 
divides itself up into two subsystems: one where agents just collect food and another one where agents just steal 
food from other agents. The ratio between these two populations is determined by the amount of food available. 
> Key words • Social systems, constructivist paradigm, cybernetics, double contingency, symmetry breaking, emergence.

1 Introduction

« 1 »  Central to constructivist theory is 
the formation of subsystems, ranging from 
subsystems in organisms (Maturana & Va-
rela  1980) to subsystems in society (Luh-
mann 1984: 80). In this paper, we will dem-
onstrate subsystem formation on the level of 
neuronal systems operating on interacting 
agents. We then present a novel measure 
that is able to identify and quantify this sub-
system formation.

« 2 »  We will now introduce, step-by-
step, our understanding of how subsystem 
formation occurs. We will then use it to set 
up a computer simulation with multiple 
agents.

2 Towards subsystem 
formation
« 3 »  We first need to look at a single 

agent and how it establishes its self-referen-
tial operation and how it is able to learn. Fig-
ure 1a shows the essential building blocks of 
an agent in its environment, where the agent 
creates a closed loop that includes its sen-
sors, its motor output and the environment 
itself. From a mathematical point of view, 
this is a cybernetic control system (Ash-

by 1956; Porr & Wörgötter 2003; Porr, von 
Ferber & Wörgötter  2003) that simulates 
the self-referentiality of the nervous system 
(Foerster  2003), where its elements, in the 
sense of Luhmann (1984: 41), are electrical 
signals that reproduce themselves in a self-
referential manner. This system exists be-
cause there are unpredictable events in the 
environment that we call “perturbations,” in 
the spirit of Humberto Maturana and Fran-
cisco Varela (1980). These perturbations act 
on the loop, which has the task of restoring 
its desired state or homoeostasis. Note that 
these loops exist because there are pertur-
bations in the environment and these loops 
need to react to them.

« 4 »  In accordance with the construc-
tivist paradigm, the loop makes it impossi-
ble for the organism to distinguish between 
organism (hreflex) and environment (ereflex) 
because these transfer functions can easily 
be turned into different transfer functions 
without changing the dynamics of the loop 
at all. In the extreme case, the environment 
ereflex can turn into the identity. The transfer 
function Hreflex, new of the organism then ab-
sorbs both the environment and the reflex 
(Hreflex, new = Hreflex ∕ Ereflex; Ereflex, new = 1). This 
means that the environment has been ab-
sorbed into the organism. The world is in 
our heads or, in other words: nervous sig-

nals create nervous signals and so on (Foer-
ster  2003;  Gadenne  2010), which are the 
elements in this simulation (Luhmann 1984: 
41).

« 5 »  However, the perturbation cannot 
be absorbed into the loop. It will always stay 
outside of the loop and will be perceived by 
the agent as the actual environment (Porr 
& Wörgötter 2005). The loop has to be ad-
justed in such a way that it acts appropriately 
against the perturbation p. This leads to one 
of the central aspects of constructivist theo-
ry: the loop has be a construction of the per-
turbation so that it is able to eliminate it suc-
cessfully. The organism constructs its own 
world by its loops, which act against pertur-
bations. This could be a threat but also some-
thing pleasurable, for example finding food. 
The appropriate action in this case would be 
to eat the food to go back to the “normal” 
state, namely no food. Instead, Luhmann 
calls perturbations “irritations” originating 
from the environment, which stresses more 
the fact that the closed loop needs to react 
to them (Luhmann 1996). Recall that for the 
organism a certain type of food only exists 
if it can sense a perturbation and then react 
to it appropriately. Otherwise, it will be not 
part of its construction of the world. This will 
become important later when we are talking 
about subsystem formation.
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« 6 »  So far we have only discussed 
loops that are fixed. Such loops might have 
been established during evolution or in our 
simulation designed by the experimenter so 
that the agents can act in their environment. 
The other option is that loops are created or 
removed while the agent is acting in its en-
vironment by using a closed-loop learning 
algorithm (Porr & Wörgötter 2003; Porr, von 
Ferber & Wörgötter 2003). Figure 1b shows a 
typical scenario, where we have one loop via 
dreflex and one loop via dpred. In this example, 
the loop via dreflex is superseded by the loop 
via dpred. This example focuses on predictive 
learning, where the loop via dpred can react 
faster against the perturbation than the loop 
via dreflex because there is a delay between the 
outer loop and the inner loop. For example, 
a dangerous situation can be avoided by pre-
dicting it or food can be targeted and not 
just encountered by accident. Consequently, 
learning should identify the faster-reacting 
loop and then replace the loop via dreflex with 
a loop via dpred. In Figure  1c, this has been 
perfectly accomplished. The loop via dreflex is 
no longer needed and the loop via dpred has 
taken over. Coming back to our food ex-
ample: the loop via dreflex represents an agent 
that just bumps into food accidentally and 
then eats it; the loop via dpred represents vi-
sion so that an agent can see food from the 
distance and then plan to get to the food. 
Equivalently, an agent can learn to anticipate 

adverse events and avoid them before getting 
into imminent danger.

« 7 »  Coming back to the constructivist 
framework, this means that the agent now 
constructs the perturbation via a different 
loop and therefore has a different construc-
tion of its perturbation in its environment. 
In other words, the experience of a pertur-
bation is turned into an explanation of itself 
(Kenny  2009). This argument can also be 
turned around: perturbations have the po-
tential to create loops and thus create con-
structs about the perturbations. As shown 
before, organisms can construct more and 
more of their environment by creating more 
and more loops. On the other hand, organ-
isms can also choose to remove loops so 
that they are no longer aware of this aspect 
of the environment (Luhmann  1984: 250). 
This will become important for subsystem 
formation.

« 8 »  Agents may not be alone in their 
environment. As soon as there is more than 
one agent, the agents will perturb each oth-
er. If learning is possible, agents will try to 
learn from each other and generate more 
loops that include other agents. However, 
every new loop an agent creates causes an-
other perturbation for another agent, which 
in turn needs to be learned. This leads to the 
double contingency problem, which states 
that reciprocally-anticipating agents create 
even more unpredictability (Parsons  1968: 

436). Having many agents will make it im-
possible to generate reliable predictions and 
therefore stable loops.

« 9 »  A solution to the double contin-
gency problem is that agent-agent interac-
tion does not aim to predict every aspect 
of the other agent but concentrates only 
on a few aspects instead. Having a group of 
agents then makes it easier to generate pre-
dictable behaviour because in the simplest 
case only one loop/perturbation is used to 
change an agent’s behaviour or to react to it. 
Luhmann  (1984: 177) then proposed that 
this subsystem formation emerges in a self-
organised manner: perhaps electricians talk 
only about light bulbs and bakers only about 
bread making.

« 10 »  Figure 2 shows a formalisation of 
two agents interacting with each other. Let 
us first concentrate on the organism on the 
left. We will find again the aspects shown 
in Figure 1, consisting of an inner fixed re-
flex loop (now using dotted lines) and an 
outer predictive loop that can be switched 
on or off via learning. Let us now consider 
the special case where the perturbation p is 
generated by the other agent and vice versa. 
While in Figure 1 the perturbation was from 
an unpredictable origin, in Figure 2 it comes 
from the observable behaviour (utterances/
actions) of the other agent and vice versa. 
This means that Agent 1 will be perturbed 
by Agent 2 and Agent 2 will be perturbed 
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Figure 1: (a) The organism is connected to the environment via the motor output z and the reflex sensory input dreflex. The environment introduc-
es a perturbation p via the transfer function ereflex, which in turns changes the reflex dreflex. The organism wants to keep the reflex at its desired 
state. (b) An organism can learn to keep its desired state by using a predictive input dpred, providing that the perturbation p acts on the reflex 
dreflex with a delay of t. (c) After learning, the organism should have reduced the reflex to zero by using the predictive information dpred. 
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by Agent 1. Remember that both agents use 
learning to supersede their reflex loops with 
faster anticipatory loops. In this case, this 
means that the agents generate expectations 
of expectations and change their behaviour 
in a recursive fashion (Luhmann 1984: 420). 
This is a version of the “double contingency 
problem” because the agents perturb each 
other and at the same time adjust their be-
haviour continuously (Parsons 1968: 436).

« 11 »  The two-agent system is still too 
simple to arrive at subsystem formation. We 
require agents that incorporate more than 
one perturbation and therefore have the op-
portunity to generate and/or remove loops.

« 12 »  An agent-agent system with two 
agents having two feedback loops and cor-
responding predictive loops is shown in 
Figure 3. Again, the reflex loops are shown 
as dotted lines and the predictive loops as 
solid ones. The adaptive controllers have 
been collapsed into black boxes called “C.” 
The interesting aspect is now the interaction 
between the two agents. Because we have 
two loops, we can have cross interactions 
between them. For example, loop 1, 2 can 
perturb loops 2, 2 and 2, 1 of the other agent. 
This will inevitably lead to more uncertainty 
because there are two different learners in 
every agent that will use any information 
from the other agent to predict its behav-
iour. Overall, the double contingency prob-
lem will be much more difficult to solve be-
cause the behaviours of the agents become 
more complex and will be more difficult to 
predict by the other agent. A way of reduc-
ing the complexity of the interaction is to 
stop using all possible loops and, thus, shut 
down certain sensor inputs that represent 
certain aspects of the environment. This is 
the first step towards subsystem formation, 
namely removing certain loops to reduce 
complexity.

« 13 »  The double contingency will be-
come even more challenging to solve when 
there are more than two agents. In this case, 
every agent tries to predict the behaviour of 
many other agents to adjust its own behav-
iour and vice versa. In addition, different 
stimuli can cause a change in behaviour and 
learning. The result is that agents will basi-
cally just perceive noise, which will make 
it impossible to anticipate other agents’ ac-
tions. An agent will have no other choice 
than to resort to its most inefficient loops 

and be reactive. In order to solve this prob-
lem of having to calculate over-complex 
predictions, Luhmann proposed that every 
system forms subsystems, where agents only 
concentrate on one aspect of their environ-
ment and ignore all others (Luhmann 1984: 
250).

« 14 »  As said earlier, agents can choose 
to remove loops, which in turn removes the 
construct of the perturbation for the agent. 
So, by removing a loop, an agent no longer 
reacts to certain perturbations in the envi-
ronment and therefore this part of the en-
vironment no longer exists for the agent. 
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Figure 2: Double contingency formalised. hpred and hreflex represent the agents’ controllers for 
anticipatory and reflex behaviour respectively.
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Figure 3: Agent-agent interaction with four loops: two for each agent, which allows subsystem 
formation. Here, C is the learning controller, processing the reflex and predictive signals as 
before.
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Remember that agents learn to anticipate 
perturbations. However, they can also re-
move certain loops to no longer anticipate a 
perturbation. Luhmann calls an agent’s deci-
sion not to use certain aspects of the envi-
ronment a “selection” (Luhmann 1984: 384). 
In the next section, we will use as an example 
a system of agents where every agent has to 
collect food and eat it. The agents can either 
look for food or steal it from other agents. 
All agents have the ability to learn both find-
ing food and stealing it. However, we will 
show that two subsystems emerge, consist-
ing of agents that only steal and agents that 
only collect food.

3 The social system model

« 15 »  The simulation model is a two di-
mensional arena bounded by walls. It con-
tains agents and food sources. The arena 
contains N agents and M food disks, which 
can be collected by the agents and then are 
slowly eaten up. Once a food disk has been 
collected, a new one will appear at another 
random location. Agents can steal the food 
from each other.

« 16 »  Agents have different sensors that 
enable them to sense food disks, food on 
other agents and obstacles. This is shown in 
Figure 4 for the food attraction. For each of 
these qualities, there exist two kinds of sen-
sors:

�� Proximal sensors, which make the 
agent react at a short distance and can 

be seen as reflexes that are hard wired 
and cannot be changed. An example is 
shown in Figure 4a, where the robot is 
sensing the food disk from a short dis-
tance and then collects the food. All of 
these loops are designed in such a way 
that they have the requisite variety (Ash-
by 1956; Di Paolo 2005) to deal with the 
specific perturbations, namely acciden-
tally finding food and bumping into 
other agents or into walls. These loops 
guarantee the self-referential operation 
of the agent. Either way, the trigger of 
these loops with perturbations is not 
desirable from the agent’s point of view 
because they create a deviation from the 
agent’s desired state (see Figure 1a). On 
a more positive note, the trigger of these 
loops can be seen as irritations that trig-
ger learning in the agent. Learning is 
achieved by modifying the loops, which 
in our case is achieved by introducing 
distal sensors and their loops.

�� Distal sensors, which provide informa-
tion from a distance and allow the agents 
to generate anticipatory actions. These 
actions need to be learned by the agents 
and can also be removed again during 
learning. These are the actions that are 
crucial for subsystem formation. Two 
cases are shown in Figure 4b and c. In 
4b the robot has learned to use its distal 
sensors to approach the food disk from a 
distance. This corresponds to Figure 1b 
and c, where the agent is able to reduce 
its requisite variety by rendering the 

loop via the proximal sensor obsolete. 
Being able to learn such predictions is 
highly desirable for self-referential sys-
tems and is featured in virtually any sys-
tem, ranging from cells to communica-
tion systems (Luhmann 1984: 420).
« 17 »  The distal/proximal signals for 

the sensors are generated by simple poten-
tial fields, which decay at a rate of r2 from 
their origin. For the proximal sensor, the 
potential field decays to zero within a few 
coordinated steps between the agent and the 
signal source (food or obstacles), whereas 
the distal field is adjusted in such a way that 
it spans the whole arena.

