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Abstract

Recent comprehensive overview of 40 years of research in cognitive architectures, (Kotseruba and
Tsotsos 2020), evaluates modelling of the core cognitive abilities in humans, but only marginally
addresses biologically plausible approaches based on natural computation. This mini review presents
a set of perspectives and approaches which have shaped the development of biologically inspired
computational models in the recent past that can lead to the development of biologically more
realistic cognitive architectures. For describing continuum of natural cognitive architectures, from
basal cellular to human-level cognition, we use evolutionary info-computational framework, where
natural/ physical/ morphological computation leads to evolution of increasingly complex cognitive
systems. Forty years ago, when the first cognitive architectures have been proposed, understanding of
cognition, embodiment and evolution was different. So was the state of the art of information
physics, bioinformatics, information chemistry, computational neuroscience, complexity theory, self-
organization, theory of evolution, information and computation. Novel developments support a
constructive interdisciplinary framework for cognitive architectures in the context of computing
nature, where interactions between constituents at different levels of organization lead to
complexification of agency and increased cognitive capacities. We identify several important
research questions for further investigation that can increase understanding of cognition in nature and
inspire new developments of cognitive technologies. Recently, basal cell cognition attracted a lot of
interest for its possible applications in medicine, new computing technologies, as well as micro- and
nanorobotics. Bio-cognition of cells connected into tissues/organs, and organisms with the group
(social) levels of information processing provides insights into cognition mechanisms that can
support the development of new Al platforms and cognitive robotics.

1 INTRODUCTION

In 1958 John von Neumann wrote “The computer and the brain” (von Neumann 1958)- the book
describing information processing architecture of computers as based on then-current understanding
of brain organization, with separate memory, input/output unit, arithmetic/logic unit, and a control
unit. Von Neumann architecture is still in use. However, understanding of the brain have changed
radically, and we may hope that new understanding of the brain and cognition will bring about new
computational architectures.

In an overview of 40 years of research and practical applications in cognitive architectures,
(Kotseruba and Tsotsos 2020) address the adequacy of cognitive architectures in modelling of the
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core cognitive abilities in humans, including perception, attention, action, memory, learning, and
reasoning. Apart from presenting the state-of-the-art of the research through 84 human-level
cognitive architectures, authors briefly mention deep learning, and why it does not qualify as unified
model of cognition in humans. We will come back to recent developments in deep learning.

This mini-review gives a framework not fully presented in (Kotseruba and Tsotsos 2020), of natural
computational cognitive architectures for info-communication. In this naturalistic approach, the
underlying assumption is that cognition in nature is a manifestation of biological processes (that
subsume chemical and physical levels) in living organisms (Maturana and Varela 1992; Stewart
1996; Dodig-Crnkovic 2007; Jagers op Akkerhuis 2010; Lyon 2005; 2015; Lyon and Kuchling 2021)
from single cells to humans. Recent work of (Piccinini 2020) addresses biological cognition in
organisms with nervous systems as result of neurocomputation. However, “cognitive operations we
usually ascribe to brains—sensing, information processing, memory, valence, decision making,
learning, anticipation, problem solving, generalization and goal directedness—are all observed in
living forms that don’t have brains or even neurons.” (Levin et al. 2021)

Based on empirical and theoretical insights about cognition and its evolution and development in
nature (Walker, Davies, and Ellis 2017) (Dodig-Crnkovic 2017), from basal/ basic/ primitive/
elementary/ cellular to complex form of human cognition, (Manicka and Levin 2019; Levin et al.
2021; Lyon et al. 2021; Dodig-Crnkovic 2020; Stewart 1996; Dodig-Crnkovic 2014a) modelled on
natural information processing (natural computation), we identify several cognitive architecture
topics that deserve more study.

The rest of the review is organized as follows. Section 2 presents info-computational cognitive
architectures in natural (biological) systems, while Section 3 is focusing on the natural info-
computation processes as a basis of natural cognitive architectures. Section 4 addresses naturalizing
communication, while Section 5 highlights centrality of time aspect in cognitive architecture. Section
6 provides a discussion and several open questions of natural cognitive architectures worth further
study. Section 7 offers a conclusion.

2 NATURAL INFO-COMPUTATIONAL COGNITIVE ARCHITECTURES

An info-computational natural cognitive architecture is a natural informational structure that
generates cognition, in which knowledge and skills of a cognitive agent are embodied. Through
natural computational processes it produces intelligent behavior of natural systems in complex
environments. Traditionally cognition has been studied as a result of brain activity in humans. There
was an opposition between understanding of brain function as a result of symbol processing of
Turing computation type (Wells 2004), distributed computation models (Clark 1989), and dynamic
models of a brain as a meta-stable oscillating system (Kelso, Dumas, and Tognoli 2013). It is
important to realize that all three “modes operandi” in the brain can suitably be modelled as natural
computations (natural information processing) on different levels of organization.

Let us start by introducing the framework for naturalizing cognition, with two basic elements: natural
(embodied) information, and natural computation.
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Naturalized Cognition. Thinking Fast and Slow - System 1 and System 2

Cognitive architectures started as a research field with the goal to model hAuman mind and build
human-level artificial intelligence. By connecting models and mechanisms with observed
cognitive/intelligent behaviors, they contribute to cognitive science and Al. However, cognition in
nature appears throughout biological systems (Baluska and Levin 2016; Lyon 2005; 2015; Almér,
Dodig-Crnkovic, and von Haugwitz 2015; Lyon et al. 2021) and it is important to understand its
evolutionary development from the basal/basic/elementary cognition to the human level (Manicka
and Levin 2019; Levin et al. 2021). Thus, cognitive architectures have considerable explanatory and
practical value.

