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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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