« 18 »  Agents move with a differential 
drive system (Braitenberg  1984), which 
allows error-driven navigation. This is 
achieved by combining sensor signals to 
error signals in such a way that the agent is 
either attracted to objects or avoids them. 
Here, the error signals are generated by 
subtracting the right sensor signal from the 
left sensor signal, which is used to gener-
ate a steering angle and to control learning. 
For example, in Figure  4b this results in a 
positive error signal (the left sensor signal 
is stronger than the right sensor signal), 
whereas in Figure 4c this results in a nega-
tive error signal (right is stronger than left). 
This setup guarantees that the agent always 
interacts with its environment and that pro-
cessing is ongoing all the time (Froese & 
Ziemke 2009). This is in accordance with a 
good/bad normativity that avoids explicit 
goals that would eventually be reached 
(Georgeon, Marshall & Manzotti  2013). 
Thus, the agent continuously performs self-
referential actions that never stop, but at the 
same time the agent experiences good or 
bad moments conveyed by its error signals.

« 19 »  Learning is performed by the In-
put Correlation learning (ICO) rule (Porr 
& Wörgötter  2006), which belongs to the 
class of differential Hebbian learning rules 
and which essentially makes the agent learn 
to replace late reflexes with anticipatory ac-
tions. Here, ICO learning replaces the late 
reflex generated by the proximal sensors 
with an anticipatory action generated by 
the distal sensors. Learning is driven by the 
correlation of the proximal sensors with the 
distal sensors. After learning, the reflexes 
should no longer be in use and should be re-
placed with anticipatory actions. ICO learn-
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Figure 4: The robot scenario. (a) The proximal food sensors of the robot are triggered. (b) The dis-
tal food sensors of the robot are triggered. (c) Distal steal-food sensors of the robot are triggered. 
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ing was chosen because it only correlates 
the agents’ sensor inputs with each other 
but does not use the motor output. From a 
constructivist perspective, this is desirable 
because firstly, the agent can only observe its 
inputs and secondly, learning is triggered by 
error signals at the inputs of the agent but 
not at its outputs (Froese & Ziemke 2009).

« 20 »  We will now explain the different 
behaviours.

3.1 The behaviours
« 21 »  Figure  5 shows the behaviour-

generating circuit. We have robots with two 
wheels that drive straight ahead as long as 
both motors receive the same voltage, and 
turn if the voltages are different. Three dif-
ferent behaviours based on the following 
sensors are generated:

�� Food sensors detecting food in the arena;
�� Food sensors detecting food on other 

robots;
�� Obstacle sensors that generate avoid-

ance behaviour in robots.
« 22 »  The agents’ behaviours are now 

described one by one. The mathematical 
formalism is presented in the appendix.

3.2 Food attraction
« 23 »  The first behaviour we describe 

is food attraction, where the agent learns 
to find food from a distance and collect it. 
Before learning, the agent has only its inert 
reactive behaviour, which steers the agent 
towards food that is close by, which relates 
to Figure 1a and section 2. This is achieved 
by subtracting the right proximal sensor 
signal from the left proximal sensor signal 
and using this as an error signal. This makes 
the agent drive towards the food that is at 
close range. The encounter with the food 
is the perturbation here because this ac-
tion always happens too late. In order to 
eliminate this non-optimal reaction via the 
proximal sensor, we use the distal sensor, 
which allows anticipatory behaviour (Luh-
mann 1984: 420). In order to learn to steer 
to a food disk from a distance, the robot 
utilises the signals from the distal sensors 
in similar manner than before. Again, we 
generate an error signal based on the differ-
ence between the left and right distal sensor. 
However, in contrast to the reflex behaviour, 
the signal from the distal sensor is weighted 
by the factor wfood, pred(t), which is initially 

set to zero so that the agent only uses its 
proximal reflex. Learning then enables the 
robot to use its proximal sensors also, by in-
creasing the weight wfood, pred if first the distal 
and then a little later the proximal sensor 
has been triggered. In other words, ICO 
learning tries to pre-empt the trigger or “ir-
ritation” of the late reflex with the help of 
the distal sensor. Learning continues until 
the agent’s late proximal sensors are no lon-
ger needed and steering is achieved by the 
predictive distal signals. This corresponds 
to Figure 1c where ideally only the predic-
tors are being used, which Luhmann calls 
“Erwartungsstrukturen” (structures of ex-
pectations) (Luhmann 1984: 404). In more 
complex scenarios, predictors of predictors 
or a combination of predictors can also be 
learned.

« 24 »  After learning, the agents should 
be able to drive towards food from a dis-
tance by using their distal sensors. The high-
er the weights wfood, pred, the stronger is the 
attraction to food seen from a distance. In 
the same way, learning takes place for the 
other behaviours, in particular the stealing 
of food.

3.2.1 Carrying food
« 25 »  Having introduced the way 

agents learn to find food, we can now intro-
duce how agents carry food and then how 
other agents can steal it from them.

« 26 »  Agents have a food reservoir 
called “myfood,” which they slowly eat up 
and which eventually decays to zero. When 
the agent encounters food, its own food 
state is restored back to its maximum value 
(myfood = 1). Every agent broadcasts its 
myfood-state to all the other agents and this 
can be detected from a distance in the form 
of a decaying field, in the same way as the 
food disks.

3.2.2 Stealing food from other agents
« 27 »  When an agent bumps into an-

other agent and the other agent has food 
(myfood > 0), this causes a reflex reaction 
and the agent “steals” the food from the 
other agent. This irritation is then used for 
ICO learning to generate an anticipatory 
action by sensing the myfood state of other 
agents from a distance. As stated before, 
the agents broadcast their myfood state to 
the other agents and excite the sensors that 
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Figure 5: The data flow diagram of the robot controller.
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detect food from a greater distance. Again, 
we have a weight wstealfood, pred, which controls 
whether the distal food sensors are allowed 
to steer the agent towards food. This weight 
is changed by the ICO learning rule by cor-
relating the food-related reflex with the 
sensor that detects the information broad-
cast about the other agents’ food reservoir 
(myfood). After learning, an agent is able to 
drive towards other agents that carry food 
and steal the food from them. The higher the 
weight wstealfood, pred, the stronger the attrac-
tion towards other agents carrying food.

« 28 »  In addition, obstacle avoidance 
is implemented but is not used in the fol-
lowing analysis. It has only been introduced 
to generate a more natural behaviour, pre-
venting robots from crashing into each 
other and into walls (see the appendix for 
a detailed description). The behaviours to-
wards food and other robots to steal food 
are crucial for our subsystem model. We 
will show that robots either learn to collect 
food (“seekers”) or to steal it from other ro-
bots (“parasites”), which means that they 
are forming subsystems. In order to identify 
the subsystems, we use a new measure that 
we call “prediction utilisation,” which will 
now be introduced.

4 Prediction utilisation

« 29 »  As described in the introduction, 
subsystem formation is achieved by remov-
ing certain sensor/action loops so that this 
aspect of the environment no longer exists 
for the agent. On the other hand, learned 
behaviour is about anticipation: namely, 
anticipating what the other agent is going 
to do, or more generally, what is going to 
happen in the agents’ (subjective) environ-
ment. Thus, we introduce a measure called 
“predictive utilisation,” which reflects how 
much an agent uses a certain loop to antici-
pate perturbations in its environment.

« 30 »  In previous works, we have used 
the weights connecting the sensor inputs to 
the agents’ motor outputs for this purpose 
(Porr, Egerton & Wörgötter 2006). Here, we 
treat the agent as a black box and just ob-
serve which sensor events correlate to motor 
events and which create successful loops.

« 31 »  The formal framework here is 
information theory, where we look at the 

information in the loops and whether de-
sired states have been maintained. Using an 
information theoretical framework makes it 
possible to generalise to other systems, such 
as the communication system. We are going 
to use two information measures and com-
bine them into a single measure, “prediction 
utilisation,” which indicates whether antici-
patory behaviour has been achieved and to 
what level.

4.1 Symbols and conventions
« 32 »  The symbols used in this section 

follow the following conventions:
�� Capital letters, such as X, indicate a ran-

dom discrete variable.
�� The symbols of the random variable are 

indicated by the set X = {x1, x2, …, xS}, 
where S is the number of symbols in this 
set.

�� Non-capital letters, such as x, indicate 
the corresponding discrete time series 
x(k) from which we estimate the density 
P(X) of the corresponding random vari-
able X.

�� The estimated entropy of a random dis-
crete variable X is identified by H(X) 
and is measured in bits.
« 33 »  We then identify our in-/outputs 

using the following variables:
Dreflex a random variable for reflex input dreflex. 

In our simulation we have two different 
variables: one for the food disks and one 
to steal food (e.g., dfood∕stealfood, reflex). If we 
refer to dreflex we mean either of them.

Dpred a random variable for predictive input 
dpred.

Z	 a random variable for steering angle z 
or an error signal generated by the ICO 
neuron.
« 34 »  We first start with measures that 

quantify the information at the input of the 
agent and then measure the information in 
the closed loop that the agent and the en-
vironment comprise. Finally, we combine 
them to form our new measure, “prediction 
utilisation.”

4.2 Input reflex entropy
« 35 »  We first look at the entropy 

H(Dreflex), which is the uncertainty at the re-
flex input dreflex, which in turn is part of a re-
flex loop (e.g., dfood∕stealfood∕avoid, reflex). Remem-
ber that dfood∕stealfood, reflex are essentially error 
signals recording changes from the desired 

state, which drives the reflex (see Figure 1), 
and that these error signals could be under-
stood as an ongoing measure of the agent’s 
good/bad state (Froese & Ziemke 2009) or 
interpreted as irritations (Luhmann  1996). 
Because these are reflex loops, there is al-
ways a lag such that the input dreflex cannot be 
maintained in its desired state all the time. 
Thus, the entropy at dreflex reflects the entropy 
originating from the perturbation p, which 
is the law of requisite variety (Ashby 1956). 
Let us assume that the reflex has an alphabet 
of three symbols such that dreflex = {−1, 0, 1}, 
which encode an error to the left, no error or 
an error to the right, respectively. However, 
while an error of dreflex = 0 is desirable, the 
condition H(Dreflex) = 0 does not imply that 
the error is zero:
dreflex(t) = {1, 1, 1, 1} → H(Dreflex) = 0 (1)
dreflex(t) = {0, 0, 0, 0} → H(Dreflex) = 0 (2)
dreflex(t) = {–1, –1, –1, –1} → H(Dreflex) = 0 (3)

« 36 »  We can exclude conditions Eq. 1 
and Eq. 3 because they only arise when the 
feedback loop has failed completely. In or-
der to have successful learning, we require 
at least a working feedback loop (Froese 
& Ziemke  2009;  Porr & Wörgötter  2005), 
where its values will be non-zero before 
learning and converge to zero after success-
ful learning. This non-zero entropy before 
learning at dreflex reflects the perturbation in-
jected into the system via p (see Figure 1). It 
reaches a maximum of 1.6 bits in our simple 
case, illustrated with the following two time 
s e r i e s :
dreflex(t) = {–1, 0, 1, 0, –1, 1}→ H(Dreflex) = 1.6 (4)
dreflex(t) = {–1, –1, 0, 0, 1, 1}→ H(Dreflex) = 1.6 (5)

where in these cases the input has a uniform 
distribution.

« 37 »  Without learning, the reflex in-
put entropy H(Dreflex) will reflect merely 
the entropy of the perturbation. However, 
after learning, the error signal dreflex should 
be zero all the time because the agent is us-
ing its predictive inputs dpred instead to find 
food or to avoid obstacles. This means that 
before learning, the entropy at the reflex 
input should be in the order of the pertur-
bation (law of requisite variety) and after 
learning the reflex input entropy H(Dreflex) 
should ideally be zero. This could be used 
to measure the transition from reflex-based 
reactions to proactive-based actions.
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« 38 »  However, the input entropy 
H(Dreflex) does not tell us anything about the 
effort that the controller is making to keep 
its desired goal (dreflex(t) = 0). This is because 
it might be that the agent is not moving at 
all, that the environment is very simple or 
that the robot is spinning around its own 
axis. For that reason, we now need to de-
fine a measure that looks at the correlations 
between two different points in the loop: is 
the robot able to keep its own sensor inputs 
predictable for its own actions?

4.3 Mutual information
« 39 »  So far, we have been dealing 

with pure input measures. In this section 
we introduce measures that are calculat-
ed between the inputs and outputs of the 
agent and, thus, measure whether a sen-
sor input actually causes a motor reaction 
in a predictive way (from the agent’s point 
of view). More specifically, we look at the 
mutual information that can be used as a 
performance measure of how the agent re-
acts to the signals at the reflex and predic-
tive inputs.

« 40 »  The mutual information can be 
formulated with the help of conditional en-
tropies H(Dreflex|Z) and H(Dpred|Z):
MI(Z, Dreflex) = H(Dreflex) – H(Dreflex|Z) (6)
MI(Z, Dpred) = H(Dpred) – H(Dpred|Z) (7)

« 41 »  The conditional entropy H(Dreflex| 
Z) is a measure of how much the motor out-
put Z has no influence over the reflex input 
Dreflex. This is the amount of uncertainty re-
maining in the reflex input Dreflex after a mo-
tor action Z has been chosen. The right hand 
side of Eq. 6 can be read as the amount of 
uncertainty in the reflex input Dreflex, minus 
the amount of uncertainty in Dreflex after Z 
has been chosen. From the robot’s point of 
view, the mutual information MI(Z, Dreflex) 
measures the quantity of information that 
the robot is able to recover from its inputs, 
given its outputs. For example, in a com-
pany, that could be the publishing of an 
advertisement that then has a certain effect 
on sales figures. If the advert had no effect 
on the sale figures, the mutual information 
would be zero.