In the context of the (Kotseruba and Tsotsos 2020) systematization, info-computational naturalist
cognitive architecture is a hybrid (connectionist-symbolic), biologically realistic conceptual
framework aiming to integrate current knowledge from variety of research fields, such as cognitive
science, computational neuroscience, bioinformatics, computability, biology, and new evolutionary
synthesis.

This approach is based on the view of hierarchical recursive structure of information processing in
nature, which is especially important for living organisms, from cells, to tissues, organs, organisms
and their groups — all of them communicating at different levels of organization by exchanging
specific types of information — physical (elementary particles, electro-magnetic), chemical (electric,
molecular), biological, and symbolic.

From the time when first cognitive architectures have been proposed until now, a lot has changed in
our understanding of cognition, embodiment, functioning of the brain, neurons and neuronal
networks. Within Al, the field of artificial neural networks with deep learning have made an
impressive progress in modeling perception on the level of data/signal processing.

However, in humans, two basic cognitive systems have been recognized, System 1 (reflexive, non-
conscious, automatic, intuitive information processing, which is fast) and System 2 (reflective,
conscious, reasoning and decision making, which is slow) (Kahneman 2011; Tjestheim et al. 2020).
As Kahneman explains, System 1 and System 2 stand for informational processes that are functional
abstractions, not the brain regions.

As deep learning models are inspired by the human brain information processing, recent advances in
understanding of natural cognitive systems can contribute both to better explanatory models and to
future developments of constructive engineered cognitive architectures.

Deep learning level corresponds to Kahneman’s fast, intuitive System 1 (Kahneman 2011), and
current developments in Al are continuing towards even more ambitious goals of modelling System 2
symbolic reasoning (Russin, O’Reilly, and Bengio 2020).

It has long been recognized that mechanisms of cognition based on natural computation are far more
sophisticated than the machine-like classical computationalist models based on abstract symbol
manipulation (Kampis 1991). They conform to the view expressed by (Witzany 2000) and (Witzany
and Baluska 2012b) that rule-based machines are not good enough models of natural cognition
which appears in highly complex living organisms.
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Embodiment is the fundamental feature of cognition, which implies that valence, affect, feelings and
emotions must be taken into account as constitutive elements in the models of cognition (Damasio
1999; Watanabe, Hofman, and Toru 2017; Dodig-Crnkovic 2017; Dodig-Crnkovic and Giovagnoli
2017; Lyon and Kuchling 2021) and they affect both System 1 and System 2 information processing.

2.1 Information Processing in Embodied and Extended Cognition

Naturalized cognition as a systemic perspective means broadening the scope beyond neurocentrism
(Cowley and Vallée-Tourangeau 2017; Gabriel 2017; Lyon 2005; Lyon et al. 2021; Levin et al.
2021) to networks of networks of information-processing agents, down to molecular level as
computational basis of distributed cognition. The physical mechanism of natural computation is
morphological computation (Pfeifer, lida, and Gomez 2006; Dodig-Crnkovic 2013a; 2017), where
morphology refers to form, shape, structure which defines interactions (Dodig-Crnkovic 2014b).

Cognitive architectures often identify cognition with information processing in the brain. However,
with the rise of embodied cognition, neurocentrism is being challenged by a systemic view of
cognition, where body substantially shapes cognitive functions. As (Cowley and Vallée-Tourangeau
2017) show, living beings also connect their bodies with artifacts, in a sense of extended cognition
(Clark 2008). The crucial importance of interaction we learn as well from (Ginsburg and Jablonka
2019) view of the evolution of “the sensitive soul”, providing the naturalized communication
between an agent and its environment, that changes both.

2.2 Evolutionary View of Cognition in Nature. Scaling from Basal to Complex

If we want to learn how cognition functions in human as the most complex living organism, it is
instructive to see how this ability developed through evolution, resulting in variety of cognitive
architectures of organisms from bacteria to humans (Ginsburg and Jablonka 2019)(Manicka and
Levin 2019) (Lyon et al. 2021).

In a naturalist approach, cognition in any living organism is a result of embodied processes that make
the organism alive (Maturana and Varela 1992), or as (Stewart 1996) puts it, “Cognition = Life”.
Here life includes capability of growth and reproduction. All living systems are cell-based, from
unicellular to complex ones, with cells organized in tissues and organs, where each cell possesses
cognition. Groups of organisms like swarms and flocks exhibit social cognition. Cognitive capacities
on different scales make living system goal-directed, robust and adaptive. In biomimetic (nature-
inspired) robotic systems, cognition is represented by the equivalents of living functions,
implemented in a robot provided with sensors, actuators and information processing units. This basal
level of cognition can be of interest, as robots do not always need human-level abilities to perform
their tasks (Brooks 1991). Cognition of a different, non-human type can be adequate in biomimetic
soft robots (Joyee et al. 2020). Levin et al. (Levin 2020; 2019; Baluska and Levin 2016; Manicka and
Levin 2019; Levin et al. 2021) present a variety of mechanisms of basal cognition where robust
adaptive information processing and behavior can be used to develop new computational techniques
in biological and engineered systems.

In the naturalized, evolutionary concept of cognition, development goes from the simplest
organizational form of a single cell, as “cellular mind”, up to the brain as “the society of mind”
(Minsky 1986). In this process, body plays a vital role in shaping minds (Pfeifer and Bongard 2006).
Organisms learn about the world by means of information exchanges/communication (Terzis and Arp
2011; Dougherty, Bittner, and Akay 2011; Braitenberg 2011; Davies 2019). Reality for a cognitive
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agent is an informational structure (Dodig-Crnkovic 2017; Dodig-Crnkovic and von Haugwitz 2017)
and biology computes. Processes of change in informational structures establish computational
dynamics. This model of reality for an agent includes both the information about the agent itself and
about the world as it appears for the agent via interactions with the environment.