« 42 »  Here, we use the following mu-
tual information measures:
1  |  MI(Z, Dreflex,τ,n): mutual information of 

the reflex loop

2  |  MI(Z, Dpred,τ,n): mutual information of 
the predictive loop

where the parameter τ is the temporal dif-
ference between the motor output z and the 
sensory input dreflex, dpred and n is the sensory 
integration window in time steps. Specifical-
ly, when computing MI(Z, Dreflex,τ,n), we are 
considering the motor output z(k) and the 
sensory input sequence dreflex(k + τ), dreflex(k 
+ τ + 1), …, dreflex(k + τ + n − 1).

« 43 »  Omission of τ and n indicate that 
the mutual information has been maximised 
over those two parameters:

	
( , )
( , , , )max

MI Z D
MI Z D n

/

, /

reflex pred

n reflex pred t

=
t

	 (8)

« 44 »  The mutual information MI(Z, 
Dreflex), MI(Z, Dpred) is a measure of how 
much the agent can control its own sensor 
input. To demonstrate this, we show the two 
extreme cases:
1  |  If MI(Z, Dreflex∕pred) = 0 then Z and Dreflex∕pred 

are independent. It means that there is 
no correlation between the actions and 
the inputs of the robot. Imposing a mo-
tor value does not give a desired input. 
For example, the series:

z(t) = {1, 2, 3, 4, 5, 6} (9)
dreflex/pred(t) = {–1, 0, –1, 1, –1, 0, 1} (10)

has zero mutual information MI (Z, 
Dreflex∕pred, τ = 1) = 0  bits. Note that this 
is not permitted for the reflex (MI(Z, 
Dreflex,τ = 1) = 0) because we assume that 
the reflex loop is working properly and 
will be able to keep to its desired state as 
closely as possible, given a certain per-
turbation.

2  |  If MI(Z, Dreflex∕pred) = max(H(Z),H(Dreflex

∕pred)) then Z and Dreflex∕pred are perfectly 
dependent. This means that this time, 
when the robot imposes a motor action, 
it will achieve the desired input. For ex-
ample if MI(Z, Dreflex∕pred) = 1.6 bits, then 
the robot can choose a motor action and 
read a desired input in an average run. 
But if the robot loses 0.6  bits and goes 
to MI(Z, Dreflex) = 1.0  bits, then in the 
average run one particular motor ac-
tion will yield two equiprobable inputs 
at Dreflex∕pred and thus the robot will have 
less control over its environment.
« 45 »  However, neither the mutual in-

formation via the reflex nor the predictive 
pathways themselves are sufficient to de-

termine whether anticipatory learning has 
been successful. Remember that we would 
like to measure the success of learning by us-
ing the predictive pathway via dpred to elimi-
nate the pathway via dreflex. We need to check 
whether the mutual information has been 
transferred from the reflex to the predictive 
pathway and, thus, the error of the reflex has 
been reduced to dreflex = 0 after learning.

4.4 Measuring subsystem 
formation: Prediction utilisation
« 46 »  The “prediction utilisation” (PU) 

measure is computed with the help of the 
information measures introduced in the 
previous sections, before learning (t = 0) and 
after learning (t = ∞). In practice we evaluate 
the values after learning, once the weights 
have been stabilised.

« 47 »  The prediction utilisation is then 
computed with help of the input entropy 
and the mutual information as:

	
( )

( ) ( )

( , )
( , )

PU H D
H D H D

MI Z D
MI Z D

reflex t

reflex t reflex t

reflex t

pred t

0

0

0
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- 3

3

=

= =

=

=
	(11)

« 48 »  The first factor of Eq. 11 provides 
a measure reflecting the reduction of the en-
tropy of the error signal Dreflex, which drives 
the reflex. Remember that the goal of learn-
ing is to avoid the reflex, which in an ideal 
case will lead to no trigger of the reflex or 
dreflex = 0. In a realistic scenario, the reflex 
entropy will decrease but will never reach 
zero because the agent will make mistakes 
from time to time. After successful learning, 
the entropy should be lower than before: 
H(Dreflex)t = 0 ≥ H(Dreflex)t = ∞. Thus, the first 
factor in Eq. 11 will be 1 for perfect avoid-
ance of the reflex (best performance) and 0 
for no change in the reflex entropy (worst 
performance).

« 49 »  The second factor measures 
whether the agent controls its own ac-
tions before (MI (Z, Dreflex)t = 0) and after 
(MI (Z, Dpred)t = ∞) learning. Remember that 
before learning, this is achieved via the re-
flex input, which is part of a working reflex 
loop. After learning, the agent should be 
still be in control of its own actions via the 
predictive inputs. Ideally, these two mutual 
information values should be similar, mean-
ing that predictability before and after is 
guaranteed.
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« 50 »  An agent with the values shown 
in Table 1 is an example of a perfect learner, 
which results in a prediction utilisation of 
PU = 1 (see Eq.  11). The important values 
are in bold. The mutual information is com-
pletely transferred from the reflex pathway 
to the predictive pathway and the error in 
dreflex is reduced to zero bits, which is re-
flected by H(Dreflex)t = ∞ = 0 and MI(Z, Dreflex)
t = 0 ≅ MI(Z, Dpred)t = ∞ because the predictor 
should be able to provide information that 
has to be learned or exploited by the con-
troller.

« 51 »  In the following section, we apply 
this measure to our social system in order 
to find out whether agents specialise and 
utilise only certain loops and ignore other 
ones. This will result in low PU values for 
some of the loops, which will indicate that 
this aspect is no longer part of the agent’s 
perceptive world.

4.5 Results
« 52 »  Having introduced the prediction 

utilisation, we can now use it to analyse sub-
system formation.

« 53 »  As described in the introduction, 
we are hoping to see a specialisation into 
subsystems. How is the prediction utilisa-
tion computed when there are different be-
haviours? Looking at Figure 5, we have three 
reflexes and three predictive behaviours 
that can be learned. Here, we are interested 
in collecting food and stealing food, which 
are two reflexes and two predictive behav-
iours (the first two ICO learners from the 
top). The prediction utilisation is computed 
for these two behaviours by comparing the 
signals of its reflexes, the predictive inputs 
and the motor output before and after learn-
ing. For example, prediction utilisation for 
finding food is calculated by taking the food 
eating reflex (Dfood, reflex), the food sensor 
that picks up the food field (Dfood, pred) and 
the agent’s differential motor output. These 
three values are then fed into Eq. 11 before 
learning (t = 0) and after the weights have 
stabilised (t = ∞).

« 54 »  We have run 3 different scenarios:
1  |  A group of N = 10 agents and M = 5 food 

sources.
2  |  A group of N = 10 agents and M = 2 food 

sources.
3  |  A group of N = 10 agents and M = 8 food 

sources.
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Figure 6: Predictive Utilisation computed in the social system for: (a/b) 10 agents and 5 food 
sources, (c/d) 10 agents and 2 food sources, (e/f) 10 agents and 8 food sources. The left column 
contains the PU measures, with white bars for the food attraction behaviour (“food”) and black 
bars for the stealing behaviour (“steal food”). The right column shows the final weights after 
the system has stabilised for the same behaviours: food attraction and stealing food.

MI (Z, Dreflex ) MI (Z, Dpred ) H(Dreflex )

before learning 2.5 bits 1.5 bits 3 bits

after learning 0 bits 2.5 bits 0 bits

Table 1:  Information values for a perfect learner.
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This means that food is sparse in the second 
and abundant in the last scenario.

« 55 »  Figure 6 shows the results of our 
simulations, where the left column shows 
the prediction utilisation for targeting food 
(white bars) and for targeting other agents 
to steal food (black bars). The right column 
shows the weight development of these two 
behaviours (see Eq.  24 for the weight for 
stealing food and Eq.  17 for the attraction 
towards food in the arena).

« 56 »  First, we show how the ratio be-
tween agents (N) and food (M) determines 
the ratio between those agents that seek 
food and those who steal from other agents. 
We call the latter “parasites.”
1  |  A group of N = 10 agents and a moder-

ate amount of M = 5 food sources results 
in five seekers and five parasites and 
thus a balanced number of seekers and 
parasites. The agents identified with 1, 
7, 3, 9 and 2 have PUfood > PUstealfood and 
are therefore seekers. The agents identi-
fied with 5, 8, 4, 10 and 6 have PUfood < 
PUstealfood and are therefore parasites.

2  |  The group of N = 10 agents with only 
M = 2 food sources generates two seek-
ers and eight parasites. The agents iden-
tified with 6 and 5 have PUfood > PUsteal-

food and are therefore seekers. The agents 
identified with 3, 9, 2, 7, 8, 4, 10 and 1 
have PUfood < PUstealfood and are therefore 
parasites. This distribution arises be-
cause initially all agents learn to collect 
food but this causes a rush of all agents 
towards food disks, which disrupts their 
proactive behaviour. As a consequence, 
predictive learning for collecting food is 
not successful for most agents.

3  |  The group of N = 10 agents with a large 
number of M = 8 food sources gener-
ates eight seekers and two parasites. 
The agents identified with 5 and 9 have 
PUfood < PUstealfood and are therefore para-
sites. The agents identified with 4, 10, 3, 
1, 2, 7, 8 and 6 have PUfood > PUstealfood 
and are therefore seekers. This case is in-
teresting because it is not directly clear 
why agents prefer to collect food instead 
of stealing it from other agents. How-
ever, the reason why collecting food is 
the preferred proactive behaviour is that 
inanimate objects can be predicted eas-
ily whereas the interaction with other 
agents always causes a double contin-

gency problem. The perceived uncer-
tainty is much lower for stationary food 
disks than for other agents, which adapt 
their behaviour all the time.
« 57 »  In summary, we have shown that 

the agent/food ratio determines the seeker/
parasite ratio. In all three cases, agents chose 
the role that causes the lowest uncertainty.

« 58 »  There is an important observa-
tion about the discrepancy between weight 
levels and prediction utilisation: high 
weights do not necessary mean high predic-
tive utilisation. In other words, high weights 
do not guarantee that an agent is able to 
steer successfully towards a food disk or 
another agent. Higher weights might even 
render the agent’s behaviour more unpre-
dictable. This can especially be seen in the 
first row for N = 10, M = 5. For example, 
agent 7 has relatively low weights but its pre-
diction utilisation is as high as that of agent 
9. For example, a political party might react 
to certain perturbations from the environ-
ment (i.e., from journalists or other parties) 
very strongly, which corresponds to high 
weights in our scenario. However, the pre-
dictive utilisation might be small because a) 
the party might experience a massive back-
lash and b) it might lose the control it needs 
to counteract further against perturbations 
(Luhmann 1996).

« 59 »  In summary, we have shown 
that two social subsystems emerge, namely 
agents that collect food (seekers) and other 
agents that steal food from other agents 
(parasites). In order to distinguish between 
seekers and parasites, we have developed 
a new measure, which we call “prediction 
utilisation.” Subsystem organisation is an 
emergent property and is not programmed 
into the system, but agents self-organise 
themselves into one of these groups.

4.6 Discussion
« 60 »  In this work we have shown that 

anticipatory learning under constraints 
leads to subsystem formation in a multi-
agent system. In order to identify subsys-
tems, we have used the measure prediction 
utilisation.

« 61 »  Luhmann defines subsystem for-
mation as system formation within a sys-
tem (Luhmann  1984: 37). Here, subsystem 
formation is the active removal of anticipa-
tory closed loops and their perturbations so 

that agents no longer deal with these un-
certainties. Because we have a social system 
of anticipating agents, the main source of 
perturbations is the mutual agent-agent in-
teraction that is called double contingency 
(Parsons 1968: 436). The formation of sub-
systems allows uncertainty to be reduced 
by experiencing double contingency only 
within a subsystem but not in the system as a 
whole, which is central to Luhmann’s system 
theory (Luhmann 1984: 259).

« 62 »  Multi-agent systems can be 
modelled on different levels of abstrac-
tion, ranging from cellular automata (Ley-
desdorff  2005) to point agents exchanging 
messages (Dittrich, Kron & Banzhaf  2003) 
to behaviour based systems (Heat, Hill & 
Ciarallo 2009). We have modelled our sys-
tem with behaving agents that move in an 
environment. This allows the modelling 
of actual physical actions alongside utter-
ance generation. While non-constructivist 
agent-based language research has focused 
more recently on the interaction of language 
and physical actions (Cangelosi et al. 2007), 
constructivist agent models usually focus 
purely on the communication system in 
the form of symbolic interactions between 
agents (Dittrich, Kron & Banzhaf 2003; Bar-
ber et  al.  2006). In this paper we have at-
tempted to combine an action system with 
a communication system. This is still in its 
infancy because the utterances are broad-
casts and have no directed intentionality to-
wards individual agents. On the other hand, 
our scenario demonstrates the underlying 
challenges of how these systems practically 
interpenetrate each other. The standard way 
of implementing social communication is 
anticipatory learning during mutual interac-
tions (Dittrich, Kron & Banzhaf 2003; Bar-
ber et  al.  2006). Instead, in our model the 
communication is one-to-many: this has an 
operative advantage in terms of fast response 
times if the system has to adapt to environ-
mental changes. However, on the other hand 
an agent cannot directly communicate to-
wards another agent, which would allow the 
agent to use anticipations especially learned 
about a specific agent. This is a subject for 
further research.

« 63 »  Utterances can take different 
forms, for example, symbols or just ana-
logue sounds. Symbolic interaction allows 
clear cut decisions, basically using a lookup 
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table. Some even argue that symbols are es-
sential for subsystem formation (Salgado & 
Gilbert  2008). However, we use analogue 
communication, where agents can gradu-
ally react to signal/utterances and integrate 
them into their anticipatory learning. For 
behaving agents this has the advantage 
that mistakes arise gradually and not at full 
force, which is a substantial advantage over 
symbolic interaction. On the other hand, 
the subsystem formation never generates a 
black and white situation where one agent 
is just a seeker or another just a parasite 
(Grant 2002).

« 64 »  Our agents self-organise into two 
subsystems, namely seekers and parasites. 
This requires symmetry breaking, which 
arises from the interaction between positive 
and negative feedback (Luhmann 1984: 261; 
Leydesdorff 2005). The positive feedback in 
our model is the progressive weight increase 
of the synapse, which orientates the agents 
towards one behaviour, such as food seek-
ing. The negative feedback in our model 
is the collisions resulting from a crowded 
group of agents competing for food. The bal-
ance between these two processes has been 
shown to be a stable and flexible decision 
system (Beekman et al. 2009; Meyer, Beek-
man & Dussutour 2008). Such self-organis-
ing properties have been extensively studied 
for animals (Franks et  al.  2003;  Beekman 
et  al.  2009;  Meyer, Beekman & Dussutour 
2008;  Kernbach et  al.  2009), bacteria colo-
nies (Reading & Sperandio 2006) and eco-
nomic markets (Weisbuch & Stauffer 2000). 
In our computational model the agent needs 
to decide whether to obtain some food it-
self or steal the food from the others. Be-
cause each agent has no initial preference 
or bias, the agent needs to make a decision 
at the individual level based on his memory 
(synaptic weight/filter response) and actual 
sensory inputs. The constraining conditions 
control the emergence of the subsystems 
(Salgado & Gilbert 2008; Emmeche, Koppe 
& Stjernfelt 2000), which in our case are the 
number of available food sources. However, 
there is no guarantee that emergence hap-
pens; social systems might just not differen-
tiate into subsystems (Camazine et al. 2001), 
giving systems that Luhmann calls “simple 
social systems” (Luhmann 1984: 263).

« 65 »  In order to identify subsystems, 
we have used a measure that we call Pre-

dictive Utilisation (PU). This is a further 
departure from our Predictive Value (Porr, 
Egerton & Wörgötter  2006), where the 
value was calculated by using the synaptic 
weights. Our new measure just observes 
the inputs and outputs of the agent, treat-
ing it as a black box, which is much more in 
line with the constructivist paradigm (Luh-
mann  1984: 275). While in our previous 
work (Porr, Egerton & Wörgötter 2006) we 
used the agents’ weights, coding anticipato-
ry action to derive a performance measure, 
we now just use what can be observed from 
the outside. This is still not completely satis-
factory because an external observer is only 
able to observe the motor output, while the 
agent can only observe its inputs. However, 
the agent can solve this issue by calculating 
the mutual information at two points in the 
loop, where one is the agent’s input and the 
other is towards the agent’s outputs. This is, 
for example, achieved with efference cop-
ies or the production of a press release in a 
company. Our prediction utilisation seems 
to be related to performance measures for 
feedback systems (Touchette & Lloyd 2004). 
However, we are not interested in closed 
loop performance per se because we assume 
that all feedback loops already work and are 
stable (see introduction). Rather, we are in-
terested in the transformation from reflexive 
to proactive actions, which can be under-
stood as the development of forward models 
that use predictions to guide the agent to its 
goal (Porr, von Ferber & Wörgötter  2003). 
Therefore we call our measure “prediction 
utilisation,” measuring the agent’s trans-
formation into an anticipating agent. As 
an outlook, it would be very interesting to 
apply the information theoretic framework 
devised by Jost et al. (2007) to our social sys-
tem model to detect subsystems and then in 
a more relevant social context, for example 
the financial system.

« 66 »  Having two different subsystems 
that are characterised by agents that select 
only certain aspects of the environment is 
in line with Luhmann’s understanding of 
subsystems (Luhmann 1984: 37). However, 
he goes further, namely that later in the 
process, the subsystem develops a binary 
code that defines whether the agent is part 
of this subsystem or not. A binary code is 
not developed in our model because both 
the underlying control system and the com-

munication system use linear weights and 
the actions are gradual, which means that 
the belonging to one or the other subsystem 
is gradual. One could also argue that in or-
der to create binary codes, the agents need 
to be able observe their own loops (or their 
omissions). This ability is needed not only 
to change their behaviour but also to cre-
ate a communication system that is able to 
self-organise a binary code that then in turn 
could be used to inform the action system. 
However, subsystem formation still starts 
with the removal of loops, which Luhmann 
calls selection, so that even though we can-
not develop a binary code or a symbolic 
generalised communication medium, we 
can still talk about subsystem formation.

« 67 »  Even though a binary code is not 
developed in our model, we can still use our 
PU to analyse social systems but using it to 
compare how they react to perturbations. 
Remember that the PU is a measure that 
tests whether a subsystem uses predictors 
to combat certain perturbations that can be 
generalised to other systems. For example, 
in a company the PU can be used to investi-
gate how much it cares about perturbations 
from the outside. A competitor might pro-
duce a similar product, which in turn will 
diminish revenue, which will force the com-
pany to react. In terms of the PU, this is our 
non-optimal reflex reaction and in the worst 
case will render the company bankrupt. In 
order to prevent this, the company needs to 
develop predictors so that a product launch 
from their competitor can be counteracted 
before it is too late. This reaction can be 
termed a “predictor.” If this action has been 
successful, then the reflex is no longer need-
ed. On the other hand a company might 
simply ignore another competitor because it 
has decided to specialise in a certain prod-
uct area because reacting to everything on 
the market creates too much uncertainty 
within the company.

5 Conclusion

« 68 »  In this paper we have taken cy-
bernetic control systems, creating agents 
that comply with the constructivist ap-
proach. We have opted here for a purely 
linear control system, where processing is 
performed similarly to in Ashby’s original 
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homeostat. Such a control approach is in ac-
cordance with the constructivist paradigm 
because it establishes an ongoing process 
that has no final goal but is rather driven 
by intrinsic motivations defined by desired 
states that in turn are maintained by sensor/
motor loops. A purely control-theoretical 
approach has the advantage that it empha-
sises the ongoing processing of loops (Fro-
ese & Ziemke 2009). However, the genera-
tion of more complex actions, the switching 
of actions and the sequencing of actions is 
virtually impossible in a simple linear con-
trol context. More flexible actions, new 
actions and sequences of actions can be 
achieved by reinforcement learning (Sut-
ton & Barto  1998), for example. However, 
standard reinforcement learning algorithms 
work towards an extrinsically defined re-
ward. This usually means that the life of the 
animal is just directed towards this single 
moment in time but will not code an on-
going intrinsic motivation. Richard Sutton 
et al. (2011) have recently suggested a solu-
tion to the problem, where an agent is gov-
erned by a large number of reinforcement 
learners that implement intrinsic rewards 

and cooperate with each other. The authors 
in Sutton et al. (2011) also pointed out an-
other important aspect that could be imple-
mented in a more advanced model: explo-
ration. Ongoing processing in terms of the 
constructivist approach does not necessarily 
mean that an agent continuously improves 
its happiness level or minimises the effects 
of perturbations. It also requires a phase 
where the agent is not directly improving its 
behaviour but rather learns via exploration 
(“off policy learning”). Another aspect to 
consider is the state space. Discrete actions 
and sensor events allow a straightforward 
clearly distinguished action selection and 
learning, in contrast to our approach, where 
the actions are established by linear weights. 
Selection of sensor/motor schemas can be 
selected in a binary fashion, which is often 
implemented in the actor in reinforcement 
learning. Avoiding the pitfalls of extrinsic 
rewards by defining an intrinsic “satisfac-
tion,” one can create constructivist mod-
els that act in discrete space and allow the 
combination of schemas and the creation of 
scheme hierarchies (Georgeon, Marshall & 
Manzotti 2013).

« 69 »  In this work we started with pre-
defined reflexes; learning then took place 
driven by these reflexes. Reflexes guarantee 
that agents can react to perturbations from 
the outset, which in turn guarantees that 
their autopoiesis continues. These reflexes 
then drive learning directly via ICO learn-
ing. Coming back to the previous para-
graph, one could use a much more loosely 
coupled approach where the agent largely 
performs learning “off policy,” as in Sutton 
et al. (2011), and performs mostly low level 
exploratory behaviour. This approach still 
prevents the agent from disintegrating but 
at the same time can generate new sensor/
motor loops to improve its “satisfaction.” 
However, as shown in this paper, this would 
lead to more and more unpredictable behav-
iour and thus in turn again would impact 
on the robot’s satisfaction levels. In such a 
more indirect learning scheme, the agents 
again need to create more predictability to 
specialise. Looking at the definition of our 
PU, one could define the low level senso-
rimotor coordinations as reflexes and then 
the learned sensorimotor behaviours as the 
predictive pathways.
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Appendix: The behaviours

« 70 »  We have two motor neurons 
motorL∕R(t) that receive input from the three 
different behavioural sub-circuits: food, 
stealfood and avoid:
motorL(t) = B – ICOavoid, L(t)

– ICOfood(t) – ICOstealfood(t)
(12)motorR(t) = B – ICOavoid, R(t)

– ICOfood(t) – ICOstealfood(t)

where B = 2.4 is a constant bias for the mo-
tors so that the agents drive straight ahead 
with no other input. The signals ICOfood 
and ICOstealfood can be interpreted as steer-
ing angles (or error signals), where a zero 
value means straight ahead and a non-zero 
represents turning behaviour. The signals 
ICOavoid, L∕R are coded slightly differently be-
cause they generate a retraction behaviour 
after the robot has crashed into a wall and 
thus need to be able to reverse the speed of 
the robot. The output of each motor neuron 
motorL∕R(t) is then fed into a sigmoid func-
tion that normalises the output to [−1, 1] to 
control the speed of the robot motors:

speed

speed

speed
e

speed
e

1
1

1
1

( )

( )

max

max

L

R

motor t

motor t

L

R

=
+

=
+

-

-

	 (13)

where speedmax = 1 is the maximum speed of 
the robot in pixels per time step.

« 71 »  The agents’ behaviours that gener-
ate the signals ICOavoid, L∕R(t), ICOfood(t) and 
ICOstealfood(t) are now presented one by one. 
We also show how anticipatory learning is 
achieved in these three cases.

A.1 Food attraction
« 72 »  Before learning, the agent has 

only its inert reflex behaviour:

( )
( )

( ) ( )
( ) ( )

d t
u t

x t x t
d t h t

,

,

, , , ,

,

food reflex

food reflex

food prox L food prox R

food reflex food)

=
=

-
	(14)

« 73 »  The signal dfood, reflex is an error sig-
nal generated by subtracting the right proxi-
mal sensor signal from the left proximal 
sensor signal. The lowpass filter hfood simply 
smooths out the error signal, which is re-
quired for learning and also generates the 
trajectory towards the target. It is a second 
order filter with a cut-off frequency f0 = 0.3 
and a Q-factor of √2 (see Porr & Wörgöt-
ter 2002 for details).

« 74 »  In order to learn to steer to a food 
disk from a distance, the robot utilises the 
signals from the distal sensors.

( )
( )

( ) ( )
( ) ( )

d t
u t

x t x t
d t h t

,

,

, , , ,

,

food pred

food pred

food dist L food dist R

food pred food)

=
=

-
	 (15)

« 75 »  Again, we first generate an error 
signal dfood, pred and then smooth it out with 
the lowpass filter hfood. This smoothing out 
of the signal also acts as a memory trace so 
that learning can correlate the later reflex 
reaction with this predictive signal. Both 
proximal and distal smoothed-out error sig-
nals then converge on the ICO neuron:
ICOfood(t) = ufood, reflex (t) · wfood, reflex +

ufood, pred (t) · wfood, pred(t) (16)

« 76 »  The weight wfood, reflex = 2.7 is fixed 
and generates the inert reflex reaction to ap-
proach food close to the agent. The weight 
wfood, pred is changed by the ICO learning rule:

( )
( )

dt
d u t dt

du t,
,

,food pred
food pred

food reflex
$

ω
μ= 	

(17)
by correlating the derivative of the reflex sig-
nal ufood, reflex(t)′ with the signal from the dis-
tal sensors ufood, pred(t). Learning continues 
until the agent’s reflex is no longer needed 
(ufood, reflex(t)′ = 0) and steering is achieved by 
the predictive signal ufood, pred(t), only.

A.2 Carrying food
« 77 »  Agents eat up food slowly at a rate 

defined by tconsumption:

( )myfood t e ( )/
i

t tb consumption= t- - 	 (18)

where myfood is the agent’s food reservoir 
it is carrying around and τconsumption its the 
consumption rate. tb corresponds to the mo-
ment when an agent touches a food source 
and is set to t every time the agent encoun-
ters food:

tb := t if
(19)|xfood, prox, L (tb) + xfood, prox, R (tb)| > θfood

or touches an agent carrying food:
tb := t if

(20)|xmyfood, prox, L (tb) + xmyfood, prox, R (tb)| > θagent

« 78 »  Every agent broadcasts its 
myfood-state to all other agents. This state 
can be detected from a distance in the form 
of a decaying field in the same way as food 
disks.