Proposed naturalist framework provides computational architecture for cognitive info
communications which the author has been developing (Dodig-Crnkovic 2006; 2012; 2016; 2017;
2018; 2020). In the info-computational approach, evolutionary process unfolds in living organisms,
and it happens in the sense of extended evolutionary synthesis (Laland et al. 2015; Ginsburg and
Jablonka 2019; Jablonka and Lamb 2014; Gontier 2010) as a result of interactions (communication)
between natural agents, be it cells, their groups or multicellular organisms.

The difference to the “Modern evolutionary synthesis”, which supplemented Darwinism with added
genetic determinism, in the computing nature approach, the emphasis is on the role of the
interaction/communication with the environment for the development and evolution. Origins of life
can be found in the first simplest pre-biotic chemical agents, leading to more complex forms such as
viruses and furthermore first cells as bacteria, continuing up in complexity through the information
self-organization. Genes are important, but not the solely responsible for the development of cells
and their aggregates up to organisms and ecologies. As (Ginsburg and Jablonka 2019; Jablonka and
Lamb 2014; Witzany and Baluska 2012a) describe, the interplay between the genetic code, through
material embodiment, with the environment is crucial. Even (Rovelli 2018) argues for the central role
of evolution as a mechanism of generating mental (intentionality, purpose, agency) from physical:
“Meaning and Intentionality = Information + Evolution”.

Reflected in the framework of info-computational nature, living organisms are cognitive agents, from
single cells to humans, (Dennett 2017; Dodig-Crnkovic and von Haugwitz 2017). Cognitive artifacts
can also be seen as natural physical systems with various degrees of cognitive capacities (Almér,
Dodig-Crnkovic, and von Haugwitz 2015; Dodig-Crnkovic 2014b). Cognition is an open-ended
process of self-organization where computation proceeds as signal processing at physical and
chemical levels, while on the biological and cognitive levels it takes form of symbol manipulation
and language-based communication, (Ehresmann 2012; 2014).

Simultaneous development of minds and bodies has been studied by (Schroeder 2013) as natural
information processes. In a cognitive agent, variety and its dynamics is tackled through dual concept
of selective and structural aspects of information. Biological evolution of species is seen as
dynamical information processing. What for a cognitive agent appears as “the world” is an interface,
a shared boundary across which the information is exchanged (Rossler 1998), with perception based
on data/information obtained from the senses. Similar idea of computational boundary of a “self” is
put forward by (Levin 2019) who describes mechanisms driving biological agents towards
multicellularity and scale-free cognition.

3 NATURAL INFO-COMPUTATION PROCESSES

In our study of cognition as natural phenomenon we adopt Informational structural realism (Floridi
2003; 2008) as an approach in which reality is “informational structure for an epistemic agent
interacting with the universe by the exchange of data as constraining affordances.” The dynamics of
that informational structure is conceptualized through the idea of Computing nature - where the
physical dynamics of informational nature is seen as natural computation (Rozenberg, Bick, and Kok
2012) (Dodig-Crnkovic 2010; 2015; Burgin and Dodig-Crnkovic 2011; Dodig-Crnkovic and
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Giovagnoli 2013) (Bull et al. 2013). This provides a unified naturalist setting for studying structures
and processes in both animate and inanimate world (Dodig-Crnkovic 2007). The underlying
fundamental property of information which makes it suitable as a basis of naturalist approach is:
“there can be no information without physical implementation” (Landauer 1996).

Our approach is based on naturalized ontology/metaphysics. As (Ladyman et al. 2007) explain,
naturalists construct science-based, structural-realist, computational ontology. Physicist Rovelli
contributes to the naturalization program with his proposal to build the foundation of physics on
relative information (Rovelli 2015). Here Shannon’s relative information between two physical
systems defines a purely physical notion of information, which can be used to “glue everything
together” (Dodig-Crnkovic 2012b). That means to connect networks of networks of information
processing nodes in nature. Interactions between physical systems are exchanges of information that
establish physical correlations between them, through Shannon’s relative information (correlation).
By combining physical correlations with Darwinian evolution, Rovelli builds a ground for emergence
of meaning.

Insights from the field of informational chemistry helps further in bridging the gap between physics
and biology, with supramolecular chemistry that connects molecular recognition, molecular
information processing and self-organization (Lehn 2015; 2017). Biology and cognitive sciences are
already established as information-based and their processes have been modelled as natural
computation (Miller 2018; Igamberdiev 2017; Torday and Miller 2020; Forrest and Mitchell 2016).
Even the evolution of life has been modelled as a process of morphological info-computation (meta-
morphogenesis) (Sloman 2013).

The whole sequence of information-based sciences — from physics to chemistry, biology (including
evolution of species), and cognitive sciences (including social cognition) makes it possible to
understand cognition in its context of natural information processing/natural computation.

3.1 Natural/ Physical/ Morphological Cognitive Computation

The concept of natural computation as presented by (Rozenberg, Béck, and Kok 2012; Dodig-
Crnkovic 2013b) addresses information processing (both discrete and continuous), as spontaneously
appearing in nature (Crutchfield, Ditto, and Sinha 2010). Models of natural computation/natural
information processing differ from the Turing model of computation, that is symbol manipulation.
From the point of view of organization of computational processes, natural computation is different
from von Neumann computation. Natural computation models of biological organisms with their
multi-level processes of computing and distributed information communication are capable of
capturing the dynamic behavior of natural cognitive agents, including neuronal networks (Buzséaki
2009).

In the framework of info-computational nature, the fundamental mechanism is morphological
computation, i.e. a process of information self-organization such as described in (Haken 2006; Haken
and Portugali 2017; Haken 2008). The author addressed this topic in (Dodig-Crnkovic 2013b; 2017;
2018). Morphological computing in living nature is a network of morphological informational
processes for cognitive agents, with cognition as layered morphological computation.