A.3 Stealing food from other agents
« 79 »  When an agent bumps into an-

other agent and the agent has food (my-
food > 0) this then causes a reflex reaction 
and the agent “steals” the food from the 
other agent:

dstealfood, reflex(t) = xstealfood, prox, L(t)
– xstealfood, prox, R(t)

(21)
ustealfood, reflex(t) = dstealfood, reflex(t)

∗ hstealfood(t)

where dstealfood, reflex(t) is the error signal gen-
erated when one agent steals food from the 
another agent and hstealfood = hfood. This error 
signal is then used for ICO learning to gen-
erate an anticipatory action by sensing the 
myfood state of other agents from the dis-
tance. As stated before, the agents broadcast 
their myfood state to the other agents and 
excite the sensors xstealfood, dist, L(t) and xsteal-

food, dist, R(t) from a greater distance:

dstealfood, pred(t) = xstealfood, dist, L(t)
– xstealfood, dist, R(t)

(22)
ustealfood, pred(t) = dstealfood, pred(t)

∗ hstealfood(t)

« 80 »  These signals then converge in 
a weighted fashion on our ICO neuron re-
sponsible for the stealing behaviour:

ICOstealfood = ustealfood, reflex(t) · wstealfood, re-

flex +
ustealfood, pred(t) · wstealfood, pred(t)

(23)

where the weight wstealfood, reflex = 3.1 is fixed 
and the weight wstealfood, pred is changed by the 
ICO learning rule:

( )dt
d u t,

,
stealfood pred

stealfood pred$ $
ω

μ=
(24)( )

dt
du t,stealfood reflex

by correlating the reflex dstealfood, reflex(t) with 
ustealfood, pred(t), which contains broadcast in-
formation about the other agents’ food reser-
voir (myfood). After learning, an agent is able 
to drive towards other agents that carry food 
and steal the food from them. The higher the 
weight wstealfood, pred, the stronger the attrac-
tion towards other agents carrying food.

A.4 Avoidance behaviour
« 81 »  The avoidance behaviour simply 

learns avoiding crashing into the walls and 
other robots by learning to use anticipatory 
sensor signals. This behaviour is not used in 
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the social system analysis but is still required 
so that agents receive predictable sensor sig-
nals that are not disrupted by multiple col-
lisions.

« 82 »  As mentioned before, ICO learn-
ing is used to generate the steering of the left 
and right motors by using the anticipatory 
and reflex inputs:

ICOavoid, L (t)=
wavoid, reflex, L · uavoid, reflex, L (t)
+ wavoid, pred, L (t) · uavoid, pred, L (t)
+ wself, L (t) · ICOavoid, self, L (t – 1)
+ wR2 L (t) · ICOavoid, R2 L (t)

(25)

ICOavoid, R (t)=
wavoid, reflex, R · uavoid, reflex, R (t)
+ wavoid, pred, R (t) · uavoid, pred, R (t)
+ wself, R (t) · ICOavoid, self, R (t – 1)
+ wL2R (t) · ICOavoid, L2R (t)

(26)

with wavoid, reflex, L = −0.9, wavoid, reflex, R = −1.0 
so that hitting an obstacle causes a retrac-
tion reaction. The slight differences in the 
weight cause the robot to turn slightly when 
hitting an object dead on. Here, the ICO 
neurons have recurrent synaptic connec-
tions and a push pull mechanism between 
left and right motor neuron as wR2L = −0.42, 
wL2R = −0.3, wself, R = 0.4, wself, L = 0.4 to imple-
ment a hysteresis effect. This effect causes the 
controller not to follow signals with a slight 
delay, as shown in Wischman Pasemann & 
Hülse (2004) and Hülse & Pasemann (2002). 
It means reactions on an incoming signal are 
time shifted. This is useful to enable agents 
to escape from corners: if there were no hys-
teresis mechanism, an agent would get stuck 
in a corner forever, turning left and right al-
ternately.

« 83 »  Learning generates anticipatory 
actions by using the information from the 
long range sensors xavoid, pred, L∕R and updat-
ing their corresponding weights in such a 
way that the agent steers away from a wall 
before it crashes into it. This is achieved by 
ICO learning, which updates the weights 
wavoid, pred, L∕R:

dt
d u dt

du, ,
, ,

, ,avoid pred L
avoid pred L

avoid reflex L
$ $

ω
μ=

dt
d u dt

du, ,
, ,

, ,avoid pred R
avoid pred R

avoid reflex R
$ $

ω
μ=
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> Upshot • Agents that learn from per-
turbations of closed control loops are 
considered constructivist by virtue of 
the fact that their input (the perturba-
tion) does not convey ontological infor-
mation about the environment. That is, 
they learn by actively experiencing their 
environment through interaction, as op-
posed to learning by registering directly 
input data characterizing the environ-
ment. Generalizing this idea, the notion 
of learning by experiencing provides a 

broader conceptual framework than cy-
bernetic control theory for studying the 
double contingency problem, and may 
yield more progress in constructivist 
agent design.

« 1 »  Ernst von Glasersfeld differentiat-
ed radical constructivism from realist epis-
temology by the relation between knowl-
edge and reality:

“ Whereas in the traditional view of epistemol-
ogy, as well as of cognitive psychology, that rela-
tion is always seen as a more or less picture-like 
(iconic) correspondence or match, radical con-
structivism sees it as an adaptation in the func-
tional sense.” (Glasersfeld 1984: 20)

This suggests differentiating constructiv-
ist artificial agents from realist artificial 

agents by the relation between their input 
data and their environment. As illustrated 
by Bernd Porr and Paolo Di Prodi’s imple-
mentation, in cybernetic theory, the agent’s 
input (called perturbation) does not hold 
an “iconic correspondence” with the en-
vironment but rather consists of feedback 
from the agent’s output (called action). In 
contrast, as we shall develop below, most 
machine-learning algorithms implement 
this iconic correspondence because they 
implement and exploit the agent’s input as 
if it directly characterized the environment, 
thus representing a direct access to the onto-
logical essence of reality.

« 2 »  Here, we call learning by experi-
encing those learning mechanisms that im-
plement and exploit input data as feedback 
from the agent’s output, and learning by 
registering those learning mechanisms that 

Open Peer Commentaries
on Bernd Porr & Paolo Di Prodi’s  
“Subsystem Formation Driven by Double Contingency”
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implement and exploit input data as a direct 
observation of the environment (either a 
simulated environment or the real world, in 
the case of robots). This formulation com-
plies, for example, with Etienne Roesch et 
al.’s formulation that constructivist episte-
mology considers knowledge as resulting 
from experience of interaction with the en-
vironment, as opposed to existing “in an on-
tic reality […] available to registration from 
the physical world” (Roesch et al. 2013: 26).

« 3 »  Partially Observable Markov Deci-
sion Process models (POMDP; Kaelbling, 
Littman & Cassandra 1998) well exemplify 
learning by registering because they typical-
ly formalize the agent’s input as a function 
of the environment’s state only. A similar 
argumentation can show that many other 
machine-learning approaches learn by reg-
istering, even supposedly constructivist ap-
proaches based upon schema mechanisms 
(e.g., Drescher 1991)1 and many approaches 
based upon multi-agent systems, such as 
Roesch et al.’s (2013) agents, as we discussed 
in our open peer commentary (Georgeon & 
Hassas 2013).

« 4 »  For the sake of argument, consider 
a POMDP in which the agent’s input (called 
observation) is reduced to a single bit. A 
subset S0 of the set S of all the environment’s 
states are observed as “0”, and the states in 
the complementary subset S1 are observed 
as “1”. Because of stochastic noise, some ele-
ments of S0 may occasionally be observed as 
“1” and the other way around. Yet the obser-
vation statistically reflects the state of the en-
vironment, and the agent’s policy generally 
exploits this assumption to try to construct 
an internal model of the agent’s situation. To 
our knowledge, there is no POMDP imple-
mentation that would exhibit interesting be-
haviors with as little observation as a single 
bit when the number of states is great. This 
limitation is known as the perceptual alias-
ing problem (Whitehead & Ballard 1991), 
and is inherent to learning by registering.

« 5 »  Note that some variations of POM-
DPs have been proposed in which the scope 
of the observation depends on the previous 

1 |  Gary Drescher (1991) modelled Piagetian 
schemes as triplets – <pre-observation, action, 
post-observation>. The argument that Drescher’s 
agent’s observation reflects the environment’s 
state is similar to our argument about POMDPs.

action, thus involving a form of active per-
ception (e.g., McCallum 1996). However, 
the observation still reflects the state of the 
environment, as if the environment was ob-
served through a filter that varied with the 
action.

« 6 »  In contrast, mechanisms of learn-
ing by experiencing implement the agent’s 
input such that it conveys information about 
the effect of an “experiment” performed by 
the agent. In the case of a single input bit, 
this bit indicates one out of two possible out-
comes of the experiment. The same particu-
lar state of the environment induces differ-
ent input bits depending on the experiment 
initiated by the agent. No partitioning of the 
set of states S can be made according to the 
input bit because all states may induce input 
“0” or “1,” depending on the experiment. In 
this case, the learning algorithm must not 
exploit the agent’s input as if it statistically 
and partially corresponded to the state of 
reality, because it does not. In contrast with 
learning by registering, there exist single-
input-bit learning-by-experiencing agents 
that exhibit interesting learning behaviors 
(e.g., Georgeon & Hassas 2013; Georgeon & 
Marshall 2013).

« 7 »  Besides cybernetic control theory, 
in §68, Porr and Di Prodi mention other 
examples of learning by experiencing: Rich-
ard Sutton et al.’s (2011) Horde architecture, 
and our work. Horde relies on a swarm of 
reinforcement-learning agents to learn hier-
archical temporal regularities of interaction 
through experience. More broadly, learning 
by experiencing implements a form of con-
ceptual inversion of the perception-action 
cycle recommended by some authors (e.g., 
Pfeifer & Scheier 1994; Tani & Nolfi 1999). 
In learning by experiencing, however, call-
ing the input a perception or an observation 
is misleading because the input does not 
hold a direct correspondence with reality.

« 8 »  Concerning our approach, we 
shall clarify that it does not only “act in dis-
crete space,” as Porr and Di Prodi wrote in 
§68. Instead, our agents are indifferent to 
the structure of their environment’s space, 
which is precisely an advantage of learning 
by experiencing. We demonstrated that our 
algorithms could control agents in continu-
ous two-dimensional simulated environ-
ments (Georgeon & Sakellariou 2012) and 
robots in the real world (Georgeon, Wolf 

& Gay 2013). It is true that our agent’s set 
of possibilities of experience (the relational 
domain defined by the coupling between the 
agent and the environment, e.g., Froese & 
Ziemke 2009) is discrete, but this does not 
prevent the agent from learning interesting 
behaviors in continuous space.

« 9 »   Since learning-by-experiencing 
(LbE) agents do not directly access the state 
of the environment, they incorporate no 
reward function or heuristics defined as a 
function of the state of the environment. 
This places LbE agents in sharp contrast 
with reinforcement-learning agents and 
problem solving agents. Notably, LbE agents 
even differ from reinforcement-learning 
agents with an intrinsic reward (e.g., Singh, 
Barto & Chentanez 2005), which consider 
some elements of the state of the world to be 
internal to the agent. As a generality, an LbE 
agent gives value to the mere fact of enact-
ing interactive behaviors rather than to the 
state resulting from behaviors. We expect 
LbE agents to demonstrate that they learn to 
“master the laws of sensorimotor contingen-
cies” (O’Regan & Noë 2001). Consequently, 
as some authors in the domain of intrinsic 
motivation also argued (e.g., Oudeyer, Ka-
plan & Hafner 2007), we recommend assess-
ing LbE agent’s learning through behavioral 
analysis rather than through a measure of 
their performance in reaching specific goals.

« 10 »  In accordance with our view on 
LbE agent assessment, Porr and Di Prodi 
assess their agent’s learning through behav-
ioral analysis (Section 4). Their agents are 
motivated to interact with entities present in 
the environment by controlling sensorimo-
tor loops (approaching food or other agents, 
§18). For each sensorimotor loop, Porr and 
Di Prodi define Prediction Utilization as a 
measure of the agent’s commitment to con-
trol this loop. We wish to support their effort 
in specifying this kind of measure. This ef-
fort contributes to defining general quanti-
fiers that could be used with other learning-
by-experiencing approaches to characterize 
the agent’s engagement in interactive behav-
iors.

« 11 »  As Porr & Di Prodi noted in §68, 
simple linear control theory does not real-
ize “the generation of more complex actions, 
the switching of actions and the sequencing 
of actions.” However, other learning by ex-
periencing approaches tackle these issues. 
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Addressing the double contingency problem 
with approaches that generate such learning 
would allow more sophisticated subsystem 
organization because each subsystem could 
control more sophisticated interactions than 
a linear control loop. Therefore, we antici-
pate that addressing the problem of subsys-
tem formation driven by double contingen-
cy within the general framework of learning 
by experiencing would allow more advances 
in constructivist agent design.
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the French Government (ANR-RPDOC program). He 

received a Masters in computer engineering from 
Ecole Centrale de Marseille in 1988, and a PhD in 
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Aligning Homeostatic and 
Heterostatic Perspectives
Patrick M. Pilarski
University of Alberta, Canada 
pilarski/at/ualberta.ca

> Upshot • There is merit to the continu-
ous-signal-space homeostatic viewpoint 
on subsystem formation presented by 
Bernd Porr and Paolo Di Prodi; many of 
their ideas also align well with a het-
erostatic constructivist perspective, and 
specifically developments in the field of 
reinforcement learning. This commen-
tary therefore aims to identify and clarify 
some of the linkages made by the au-
thors, and highlight ways in which these 
interdisciplinary connections may be lev-
eraged to enable future progress.

« 1 »  Learning to perceive, predict, and 
act based only on continuous-valued sen-
sorimotor inputs and outputs is a challeng-
ing and important pursuit that deserves our 
focused attention. While subsystem forma-
tion and evaluation are the principal listed 
contributions of Bernd Porr and Paolo Di 
Prodi’s target article, the nature of the sig-
nals and predictions in the paper’s problem 

domain are crucial points that impact how 
we interpret the comparisons made in the 
paper and the ways its insights may be ap-
plied to work in other domains. I use Porr 
and Di Prodi’s problem setting and agent 
formulation as a starting point for assessing 
some of the key statements made in their 
work, and build toward a specific look at 
prediction utilization as presented by the au-
thors. This assessment is supplemented with 
comparisons to related work from the recent 
computational and biological literature.

Heterostasis and homeostasis
« 2 »  Porr and Di Prodi’s setting of 

agents interacting in a reflexive and predic-
tive manner via continuous inputs and out-
puts is a natural one, albeit one that is often 
ignored in favour of the perceived clarity 
and mathematical benefits of discrete sensa-
tion and action spaces. Their specific setting 
is in fact a problem domain that resonates 
well with other robot-related constructivist 
demonstrations from the machine learning 
literature – e.g., learned multi-robot food 
foraging behaviour (Matarić 1997), robot 
learning applications as surveyed by Grond-
man et al. (2012), and robot knowledge ac-
quisition as per Modayil, White & Sutton 
(2014) and Sutton et al. (2011, as cited by 
the authors). It is important to note, how-
ever, that many of these like-minded ex-
plorations are rooted in a rather different 
starting point: that of the learning system 
or systems attempting to maximize some 
aspect of its experience – in other words, 
an agent seeking to increase its long-term 
expected reward or learning progress, as in 
the intertwined fields of computational and 
biological reinforcement learning (Sutton & 
Barto 1998). This maximization, or hetero-
static goal-seeking behaviour (after Harry 
Klopf ’s The Hedonistic Neuron, 1982) is at 
first glance in contrast with an agent’s “task 
of restoring its desired state to homeostasis,” 
as posed by the authors (§3). However, for 
our current discussion, it may be beneficial 
to explore the similarities between these 
viewpoints in terms of the authors’ work, as 
opposed to the differences.

« 3 »  Let us first examine the statements 
made in the authors’ concluding remarks, 
suggesting that the homeostatic linear con-
trol approach in the paper “establishes an 
ongoing process that has no final goal but is 

rather driven by intrinsic motivations that 
are defined by desired states.” (§68) After 
acknowledging the need and potential for 
more complex actions and action sequenc-
es, as potentially provided by techniques 
from reinforcement learning, the text of §68 
continues by stating that the extrinsically 
defined reward used in standard reinforce-
ment learning “usually means that the life of 
the animal is just directed toward this single 
moment in time but will not code an ongo-
ing intrinsic motivation.”1 This sequence of 
text sets up a natural contrast between ex-
trinsic and intrinsic reward – motivation or 
satisfaction derived from the world or from 
within the agent, respectively. At the same 
time, it reinforces a distinction between het-
erostatic and homeostatic optimization by 
an intelligent system.

« 4 »  Intrinsic motivation is held to be 
a powerful way to drive exploration and 
potentially accelerate the learning of predic-
tions, control behavior, and better represen-
tations (Schmidhuber 1991; Oudeyer, Kap-
lan & Hafner 2007). However, much like the 
actual boundary between an agent and its 
environment is often less of a boundary and 
more an opinion on the part of the system 
designer (or examiner), boundaries between 
what are considered intrinsic and extrinsic 
reward have been placed at different points 
by different authors. Is the distinction be-
tween these types of feedback actually use-
ful to our discussion of the present paper, or 
does it further cloud the understanding of 
how Porr and Di Prodi’s agents react to per-
turbations in their sensorimotor streams?

« 5 »   One high-level view we could be 
inclined to take based on the statements 
made in §68 is that an intrinsic approach 
to motivation allows ongoing, life-long 
learning without the need for endpoints or 
imposed valuations of an agent’s stream of 
experience (e.g., transient or final goals). 
However, it is interesting to refer again to 
the aforementioned text in §68 indicating 

1 |  This statement seems to assume a termi-
nal or discrete reward, and passes over the way 
that standard reinforcement learning often uti-
lizes temporally extended expectations of future 
reward (e.g., discounted future return; Sutton & 
Barto 1998) or average reward (discussed below). 
However, a detailed discussion of all these points 
is best left outside the present commentary.
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that an agent has “desired states.” We also see 
this allusion to desire, or the relative valua-
tion of changes to an agent’s input, phrased 
as “irritations” (e.g., §5 and §16). Whether 
intrinsic or extrinsic, valuation and goal 
seeking seems to play a role in the authors’ 
learning system and the way they describe 
that system.

« 6 »  Here again, language may be 
clouding our view on the learning setting 
of interest. Let us return to a heterostatic 
view via reinforcement learning, where 
goal-based desire and state-action valuation 
is commonplace. Reinforcement learning 
is a form of optimal control, where predic-
tion change and policy change are driven by 
temporal-difference error signals derived 
from the incoming stream of data. One sig-
nal is labeled as special, namely, the reward. 
This is not so different from the learning 
presented by the authors, wherein the dif-
ference between two sensors on their simu-
lated robot is formulated as an error signal 
(thought of as a negative outcome, §5 and 
§16) and used to drive weight change in an-
other unit. This differential learning signal 
could also be phrased as reward – extrinsic 
or intrinsic, depending on where an exam-
iner decides to place their boundaries. This 
suggestion to convert a problem from the 
homeostatic to heterostatic viewpoint and 
back again is perhaps not a new one, but it 
is worth recalling when we think on the po-
tential extensions and impact of Porr and Di 
Prodi’s paper.

« 7 »  Can we then appeal to the continu-
ous, ongoing nature of a control approach or 
signal space, for example, Ashby’s homeo-
stat (Ashby 1956), as a clear difference be-
tween the authors’ outlined constructivist 
viewpoint and the constructivist viewpoint 
embodied by computational reinforcement 
learning? Here again, the distinction is not 
easy to pin down without invoking specific 
(and possibly distracting) language. A well-
known setting in reinforcement learning 
is that of average reward, as described in 
Sutton & Barto (1998),2 Grondman et al. 
(2012), and specifically for a continuous-ac-

2 |  A second edition is in progress and 
can be accessed at http://webdocs.cs.ualberta.
ca/~sutton/book/the-book.html; this new edition 
comprehensively describes the average reward 
setting.

tion-space control learner in Degris, Pilar-
ski & Sutton (2012). In the average reward 
setting, best thought of in terms of continu-
ing problems with no clear end or stopping 
point (e.g., life-long control learning that 
proceeds from raw sensorimotor data), the 
error signals that drive an agent’s valuations 
of the goodness or badness of a situation 
are calculated in terms of the difference be-
tween the instantaneous reward (arriving at 
every slice of time from either a privileged 
reward channel or as computed from a 
combination of the agent’s sensors) and an 
adaptable baseline that has been acquired 
through ongoing experience – the state-
invariant average reward. In other words, in 
the average-reward setting, “one neither dis-
counts nor divides experience into distinct 
episodes with finite returns. […] one seeks 
to obtain the maximum reward per time 
step” (Sutton & Barto 1998: 153; my empha-
sis). This can perhaps also be thought of as 
minimizing the unpleasant divergence from 
a steady homeostatic state, as posed by the 
authors as the engagement of reflex actions 
in §23 and §27.

Prediction-driven behaviour
« 8 »  With these possible symmetries 

in mind, let us turn to Porr and Di Prodi’s 
use of learned predictions as inputs, and as 
incrementally engaged motor alternatives to 
hardcoded reflex actions. This usage is an-
other key point and incredibly valuable per-
spective put forward by the authors’ work, 
and it echoes findings in the study of the 
human brain. In particular, the authors’ ex-
perimental formulation links nicely with the 
way predictions are thought to be incremen-
tally learned (e.g., via the cerebellum) and 
then mapped in a fixed way to influence or 
determine animal action selection – i.e., the 
“Pavlovian action selection” of David Redish 
(2013) and work by David Linden (2003). 
Though Porr and Di Prodi’s predictions are 
perhaps best thought of as long-range sen-
sors that gradually come online, as opposed 
to predictions that are built up over time, 
the anticipatory ideas are largely the same. 
Their approach can be framed as a view into 
the gradual acquisition and use of predictive 
representations of state (Littman, Sutton & 
Singh 2002).

« 9 »  As one specific example, Porr and 
Di Prodi’s ideas resonate with our group’s 

recent demonstration of how predictions 
that are learned and adapted in real time can 
help remove control delays – well viewed as 
negative outcomes as per §5 – during the 
operation of a physical human-robot inter-
face (Pilarski, Dick & Sutton 2013). By com-
bining continuous-action reinforcement 
learning control approaches with knowl-
edge acquisition methods from Sutton et al. 
(2011) and Modayil, White & Sutton (2014), 
it was shown that a robot learner could use 
its predictive inputs to actuate joints pre-
emptively. The robot learned to act prior to 
stumbling upon its motor objective and be-
ing forced rapidly to correct its orientation. 
This example has an interesting symmetry 
with Porr and Di Prodi’s setting of using 
predictions to steer toward a food source or 
other agent preemptively so that the system 
is not forced to take rapid, reflexive action at 
a future point. Effecting Porr and Di Prodi’s 
shift from reflex to anticipatory actuation in 
the setting described by Pilarski, Dick & Sut-
ton (2013) – either using divergence from 
homeostasis, reward, or motor commands 
related to changes in prediction magnitude 
– would be a nice demonstration and high-
lights one way that the present paper by Porr 
and Di Prodi may catalyze development in 
other constructivist settings.

« 10 »  So, with the discussion above as 
background, could we reasonably phrase 
Porr and Di Prodi’s experimental setup in 
heterostatic terms with the learned, tempo-
rally extended predictions of Modayil, White 
& Sutton (2014) and Sutton et al. (2011) in 
place of distal sensors? First, would there be 
any benefits to formulating this parallel view 
and further validating the authors’ observa-
tions? Second, if we did so, would the results 
and subsystems formed by the interacting 
learners be similar? It stands to reason that 
they might, and this would be a potentially 
valuable link. In addition to this link ex-
tending the impact of Porr and Di Prodi’s 
work into a wide and continually growing 
body of reinforcement learning literature, 
it may also be possible for a broader com-
munity of researchers to leverage modern 
developments from reinforcement learning 
that include representation learning, stable 
off-policy learning of predictions and con-
trol, continuous-state-and-action control 
learning, and planning that is grounded in 
sensorimotor experience.

http://webdocs.cs.ualberta.ca/~sutton/book/the-book.html
http://webdocs.cs.ualberta.ca/~sutton/book/the-book.html
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A thought experiment
« 11 »  As a concrete suggestion: we could 

perform a simple experiment to begin inves-
tigating the parallel, heterostatic view on the 
authors’ work. This would help us identify 
whether the subsystem results presented by 
the authors might indeed arise if the mul-
tiple agents in their simulated domain were 
instead basing their behavior on reward-
driven learning and learned predictive rep-
resentations of state. One case would be to 
implement a control learner that takes as 
input the differential signals from all predic-
tive sensors and reflex sensors, outputs two 
continuous-valued motor commands (§21), 
and receives a negative reward proportion-
al to divergence of the reflex sensors from 
their differential set points (Figure 1a).3 To 
provide a starting behavior identical to that 
specified by Porr and Di Prodi, the learner’s 
control policy should be initialized to gen-
erate reflexive actions as in §23–§28. As a 
further extension and alternative to pre-
specified distal sensors, each predictive sen-
sor could instead be implemented such that 
it reports situation-specific, long-range fore-
casts about the output of a single reflex sen-
sor at one or more time scales (Figure 1b). 
As noted above, forecasts of this kind can 
be incrementally acquired during sensori-
motor interaction, and can also be acquired 
even when an agent is not pursuing a behav-
iour specifically related to the prediction of 
interest (i.e., off-policy learning as in Sutton 
et al. 2011).

« 12 »  Examining the case of two agents 
and a single food source, one agent would 
invariably contact the food first (as indi-
cated in §56). In addition to inducing policy 
change, this interaction would prevent the 
second agent from experiencing the food 
and thus building up anticipatory knowl-
edge related to food attraction (temporally 
extended predictions) and the related mo-
tor responses (linked in either a fixed or 

3 |  Another plausible example is to examine 
the drive for agents to return to a desired or ex-
pected food carrying state, e.g., positive reward 
for carrying food (obtained by any means) or 
negative reward for dropping below an average 
baseline. This case can also be seen from multiple 
viewpoints, and might lead to the same type of 
subsystem formation and reflex-prediction shifts 
noted by the authors.

a learned way to the magnitude of its pre-
dictive signals). The second agent would, 
however, be able to build up anticipations 
regarding food stealing since the first agent 
is now carrying food. Building on the ini-
tial perturbations experienced by the two 
(or more) agents, the formation of subsys-
tems could then follow as per Porr and Di 
Prodi’s discussion. This hypothesis can and 
should be empirically tested for both the 
simple case of distal sensors (Figure 1a) and 
the case where predictive sensors are imple-
mented as incremental prediction learners 
(Figure 1b).

Conclusion
« 13 »  There are many good things to 

take away from Porr and Di Prodi’s “Sub-
system Formation Driven by Double Con-
tingency.” These contributions should be 
evident to the careful reader, so the aim 
of this commentary has been to bring out 
points that may be missed when focusing on 
the larger claims of the work. This commen-
tary also aimed to emphasize points that 
may unify our thinking in small ways such 
that we can move forward more quickly in 
the understanding of learning and adapt-
ing multi-agent systems. Finally, we should 
ask whether the alignment of homeostatic 

and heterostatic constructivist viewpoints 
proposed in this commentary is useful as 
a default mindset. Likely not. But the quest 
for life-long, learner-driven representation, 
prediction, and control could involve a long 
and bumpy road; I suggest that we need pa-
tience and the ability to see both common-
alities and differences to follow this road 
through to its fruitful conclusion.
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Professor in the Department of Computing Science, 

University of Alberta. As a researcher with the 
Alberta Innovates Centre for Machine Learning 
and the Reinforcement Learning and Artificial 

Intelligence Laboratory, his work focuses on real-
time machine learning and adaptive brain-body-
machine interfaces for use with assistive robots.
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Figure 1: A reinforcement learning formulation for validation experiments using (a) proxi-
mal reflexive sensors combined with distal sensors and (b) proximal sensors combined with 
learned, temporally extended predictions. The generation of differential inputs (observations) 
to the learning system (denoted RL) is shown for one behaviour type only for clarity; an identi-
cal structure can be assumed for the complete system of food attraction and food stealing.
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> Upshot • By analyzing Porr and Di 
Prodi’s model for addressing the double 
contingency problem, I try to take a step 
further by questioning the importance 
and implications of the loop concept in 
the constructivist approach.