Recently, in robotics, specific use of the term “morphological computation” has been adopted to
denote decentralized embodied control of robots. In the context of robotics, appropriate body
morphology is saving information processing (computational) resources as well as enabling learning
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through self-structuring (self-organization) of information in a cognitive agent (Pfeifer, lida, and
Gomez 2006; Pfeifer, Lungarella, and lida 2007; Hauser, Fiichslin, and Pfeifer 2014). This is
macroscopic view of morphological computation that do not concern lower levels of organization
such as cellular, molecular or quantum computation.

Natural computation appears on all levels of organization in nature, from physical, chemical,
biological to cognitive. Of special interest for us are the levels with chemical and biological
computation contributing to cognitive behavior such as presented by (Lones et al. 2013), showing
biochemical basis of connectionism. On the level of cells and tissues there are numerous
computational approaches such as (Tyrrell et al. 2016; Turner et al. 2013; Lyon et al. 2021).
Proposals have been made for synthetic analog computation of living cells with artificial epigenetic
networks (Daniel et al. 2013). Extensive literature exists on specific neuronal computation (Piccinini
2020; Piccinini and Shagrir 2014), as well as computational models of brain, (Laughlin and
Sejnowski 2003; Buzsaki and Draguhn 2004; Averbeck, Latham, and Pouget 2006; Sardi et al. 2017,
Hertz, Krogh, and Palmer 2018; Barron et al. 2020).

It is important to keep in mind the difference between new computational models of intrinsic
information processes in nature (natural computing/morphological computing), and old
computationalism based on computer metaphor of the Turing machine, performing symbol
processing, that has been rightly criticized as inadequate model of human cognition (Mitkowski
2018; Scheutz 2002).

As already pointed out, in humans there are two basic cognitive systems, System 1 (reflexive, non-
conscious, automatic, intuitive information processing, which is fast) and System 2 (reflective,
conscious, reasoning and decision making, which is slow) (Kahneman 2011; Tjestheim et al. 2020).
Recognizing only symbolic information processing leaves the symbol grounding problem unsolved.
Sub-symbolic data/signal processing provides mechanisms of symbol grounding in deep learning.

Hybrid symbolic-dynamical architectures (Larue, Poirier, and Nkambou 2012; Bekkum et al. 2021)
have been proposed as well, capable of modelling a combination of the two as a reactive-deliberative
behavior. According to (Ehresmann 2014), the fast reflexive System 1 can be understood in terms of
Rovelli’s physical correlations (Shannon’s relative information), and it can accommodate for emotion
as argued in (von Haugwitz, Dodig-Crnkovic, and Almér 2015), while the slow System 2, because of
synonymity in the symbol system, introduces element of choice and indeterminism with higher
computational demands. The latter has been addressed in (Mikkilineni 2012), also addressing the
topic of parallel concurrent computation typical of biological systems, for which the Turing Machine
model is not adequate.

4 NATURALIZING COMMUNICATION
4.1 Computation vs Communication

Computation as well as communication involve the transition, transformation and preservation of
information (Dodig-Crnkovic 2008). The relationship between communication and computation has
been described by (Bohan Broderick 2004) who argues that they are not conceptually distinguishable.
The only difference is that computation concerns actions within a system, while communication is a
process of interaction between a system and its environment. Biological systems are open
information processing systems in communication with the environment, where the boundary
between the system and the environment is dynamic and blurred.
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As all other fundamental concepts which are objects of intense research (including information,
computation, and cognition), the concept of communication has no generally accepted definition
(Tjestheim et al. 2020). We will use the concept in the sense of computation between systems (Bohan
Broderick 2004), that is as exchange of information between the system and the environment.

One often thinks of communication as being defined by language with addition of other symbol
systems such as images and sounds. But if we think of a human being with all its senses, then
communication takes place on many different levels and through many channels that are interacting
in the brain. For example, one does not think and feel clearly when disturbed by a constant noise,
feeling strong anxiety, or is upset. The whole person participates in communication. Emotional signs
may not always be as obvious as the conventional symbolic message, but can be orders of magnitude
more important for the receiver, like bodily language, tone of voice, smile, eye gaze etc. (Damasio
1999; von Haugwitz, Dodig-Crnkovic, and Almér 2015; Dodig-Crnkovic 2017). To understand
communication in a more multifaceted way than the exchange of symbols or signs, it is instructive to
look at communication in other, simpler organisms. All living beings communicate. A cell that is the
basic building block of life is a complex communication system. Without communication, life would
not be possible (Maldonado 2016).

Naturalized understanding of communication is based on information as being defined by structures
and computational processes in nature (Burgin and Dodig-Crnkovic 2020). In the same way as
epistemology (knowledge) can be naturalized (Dodig-Crnkovic 2007; 2010) using natural
information processing (computation), even communication and cognition with intelligence can be
naturalized.

4.2 Relation to the Research Field of Cognitive Infocommunications (CoglnfoCom)

Connecting engineered and natural cognitive systems is a strong trend worth further exploration.
Cognitive info-communications (CoglnfoCom) is a field that links info-communications with the
cognitive sciences, with engineering applications. “The goal of CogInfoCom is to provide a
systematic view of how cognitive processes can co-evolve with info-communications devices so that
the capabilities of the human brain may not only be extended through these devices, irrespective of
geographical distance, but may also interact with the capabilities of any artificially cognitive system.”
(Baranyi, Csapo, and Sallai 2015) Through this unification of cognitive capabilities of engineering
artifacts and natural cognitive systems new qualities of information communication and cognition are
achieved (Baranyi, Csapo, and Sallai 2015).