« 1 »  In their target article, Bernd Porr 
and Paolo Di Prodi present a simulation of 
a self-organizing, learning, multi-agent soci-
ety. Agents are involved in a traditional con-
structivist dynamics. They actively perturb 
and adjust each other continuously, gener-
ating more and more unpredictability. This 
defines the double contingency problem. As 
pointed out by Niklas Luhmann (1984), a 
possible solution to this problem resides in 
a selection mechanism that removes some 
sensory-motor loops. This entails reducing 
the agent’s awareness of its environment and 
thus the global unpredictability. This direct-
ly derives from the hypothesis that systems 
form subsystems when their composing en-
tities only concentrate on one aspect of their 
environment, therefore ignoring all others.

« 2 »  The authors’ point is that antici-
patory learning under external constraints 
leads to subsystem formation. The main 
constructivist part in the article comes from 
how they define their agents. Indeed, the 
main learning loop only processes informa-
tion coming from the agent’s own sensors 
and motors, considered as a black box. This 
is precisely why I would like to address a few 
aspects of what I call “the looping problem.” 
In this commentary I will analyze and ques-
tion loops from a constructivist perspective.

More behaviors
« 3 »  In the target article, agents are pro-

vided with two predefined behaviors, name-
ly search food and steal food. Each of them is 
defined by two loops: a reflexive one and a 
predictive one. The first one is called inner 
loop while the second one is called the outer 
loop. Thereby, the aim of learning process is 
gradually to reduce the influence of the in-
ner loop in favor of the more powerful outer 
loop, in terms of anticipation. This comes 

from the particular sensory-motor embodi-
ment that requires a delay (§6) between the 
moments when the distal sensor and the 
proximal sensor are activated.

« 4 »  First of all, one could argue that 
there may be a bias in the way the predictive 
loop is coupled to a corresponding reflexive 
loop. It drives the outcome of the learning 
process during simulation too significantly. 
Moreover, demonstrating the emergence 
of subsystems in a society where only two 
types of behaviors are predefined also re-
mains in some way biased. As experimental 
results indicate, the more food sources there 
are, the more it becomes attractive to search 
for food. Vice versa, the fewer food sources 
there are, the more it becomes attractive to 
steal food from others (§56). A partial so-
lution to this drawback would be to imple-
ment other behaviors. But this is likely to 
require more external constraints in order 
to exhibit the same kind of differentiation.

« 5 »  We could even think of con-
straints that have a genuine impact on the 
agent. Here, the food is simply a symbol for 
the concept of perturbation. Indeed for an 
agent, having its food reservoir full or empty 
does not really impacts its behavior.

Generating loops
« 6 »  In the authors’ model, the agent 

is provided with three sensory-motor be-
haviors, whose function is a priori defined. 
Thus, the role of the agent is to improve its 
adaptiveness using learning, seen as the cor-
relation between proximal and distal sen-
sors (§19). The agent’s aim is to anticipate 
the trigger of the reflex with the help of dis-
tal sensors. In short, proximal sensors lead 
to hardwired reflexes while distal sensors 
lead to learned predictions. To this purpose, 
the agent is driven to maintain a desirable 
errorless state, decreasing the reflex loop 
entropy to 0 as a side-effect. After learning, 
steering must only be achieved by a predic-
tive mechanism. This is what they called a 
transfer from reactive to proactive behavior, 
from uncertainty to predictability, or in oth-
er words, the transition from a reflexive to a 
predictive way of interacting (§65). The pre-
dictive interaction is preferred because of its 
faster reactivity to dangerous situations and 
its planning behavior.

« 7 »  This underlines that the model 
only describes how agents can improve a 

particular aspect of pre-given sensory-mo-
tor loops. In this case, it means that an agent 
can only balance the prevalence of the pre-
dictive aspect over the reflexive one. In my 
opinion, the greatest challenge remains: how 
can the agent generate new sensory-motor 
loops on its own?

« 8 »  Enacting new sensory-motor 
loops may possibly be tackled through the 
concept of schemas, developed by Jean Pi-
aget. Schemas are sensory-motor structures 
emerging from the repetitive activity of se-
quences that crystallize. If so, it may consti-
tute an argument for largely accepting and 
promoting self-exploration.

Latent learning within low-level 
exploration
« 9 »  Would this especially make sense 

if there were no predefined behaviors but 
rather agents involved in some very low-level 
sensory-motor coordination learning from 
scratch? The target model proposes learning 
as being driven by predefined reflexes, which 
according to the authors, guarantee a mini-
mal reaction from the agent to perturbations. 
They also explain that it is mandatory to cre-
ate more predictability for specialization to 
emerge (§69). They argue that performing 
low-level exploratory behavior in the form of 
what they call “off-policy” in reinforcement 
learning would lead to more unwanted and 
unpredictable behaviors. But in fact, by not 
taking into account any kind of latent learn-
ing, it leads to restricting the life of agents to 
a more or less predefined area. This does not 
leave room for emergence.

« 10 »  This aspect also comes into 
conflict with the constructivism view of 
cognition as an open-ended development 
through sense-making. As pointed out by 
Varela (1989), while heteronomous systems 
create a representational relationship with 
the environment (logic of correspondence), 
autonomous systems enact a semantic rela-
tionship with the environment (logic of con-
sistency). Following Steels (2004), we believe 
that this sense-making development can be 
achieved through autotelism. This notion 
goes beyond the classical reinforcement 
learning framework initiated by behaviorist 
psychology, allowing an agent to construct 
grounded sensory-motor structures, contin-
uously balancing challenge and skill to drive 
its very own development.
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Contextual selection mechanism
« 11 »  There is a very interesting point 

stressed by the target article: it clearly stress-
es how external resources can shape behav-
ior differentiation in agent society. This is 
indicated through the Predictive Utilisation 
measure that the authors introduce. This 
may really be considered to apply or adapt 
to other implementations of learning agents. 
Still, even if the influence of the environ-
ment may be more easily observable with 
predefined behaviors, experimental results 
show the emergence of subsystem formation 
in the simulation.

« 12 »  Nevertheless, following the pre-
vious questions, we could wonder whether 
the selection of loops may rather occur ac-
cording to the ephemeral context? Enabling 
or disabling some loops may somehow be 
considered in a more dynamic way, depend-
ing on a specific on-the-fly experienced con-
text. This would possibly remain consistent 
with the double contingency problem. If we 
imagine a scenario where the number of 
food sources varied over time, it might lead 
to dynamic subsystem formation under dy-
namic constraints.

Parallel co-constructed loops
« 13 »  Besides, we could speculate 

whether specifying such a closed sensory-
motor loop for each behavior may be in full 
agreement with radical constructivism. The 
closed loop remains a sequential concept 
originating from traditional causal thought. 
But if we follow the requirements promoted 
by enactivism (Varela, Thompson & Rosch 
1991), for instance, I am not sure whether 
we can deduce that the closed-loop is the 
best possible implementation for modeling 
cognitive mechanisms.

« 14 »  The traditional vision of the 
closed-loop in first-order cybernetics and 
control theory is architectured around the 
notion of feedback and anchored in a sens-
ing-thinking-acting loop. There would then 
be, as the authors seem to agree and pro-
mote in their model, a new paradigm argu-
ing that humans control their input/sensa-
tion rather than their output/behavior in a 
homeostatic fashion (Riegler 2007). But this 
leads to a model that is not flawless either.

« 15 »  One can rather imagine multiple 
sensory and motor loops evolving in paral-
lel on their own while interacting continu-

ously. This parallelization may eventually 
approach a complex system vision of the 
construction of cognition. Within this 
framework, sensory and motor loops would 
become entities in themselves, reciprocally 
disrupting and adjusting each other. As 
evidence of this, in the sensory-motor con-
tingencies theory, O’Regan, Myin & Noë 
(2005) insist on an intrinsic quality of the 
feeling of presence, which they call “grab-
biness” (or alerting capacity). This is that 
sensory systems possess sudden change de-
tectors and are able to interrupt the ongoing 
cognitive activities and cause an automatic 
orienting response. How could this mecha-
nism be achieved if there were no dedicated 
sensory loop(s)?

Are loops sufficient?
« 16 »  More radically, we could even 

wonder whether the notion of a loop is 
actually consistent with the cognitive phe-
nomena? This is the credo of dynamic sys-
tems theory. For instance Tim van Gelder 
(1997) argues in favor of abandoning loops, 
by comparing the Turing machine and the 
Watt governor. He argues that we should 
preferably get inspiration from the latter for 
understanding and/or modeling cognition. 
He points out that the Turing machine a-
contextually manipulates symbols, obeying 
rules given by the programmer, while the 
Watt governor only obeys physical laws ap-
plied to built-in constraints. In other words, 
he stresses that the Turing machine relies on 
mathematics while the Watt governor relies 
on mechanics and physics. In this context, 
the notion of the loop is considered to be 
a hidden way of monitoring the need to 
do something. But sensing and acting do 
not consist of waiting for something to do. 
Rather, cognition must be considered as 
constituted of continuous processes that are 
fundamentally proactive, compared to the 
passive waiting character of looping.

« 17 »  The aspects covered in my com-
mentary represent only a fragment of a 
deeper ongoing debate. This is probably 
where the frontiers are situated of what in 
silico simulation can offer to help build con-
structivist foundations of socio-cognitive 
understanding. So far, computational meth-
ods may lead us to understand complexity 
growth by using simulation. In the mean-
time, however, we must ask ourselves how 

these purely deterministic sequential meth-
ods can really help us simulate what we, as 
adaptive animals, are.
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The Relevance of 
“Differentiation” and “Binary 
Code” for Simulating Luhmann
Gastón Becerra
Universidad de Buenos Aires, 
Argentina 
gastonbecerra/at/sociales.uba.ar

> Upshot • I acknowledge the value of 
Porr & Di Prodi’s piece for simulating Luh-
mann’s key process of subsystem forma-
tion and exploring how the concepts of 
“differentiation” and “binary code” relate 
to their model.

« 1 »  Bernd Porr & Paolo Di Prodi’s tar-
get article does a great job of showing how 
the process of “subsystem formation,” central 
to Niklas Luhmann’s sociology, can be simu-
lated. To assess the value of Porr & Di Prodi’s 
work, we must first make explicit our inter-
ests. For this commentary, I take a sociologi-
cal point of view. What interests me the most 
is how this simulation sheds some light on 
the intricate levels underlying the process of 
subsystem formation and how they relate to 
key concepts taken from Luhmann’s work.

« 2 »  The first level corresponds to neu-
ronal systems with interrelated signals pro-
cessed by agents. This model is based on the 
guidelines of radical constructivism, and al-
though it could be said that Luhmann differs 
from RC in several aspects, Porr & Di Prodi’s 
model seems to me in line with Luhmann’s 
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cognitive and systemic postulates. Systems’ 
self-referent operations driving the learning 
process are stimulated by irritations (internal 
states) (Luhmann 2006: 627).

« 3 »  The second level is perhaps even 
more important from a sociological perspec-
tive. It corresponds to a social system that is 
drawn upon the interaction of agents’ behav-
ior. To talk about communicative systems, 
at least in the way I understand Luhmann’s 
model, it is not enough that agents are able 
to broadcast signals (§62). Contingency is 
the link between the two levels. Contin-
gency arises when an agent faces another 
agent whose behavior cannot be predicted 
but only expected. Alterity (otherness) is the 
heart of a sociological perspective. Luhmann 
depicted double contingency as two black 
boxes that deal with one another under the 
constraints of their own capacity to observe 
and influence (Luhmann 1991: 118f). The 
authors suggest that double contingency 
raised by this interaction could motivate an 
agent to select a particular aspect of its envi-
ronment as a complexity reduction strategy 
(§61). The agents then could specialize into a 
role or particular behavior (§57) by trigger-
ing a modification in their neuronal struc-
tures. The agents are not individually prepro-
grammed to adopt one particular role. They 
are just programmed to adapt their behav-
iors under the conditions of their environ-
ment (§64), which is only possible because 
they have been first programmed to observe 
the environment through distinctions (e.g., 
food sources). The emergent order (social 
system) is conditioned by the complexity of 
the individual systems, without depending 
on their capacity to coordinate or control it 
(Luhmann 1991: 119).

« 4 »  Does this process illustrate the 
emergence of social subsystems in accor-
dance with Luhmann’s theory? To answer 
this question, I think two concepts should 
be analyzed: “differentiation” and “binary 
code.” The authors clearly take this direction 
in their conclusion. And I agree with their 
remarks, as pointed out in what follows.

« 5 »  According to Luhmann (2006), the 
process of system differentiation can be trig-
gered spontaneously as a result of evolution 
and can induce structural transformations. 
Differentiation takes place when a system/
environment distinction is drawn within an 
existing system; the latter is seen as global 

in the eyes of the just-differentiated system 
(Luhmann 1991: 42). The authors illustrate 
the simplest and most trivial form of this dif-
ferentiation, namely, one that carries no ref-
erence to the society as a whole and produces 
no subsequent formations within the system.