5 TIME ASPECT OF COGNITIVE ARCHITECTURE, LEARNING AND MEMORY IN
NATURALIZED COMMUNICATION

Typically, cognitive architectures assume the mind/brain to be reactive, where information
processing starts with a stimulus and ends in a response (Bechtel 2013). However, cells are
inherently active, neurons are sustained oscillators, exhibiting electrochemical oscillations even in the
absence of stimuli. Input data/information presents stimuli that modulate existing endogenous
oscillations. (Bechtel 2013). In the book “Rhythms of the Brain” (Buzsaki 2009) describes the
important role that spontaneous activity of neurons plays. Spontaneous firing of neurons is the very
basis of human cognition when it comes to its time aspects. A self-organized timing of oscillations
has co-evolved as the main organizational principle of neuronal activity. Global computation (on
multiple spatial and temporal scales) is enabled by small-world-connectivity of neurons in the
cerebral cortex. In a small-world setting, any two of nodes are connected through a short sequence of
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intermediary nodes. Cortical system is in a metastable state, synchronized through weak links
between network oscillations in constant interactions. Oscillator frequency determines periods of
receiving and transferring information.

Based on studies of oscillations, neural computations and learning, (Penagos, Varela, and Wilson
2017) propose that “precisely coordinated representations across brain regions allow the inference
and evaluation of causal relationships to train an internal generative model of the world.” Training
starts while awake, and processing continues during sleep when periodic nested oscillations induce
hierarchical processing of information. Authors suggest that “general inference, prediction and
insight” supporting an internal model for generalization and adaptive behavior is enabled through
periodic states of sleep.

Related is the synaptic plasticity of the brain which changes its connections through the long-term
potentiation (Hebbian and non-Hebbian), considered to be a basis for learning and memory.
Oscillatory behavior is not only characteristics of the human brain. Similar oscillatory rhythms have
been observed in the brains of mice. Being made of oscillators, biological neural networks are able
to filter inputs and to resonate with noise. Unlike those observed oscillatory time behaviors in the
biological brains, that appear as a result of their physical embodiment, artificial neural networks have
no such temporal coupling and synchronizing mechanisms. It is an open question how essential this
oscillatory behavior and metastability are for “fine tuning to the world” and if their function can be
obtained in a different way.

On the global level of unified theories of cognition, time aspect (Anderson 2002) manifests itself in
terms of Newell’s bands of cognition (Newell 1994)—the biological “10 millisecond band”,
cognitive, rational, and social (“long-term”) bands. How important is it to have all of them
represented and how detailed? Here we talk about understanding of temporal aspects of cognition as
organized hierarchically in a metastable state, constantly tuning to the environment. Coordination
obtained through communication is central for connecting different levels, from molecules to
thoughts, in the same coordination dynamics (Kelso, Dumas, and Tognoli 2013). Through the
interplay with the environment this process results in eigenstates (Foerster 2003). Technological
approaches to cognitive architecture of brain-like computer, based on frequency-fractal computing
are proposed by (Ghosh et al. 2014) and (Singh et al. 2020).

6 DISCUSSION. OPEN QUESTIONS OF COGNITIVE ARCHITECTURES IN THE
LIGHT OF NATURAL INFO-COMPUTATION

With the present development of cognitive and intelligent computing it is becoming important to
improve computational approaches to cognitive architectures. Currently, there are several interesting
open questions worth more exploration.

6.1 Biomimetic Design of Cognitive Architectures. How “Biologically Plausible” is Enough?

Proposals to learn from nature about cognition are not new, but they have recently gained a lot of
prominence in the form of biomimetic design, such as (Joyee et al. 2020). Can our newly acquired
insights into cognition on different levels of organization in nature be applied to design of cognitive
architectures?

(Russin, O’Reilly, and Bengio 2020) suggest that deep learning, which has been inspired by
information processing/ computation by neuronal networks in the brain, corresponds to Kahneman’s
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System 1 (fast, reflexive information processing). It needs an equivalent of prefrontal cortex” that
would play the role of System 2 (slow, reflective information processes). This is in agreement with
(Marblestone, Wayne, and Kording 2016) who suggest increased integration of deep learning and
neuroscience. Similar ideas are put forward by (Dodig-Crnkovic 2020) with the arguments that
natural morphological computation should be used to study function of meta-learning (learning to
learn) in humans (function of prefrontal cortex), other living organisms, and intelligent machines.
Learning from nature and biomimetic design necessitate interdisciplinary approaches to neural
computing (Esposito et al. 2018), emerging from research in variety of research fields.

6.2 Computational Efficiency and Natural Computing

Computational efficiency and performance are important features, often left outside when discussing
computational models of cognition. However, with the increased ubiquity of computing, this aspect
becomes essential. Natural cognitive computing can provide ideas for future developments towards
more resource-efficient computational architectures (Usman et al. 2019) (Nature Editorial 2019).

Synthetic biology is one of the fields where efficient computation in the resource-limited
environment of cells is essential for diagnostic, therapeutic and technological applications. For
example, (Daniel et al. 2013) engineered synthetic analog gene circuits for advanced computational
functions of multi-signal integration and processing in living cells, with only three transcription
factors.

The question of computational efficiency has also been addressed by biomimetic neuromorphic
computing which is mimicking the neural structure and functions of the human brain, together with
probabilistic computing, with algorithmic approaches to the uncertainty, ambiguity, and contradiction
in nature (Ackerman 2019). More learning from nature about computational efficiency is needed that
will inform biomimetic designs of cognitive architectures.