« 6 »  A binary code can be established 
when the system is able to distinguish-and-
select without losing the reference that cre-
ated the distinction in the first place. Then 
there is always the possibility to turn to a 
(preexisting) negative value. This type of se-
lection differs from basal operations that can 
only refer to identical elements and are blind 
to what is different (Esposito 1996). The dis-
tinction driven by binary code does not cor-
respond to difference between system and 
environment but it refers to internal, acces-
sible and contingent states of the system that 
duplicate the reality. A communication can 
accept or deny a certain value (e.g., a paper 
suggesting that an entire theory is false) but 
it cannot deny the importance of this distinc-
tion (Luhmann 1996: 222). In my opinion, 
this is the most substantial part of Luhmann’s 
sociological work: it enables the treatment of 
a multi-contextural significant construction 
of reality within modern society.

« 7 »  Porr & Di Prodi’s model for simu-
lation looks to be far from the conditions 
for generating a binary code. The systems 
they describe rely more on actions than on 
communications, and have no place for un-
derstanding. Without communication and 
language, is not that clear how acceptance/
denial could play a part in this model (Luh-
mann 2006: 170). However, having a binary 
code is not a sine qua non condition for il-
lustrating how social subsystems emerge. It 
is important to keep this in mind to avoid 
raising false expectations while evaluating 
the authors’ contribution and its relevance 
to sociology. They are not simulating the 
emergence of functional systems, but show-
ing that double contingency can lead to sub-
system differentiation at the basal operations 
level.
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> Upshot • We acknowledge that our 
model can be implemented with differ-
ent reinforcement learning algorithms. 
Subsystem formation has been success-
fully demonstrated on the basal level, and 
in order to show full subsystem formation 
in the communication system at least 
both intentional utterances and accep-
tance/rejection need to be implemented. 
The comments about intrinsic vs extrinsic 
rewards made clear that this distinction is 
not helpful in the context of the construc-
tivist paradigm but rather needs to be re-
placed by a critical reflection on whether 
one has truly created autopoietic agents 
or just an engineering system.

« 1 »  Olivier Georgeon’s commentary shows 
that there is a deep mistrust between two 
communities: on the one hand the reinforce-
ment community, which has emerged from 
both engineering (e.g., optimal control) 
and economics, and on the other hand the 
community that has emerged from behav-
iour-based robotics, now branding itself as 
“enactive cognition.” As Patrick Pilarski (§6) 
rightfully emphasized, the trouble comes 
from introducing the notion of reward. 
While in reinforcement learning the reward 
plays a central role, in enactive cognition 
it is very fashionable to claim that rewards 
are not part of the equation (Georgeon  §9). 
However, rewards are then introduced 
through the back door in the form of “en-
joyment,” “dislike” or “intrinsic satisfaction.” 
Even “sensor loops” (Fabien Hervouet  §15), 
which learn to detect novelty, essentially re-
ward themselves to be able to predict sensor 
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states. As pointed out by Pilarski throughout 
his commentary, the boundary between in-
trinsic and extrinsic reward is blurred (§4) 
and rewards are and always will play a role 
in an experimental design in a more or less 
explicit manner. For us as authors writing a 
paper, using a reinforcement learning algo-
rithm is treading on thin ice, being essen-
tially halfway in the one camp and halfway 
in the other. However, bringing these two 
opposing views back together is probably 
easier than it appears to be (§13): the enac-
tive cognition community needs to accept 
that rewards are part of the equation, for 
example as average rewards, and that it is 
politically correct to call them rewards (§7).

« 2 »  At the same time, the reinforce-
ment community needs to reflect on why 
the constructivist community and, more 
generally, the cognitive robotics community 
has such reservations against any form of re-
wards. This brings us back to its roots, name-
ly engineering and economics. It comes as 
no surprise that engineering in particular is 
focused on results, namely outputs. Howev-
er, from a constructivist perspective, agents 
control their inputs, which is the opposite of 
what an engineer wants to achieve. In Porr 
& Wörgötter (2005), we called this “the sec-
ond chicken/egg problem”: while the farmer 
wants to have the egg, the chicken wants to 
keep it. In other words, it is not so much an 
issue that we call a reward a “reward” or “sat-
isfaction” but rather a problem of perspec-
tive. For example, a car should drive a pas-
senger from A to B and not suddenly decide 
to make a detour to the cinema. However, 
for an autonomous agent that would be al-
right as long as it maintains its autopoiesis, 
which translates into the requirement that 
rewards need to be beneficial for the agent 
and not for the designer. This means that 
the use of the “R”-word in enactive cogni-
tion should be perfectly reasonable as long 
as the rewards help to maintain the agents’ 
autopoiesis, usually through learning, as ex-
plained next.

« 3 »  Based on these general remarks 
about the concept of reward, we can re-visit 
ICO learning, which has been used in this 
article. It is a biologically-inspired machine 
learning algorithm and belongs to the class 
of reinforcement learners where the actor 
and critic have been merged into one unit 
(Wörgötter & Porr 2005). We used it because 

of its very fast convergence, which shortened 
the execution of experiments considerably 
– at the expense of flexibility. Clearly, other 
learning algorithms of the class of reinforce-
ment learning (Pilarski  §10; Georgeon  §11; 
Hervouet §4) would allow more flexible loops, 
the creation of new loops and also the gen-
eration of long-range predictions (Pilarski §8, 
§12; Hervouet,  §§6f). This also addresses the 
criticism by Hervouet (§§6f, 13-15), who 
pointed out that ICO learning does not start 
off from random loops. This is certainly pos-
sible in any actor/critic scenario where the 
actor is allowed the freedom to create/remove 
any sensor/motor loop so that emergence is 
possible, in particular when employing the 
architectures suggested by Pilarski. We are in 
complete agreement that the learning sug-
gested in his thought experiment (§§11f) 
would certainly lead to subsystem formation 
and would allow much more sophisticated 
behaviours. We also agree that an active ex-
ploration mechanism would greatly improve 
the agent’s learning (Hervouet  §9); however, 
this has been already discussed in our tar-
get article. In any case, all these alternative 
algorithms would have drastically increased 
the complexity of the experiment, which we 
wanted to keep as simple as possible to make 
our point about both the role of disturbances 
and subsystem formation.

« 4 »  Hervouet (§16) pointed out that 
loops should become proactive, which is 
achieved with ICO learning and also with 
other reinforcement learning algorithms. 
However, it is debatable that an agent needs 
to become proactive at all to survive. One 
could argue that reactive behaviour is suf-
ficient as long as it has the requisite variety 
and that this could be improved (Nakanishi 
& Schaal 2004). For example, a rabbit will al-
ways just run away from a fox but will never 
try to poison the fox in a proactive way to 
prevent further attacks. So being proactive is 
a huge evolutionary advantage and for that 
reason is used in our paper. However, one 
could argue that even humans could get by 
with being largely reactive.

« 5 »  Hervouet (§§16f) also comments 
on the actual physical instantiation of the 
system. Do we need a physical system such 
as the Watt governor because its digital 
implementation in silico would not be ap-
propriate? Any standard textbook on digi-
tal signal processing can easily provide an 

answer to that. The Watt governor is essen-
tially a linear control system and performs 
its computations mechanically. A computer 
processes numbers that, in the case of navi-
gating a real agent, arise from quantising 
analogue values, performing computations 
and transforming them back into analogue 
motor outputs. However, as long as the 
quantisation is smaller than the noise in 
the sensors (and the actuators), the digital 
processing will not change the dynamics of 
the system. It was shown analytically that 
one can perfectly replace parts of the Watt 
Governor with a digital controller without 
altering the dynamics of the system at all. 
Again, the main problem is not the imple-
mentation. This brings us back to the thorny 
issue of who defines the “reward” functions. 
Looking into the mechanical computations 
the Watt governor performs, it can easily be 
seen that it can also be described in terms of 
rewards because it has a setpoint (i.e., target 
value). For virtually all organisms, includ-
ing humans, rewards have been provided 
by evolution (see the next paragraph). For 
artificial agents, we either need to simulate 
evolution or we can be inspired by the neu-
ral networks of animals and observe/mea-
sure how they have managed to stay alive in 
terms of rewards and punishments.

« 6 »  Looking at real brains, primary re-
wards are usually coded, no matter if mouse 
or human brains, in the lateral hypothala-
mus (Nakamura & Ono 1986). These reward 
signals are then processed in the limbic sys-
tem, where the most famous signal is the 
reward prediction error encoded by dopa-
minergic activity (Schultz 1998). More re-
cently, it has been discovered that dopamine 
has two modes of operations: a phasic pre-
diction error and slow tonic changes, where 
the latter seems to be encoding average re-
wards (Niv 2007). However, while the aver-
age reward plays an important role in the 
limbic (i.e., emotional) system, higher-level 
(conscious) decision making, especially in 
the basal ganglia, might operate reward-
free and is probably driven by habits and/
or novelty (Redgrave, Gurney & Reynolds 
2008; Hervouet  §9). This shows again that 
one needs to be careful when dealing with 
rewards: primary rewards certainly play an 
important role but at the same time one 
needs to acknowledge that they are not the 
sole drivers of action selection.
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« 7 »  Regardless of whether it is imple-
mented in the traditional formulation as 
TD learning or in the advanced versions us-
ing average rewards, reinforcement learning 
employs closed loop processing. In his OPC, 
Georgeon stresses the fact that learning needs 
to be closed loop (§§1f) and that this kind 
of learning creates new loops, which he calls 
“schemas” in the spirit of Piaget. Our target 
article acknowledges the fact that ICO learn-
ing, though limited, is able to create new 
loops. However, one needs to be clear about 
why agents employ closed loop learning. Cer-
tainly, it has not been implemented to create 
“interesting” behaviours (Georgeon  §§4-6). 
Such a requirement would create two prob-
lems.
1  |  The first problem arises from the fact that 

the experimenter essentially performs 
output control by evaluating the agent’s 
behaviour and then concludes that 
closed loop control should be preferred 
over open loop because it creates more 
“interesting” behaviour. However, while 
the agent might provide an output that 
is “interesting” for the observer, it might 
not be very beneficial for its own survival. 
For example, in the worst case, an exter-
nal observer finds it highly “interesting” 
to observe an animal starving to death.

2  |  To make things worse, Georgeon’s writing 
suggests that one can freely choose be-
tween open and closed loop control when 
modelling autonomous agents. However, 
as outlined in the previous paragraphs, 
closed loop processing is not just a nice 
feature for creating “interesting” behav-
iours but it is fundamental for the con-
structivist paradigm because it performs 
input control, which guarantees that an 
agent can maintain its autopoiesis.
« 8 »  Having now discussed input and 

output control extensively and concluded that 
agents perform input control, one needs to be 
careful when stating that the agent cannot 
access the environment’s state (Georgeon §3). 
Again, it is a matter of perspective: experi-
menter vs agent. If one could ask the agent: 
“Are you aware of all of the environment’s 
states, agent?,” it would say: “Yes, totally.” 
From the agent’s perspective, its loops that act 
against the corresponding disturbances rep-
resent its entire environment, and the loops 
and disturbances represent the agent’s “real-
ity” of the world (Georgeon  §7). Only when 

we observe the agent from the outside do we 
realise that its environment is infinite and 
thus the number of both accessible and hid-
den states is infinite as well. To have all states 
of the environment finite and observable to 
the agent can only be created artificially in 
very simple environments, which is not the 
case for actual organisms. For artificial agents 
this can be overcome – for example, by us-
ing embodied agents that have to deal with a 
complex environment.

« 9 »  We are grateful that Hervouet com-
ments on the environment (§§11f) and that 
altering it will impact on the subsystem for-
mation. Indeed, a changing environment 
over time should cause a re-organisation of 
the subsystems and thus the predictive value 
readings of the individual agents. It would 
be an interesting follow-up experiment to 
change the number of food sources in a dy-
namic way. In a more general context, this 
also means that the makeup of the environ-
ment has a strong impact on the agent be-
cause (a) the disturbances force the agent to 
create appropriate loops and (b) these loops 
need to be operational with sufficient requi-
site variety.

« 10 »  Finally, Gastón Becerra’s excel-
lent commentary is more an outlook than 
a criticism. It points out exactly how to de-
velop our model further. Double contingency 
in our model is only established on the level 
of behaviour, where agents aim to predict 
each other. However, as already outlined in 
the target article, the level of communica-
tion has only been partially implemented. 
So far, our agents broadcast their states into 
the world continuously (Becerra  §3), which 
leads to complete predictability in terms 
of the amount of food an agent carries. In 
a more advanced version of our model, the 
agents should be able to decide whether they 
want to release their states to the world in the 
form of utterances and to which agent. This 
may sound simple, but it requires loops and 
learning algorithms on the level of utterances 
and not just on the level of actions. In other 
words, we need to have both “motor” loops 
that generate actions (as done in our model) 
and loops that control the release of utter-
ances. By creating separate loops for actions 
and utterances, we effectively create two sub-
systems. Consequently, the question arises of 
how they interpenetrate each other (to use 
Luhmann’s words). The communication sys-

tem would have an impact on the action sys-
tem and vice versa. To enable a rich selection 
of utterances, one needs to allow the agent to 
release not only internal states but also sen-
sor information and how sensor states lead to 
behaviour (by using weights, etc.).

« 11 »  So far, we have just dealt with the 
release of utterances, which means that we 
have covered ego but not alter. In particular, 
alter observes an utterance by ego and can in-
tegrate it into its loops or just ignore it. How-
ever, this requires ultimately second-order 
cybernetics in the communication system so 
that agents can accept or reject certain com-
munications (Becerra §§6f). This would then 
lead to a binary code that could accept or 
reject an utterance. As such, it is part of our 
on-going research.
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