6.3 Cognitive Behaviors and their Simulation, Emulation and Engineering

In the special report “Can We Copy the Brain?” (The Editors of IEEE Spectrum 2017), the founder
of the Blue Brain Project, Henry Markram discusses complexities of the brain and necessity of
learning about the details of its functioning on different levels of organization. He also discusses
possibility to simulate the brain with molecular and cellular level simplified and encapsulated. Those
are two open questions that run in parallel, providing an opportunity for two-way learning between
computing and neuroscience (Rozenberg and Kari 2008). The questions are: first, how cognition
works and develops in nature, and second, how we can simulate, emulate and engineer it.

Work of Michael Levin (https://ase.tufts.edu/biology/labs/levin/) suggests broad range of
applications for nature-inspired cognitive architectures based on biological cognition connecting
genetic networks, cytoskeleton, neural networks, tissue/organ, organism with the group (social)
levels of information processing. Levin shows how biology has been computing through somatic
memory (information storage) and biocomputation/decision making in pre-neural bioelectric
networks, before the development of neurons and brains. Insights from biocognition can help the
development of new Al platforms, applications in targeted drug delivery, regenerative medicine and
cancer therapy, nano-technology, synthetic biology, artificial life, and much more.
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7 CONCLUSION

This mini-review presents emerging advances in understanding of cognitive communication
processes in nature, that can be used to inform future bio-inspired/biomimetic cognitive architectures
in the range of applications, from nano-technology to medicine and robotics. Interpreting the nature
in terms of computation (information processing), we can better understand processes of cognition as
they function and evolve in living beings, from single cells to complex organisms, and their
networks. Computation in nature/natural computation/physical computation/morphological
computation stands for processes of self-structuring of information in a number of organizational
levels: physical, chemical, biological, cognitive, and social with networks of communicating agents
on every level of organization (Dodig-Crnkovic 2017). It is important to note the parallel
development of our understanding of cognition as natural phenomenon and its technological
implementations that inform each other in a recursive manner (Rozenberg and Kari 2008)(Bondgard
and Levin 2021). At the same time as the knowledge of cognitive processes in living organisms
increases, so do also our information processing/computational models.

We started this review by the description of the von Neumann computational architecture, based on
the understanding of the brain from 1958. A decade later, visionary anticipating the convergence
between biology and computing, von Neumann proposed bio-inspired theory of self-reproducing
automata (von Neumann 1966). Development towards biomimetic architectural design promises new
resource-effective cognitive architectures on different levels of complexity — from basal cognition
useful in nanotechnology to complex cognition needed for social robotics. A lot of research is
currently being done and the field is still in its infancy.

Starting with the overview of the existing cognitive architectures as presented in (Kotseruba and
Tsotsos 2020) we are pointing to the fact that biologically inspired models of cognition such as new
developments of connectionist (hybrid deep learning) and dynamical models, including non-neural
cognitive systems deserve place among cognitive architectures.

8 Conflict of Interest

The author declares that the research was conducted in the absence of any commercial or financial
relationships that could be construed as a potential conflict of interest.

9 Author Contributions
This is a work of a single author.
10 Funding

Research supported by the Swedish Research Council project MORCOM@COG Morphological
Computing in Cognitive Systems Morcom (2016-2021).

11  Acknowledgments

The authors want to acknowledge the valuable comments and suggestions by three anonymous
reviewers. Furthermore, the insightful suggestions by Zoran Konkoli and Gerard Jagers op Akkerhuis
are gratefully acknowledged.

11



Natural Computational Architectures

12 References

Ackerman, Evan. 2019. “Intel Labs Director Talks Quantum, Probabilistic, and Neuromorphic
Computing - IEEE Spectrum.” IEEE Spectrum. 2019.

Almér, Alexander, Gordana Dodig-Crnkovic, and Rickard von Haugwitz. 2015. “Collective
Cognition and Distributed Information Processing from Bacteria to Humans.” In Proc. AISB
Conference Kent, April 2015.

Anderson, John R. 2002. “Spanning Seven Orders of Magnitude: A Challenge for Cognitive
Modeling.” Cognitive Science. https://doi.org/10.1207/s15516709c0g2601 3.

Averbeck, Bruno B., Peter E. Latham, and Alexandre Pouget. 2006. “Neural Correlations, Population
Coding and Computation.” Nature Reviews Neuroscience. https://doi.org/10.1038/nrn1888.

Baluska, Frantisek, and Michael Levin. 2016. “On Having No Head: Cognition throughout
Biological Systems.” Frontiers in Psychology 7: 902.

Baranyi, Péter, Adam Csapo, and Gyula Sallai. 2015. Cognitive Infocommunications (CoginfoCom).
Springer, Cham.

Barron, Helen C., Hayley M. Reeve, Renée S. Koolschijn, Pavel V. Perestenko, Anna Shpektor,
Hamed Nili, Roman Rothaermel, et al. 2020. “Neuronal Computation Underlying Inferential
Reasoning in Humans and Mice.” Cell. https://doi.org/10.1016/j.cell.2020.08.035.

Bechtel, William. 2013. “The Endogenously Active Brain: The Need for an Alternative Cognitive
Architecture.” Philosophia Scientice 17 (2): 3-30.

Bekkum, Michael van, Maaike de Boer, Frank van Harmelen, Andr’e Meyer-Vitali, and Annette ten
Teije. 2021. “Modular Design Patterns for Hybrid Learning and Reasoning Systems: A
Taxonomy, Patterns and Use Cases.” ArXiv:2102.11965v1 [Cs.Al], no. 23 Feb.

Bohan Broderick, Paul. 2004. “On Communication and Computation.” Minds and Machines 14 (1):
1-19.

Bondgard, Joshua, and Michael Levin. 2021. “Living Things Are Not (20th Century) Machines:
Updating Mechanism Metaphors in Light of the Modern Science of Machine Behavior.”
Frontiers in Ecology and Evolution 9: 147.

Braitenberg, Valentin. 2011. Information - Der Geist in Der Natur. Stuttgart: Schattauer GmbH.

Brooks, Rodney. 1991. “Intelligence without Representation.” Artificial Intelligence 47 (1-3): 139—
59.

Bull, Larry, Julian Holley, Ben De Lacy Costello, and Andrew Adamatzky. 2013. Computing Nature.
Vol. 7. Berlin Heidelberg: Springer. https://doi.org/10.1007/978-3-642-37225-4.

Burgin, Mark, and Gordana Dodig-Crnkovic. 2011. “Information and Computation — Omnipresent

and Pervasive.” In Information and Computation, vii—xxxii. New Y ork/London/Singapore:
World Scientific Pub Co Inc.

12



Natural Computational Architectures

. 2020. Theoretical Information Studies. Information in the World. Singapore: World
Scientific Publishing Co. Series in Information Studies.

Buzséki, Gyorgy. 2009. Rhythms of the Brain. Rhythms of the Brain. Oxford, UK: Oxford University
Press. https://doi.org/10.1093/acprof:0s0/9780195301069.001.0001.

Buzsaki, Gyorgy, and Andreas Draguhn. 2004. “Neuronal Olscillations in Cortical Networks.”
Science. https://doi.org/10.1126/science.1099745.

Clark, Andy. 1989. Microcognition: Philosophy, Cognitive Science, and Parallel Distributed
Processing. Cambridge, MA: MIT Press.

. 2008. Supersizing the Mind Embodiment, Action, and Cognitive Extension. Oxford, UK:
Oxford University Press.

Cowley, Stephen J., and Frédéric Vallée-Tourangeau. 2017. Cognition Beyond the Brain.
Computation, Interactivity and Human Artifice. Cham: Springer International Publishing AG.
https://doi.org/10.1007/978-3-319-49115-8.

Crutchfield, J., W. Ditto, and S. Sinha. 2010. “Introduction to Focus Issue: Intrinsic and Designed
Computation: Information Processing in Dynamical Systems—Beyond the Digital Hegemony.”
Chaos 20 (037101).

Damasio, Antonio R. 1999. The Feeling of What Happens: Body and Emotion in the Making of
Consciousness. Harcourt Brace and Co.

Daniel, Ramiz, Jacob R. Rubens, & Rahul Sarpeshkar, and Timothy K. Lu. 2013. “Synthetic Analog
Computation in Living Cells.” Nature 497: 619-623.

Davies, Paul. 2019. The Demon in the Machine. The Demon in the Machine.
https://doi.org/10.7208/chicago/9780226669847.001.0001.

Dennett, Daniel. 2017. From Bacteria to Bach and Back: The Evolution of Minds. New York: Norton
& Company.

Dodig-Crnkovic, Gordana. 2006. Investigations into Information Semantics and Ethics of Computing.
Visteras, Sweden: Milardalen University Press.

. 2007. “Epistemology Naturalized: The Info-Computationalist Approach.” APA Newsletter
on Philosophy and Computers 06 (2): 9—13.

. 2008. “Semantics of Information as Interactive Computation A Brief , Sketchy Picture of
InfoComputationalism.” In Philosophy, edited by Manuel Moeller Wolfgang Neuser and
Thomas Roth-Berghofer, 1-48. Springer, DFKI Technical Reports; Berlin. 91.

. 2010. Biological Information and Natural Computation. Thinking Machines and the
Philosophy of Computer Science: Concepts and Principles. https://doi.org/10.4018/978-1-
61692-014-2.ch003.

. 2012a. “Information and Energy/Matter.” Information 3 (4): 751.
https://doi.org/10.3390/info3040751.

13



Natural Computational Architectures

. 2012b. “Physical Computation as Dynamics of Form That Glues Everything Together.”
Information 3 (4): 204—18. https://doi.org/10.3390/inf03020204.

. 2013a. The Info-Computational Nature of Morphological Computing. Studies in Applied
Philosophy, Epistemology and Rational Ethics. Vol. 5. https://doi.org/10.1007/978-3-642-
31674-6 5.

. 2013b. “The Info-Computational Nature of Morphological Computing.” In Philosophy and
Theory of Artificial Intelligence Volume 3, edited by Vincent C. Miiller, SAPERE, 59-68.
Berlin: Springer.

. 2014a. Modeling Life as Cognitive Info-Computation. Lecture Notes in Computer Science
(Including Subseries Lecture Notes in Artificial Intelligence and Lecture Notes in
Bioinformatics). Vol. 8493 LNCS. https://doi.org/10.1007/978-3-319-08019-2_16.

. 2014b. “Modeling Life as Cognitive Info-Computation.” In Computability in Europe 2014.
LNCS, edited by Arnold Beckmann, Erzsébet Csuhaj-Varju, and Klaus Meer, 153-62. Berlin
Heidelberg: Springer. http://arxiv.org/abs/1401.7191.

. 2015. “Floridi’s Informational Structural Realist Basis for Info-Computational Modelling of
Cognizing Agents.” Journal of Experimental and Theoretical Artificial Intelligence 27 (1).
https://doi.org/10.1080/0952813X.2014.940140.

. 2016a. “Information, Computation, Cognition. Agency-Based Hierarchies of Levels.” In
Fundamental Issues of Artificial Intelligence, Synthese Library 377, edited by Vincent Miiller.
Springer International Publishing Switzerland. https://doi.org/10.1007/978-3-319-26485-1 10.

. 2016b. “The Architecture of Mind as a Network of Networks of Natural Computational
Processes.” Philosophies 1 (1): 111-25. https://doi.org/10.3390/philosophies10101.

. 2017. “Nature as a Network of Morphological Infocomputational Processes for Cognitive
Agents.” Eur. Phys. J. 226: 181-95. https://doi.org/10.1140/epjst/e2016-60362-9.

. 2018. “Cognition as Embodied Morphological Computation.” In Studies in Applied
Philosophy, Epistemology and Rational Ethics. https://doi.org/10.1007/978-3-319-96448-5 2.

. 2020. “Natural Morphological Computation as Foundation of Learning to Learn in Humans,
Other Living Organisms, and Intelligent Machines.” Philosophies.
https://doi.org/10.3390/philosophies5030017.

Dodig-Crnkovic, Gordana, and R. Giovagnoli. 2013. “Computing Nature — A Network of Networks
of Concurrent Information Processes.” In Computing Nature. Vol. 7. Berlin Heidelberg:
Springer. https://doi.org/10.1007/978-3-642-37225-4 1.

Dodig-Crnkovic, Gordana, and Raffaela Giovagnoli. 2017. Representation and Reality in Humans,
Other Living Organisms and Intelligent Machines. Book. Edited by Gordana. Dodig-Crnkovic
and Raffaela. Giovagnoli. Studies in Applied Philosophy, Epistemology and Rational Ethics, 28.
Cham: Springer International Publishing. https://doi.org/10.1007/978-3-319-43784-2.

Dodig-Crnkovic, Gordana, and Rickard von Haugwitz. 2017. “Reality Construction in Cognitive

14



Natural Computational Architectures

Agents through Processes of Info-Computation.” In Representation and Reality in Humans,
Other Living Organisms and Intelligent Machines, edited by Gordana Dodig-Crnkovic and
Raffaela Giovagnoli, 211-35. Basel: Springer International Publishing.
https://doi.org/10.1007/978-3-319-43784-2.

Dougherty, Edward R., Michael L. Bittner, and Metin Akay. 2011. Epistemology of the Cell: A
Systems Perspective on Biological Knowledge. Epistemology of the Cell: A Systems Perspective
on Biological Knowledge. https://doi.org/10.1002/9781118104866.

Ehresmann, Andrée C. 2012. “MENS, an Info-Computational Model for (Neuro-)Cognitive Systems
Capable of Creativity.” Entropy 14: 1703-1716.

. 2014. “A Mathematical Model for Info-Computationalism.” Constructivist Foundations 9
(2): 235-237.

Esposito, Anna, Marcos Faundez-Zanuy, Francesco Carlo Morabito, and Eros Pasero. 2018.
Multidisciplinary Approaches to Neural Computing. Springer International Publishing.

Floridi, Luciano. 2003. “Informational Realism.” In Selected Papers from Conference on Computers
and Philosophy - Volume 37 (CRPIT 03), edited by John Weckert and Yeslam Al-Saggaf, 7—
12. CRPIT ’03. Darlinghurst, Australia, Australia: Australian Computer Society, Inc.

. 2008. “A Defense of Informational Structural Realism.” Synthese 161 (2): 219-53.

Foerster, Heinz von. 2003. Understanding Understanding: Essays on Cybernetics and Cognition.
Springer Berlin Heidelberg.

Forrest, Stephanie, and Melanie Mitchell. 2016. “Adaptive Computation: The Multidisciplinary
Legacy of John H. Holland.” CACM 59 (8): 58—63.

Gabriel, Markus. 2017. I Am Not a Brain: Philosophy of Mind for the 21st Century. Cambridge:
Polity Press.

Ghosh, Subrata, Krishna Aswani, Surabhi Singh, Satyajit Sahu, Daisuke Fujita, and Anirban
Bandyopadhyay. 2014. “Design and Construction of a Brain-Like Computer: A New Class of
Frequency-Fractal Computing Using Wireless Communication in a Supramolecular Organic,
Inorganic System.” Information 5 (1): 28—100. https://doi.org/10.3390/info5010028.

Ginsburg, Simona, and Eva Jablonka. 2019. The Evolution of the Sensitive Soul. MIT Press,
Cambridge, MA,. https://doi.org/10.7551/mitpress/11006.001.0001.

Gontier, Nathalie. 2010. “Evolutionary Epistemology as a Scientific Method: A New Look upon the
Units and Levels of Evolution.” Theory in Biosciences 129: 167—182.

Haken, Hermann. 2006. Information and Self-Organization: A Macroscopic Approach to Complex
Systems. Springer.

. 2008. “Self-Organization.” Scholarpedia. https://doi.org/10.4249/scholarpedia.1401.

Haken, Hermann, and Juval Portugali. 2017. “Information and Self-Organization.” Entropy.
https://doi.org/10.3390/e19010018.

15



Natural Computational Architectures

Haugwitz, Rickard von, Gordana Dodig-Crnkovic, and Alexander Almér. 2015. “Computational
Account of Emotion, an Oxymoron?” In IS41S Summit Vienna 2015, Vienna University of
Technology (Online). http://sciforum.net/conference/isis-summit-vienna-2015/track-triangular.

Hauser, H., R.M. Fiichslin, and Rolf Pfeifer. 2014. Opinions and Outlooks on Morphological
Computation. E-Book.

Hertz, John, Anders Krogh, and Richard G. Palmer. 2018. Introduction to the Theory of Neural
Computation. Introduction to the Theory of Neural Computation.
https://doi.org/10.1201/9780429499661.

Igamberdiev, Abir U. 2017. “Evolutionary Transition from Biological to Social Systems via
Generation of Reflexive Models of Externality.” Progress in Biophysics and Molecular Biology.
https://doi.org/10.1016/j.pbiomolbio.2017.06.017.

Jablonka, Eva, and Marion Lamb. 2014. Evolution in Four Dimensions: Genetic, Epigenetic,
Behavioral, and Symbolic Variation in the History of Life. Revised Edition. Life and Mind:
Philosophical Issues in Biology and Psychology. Cambridge (Massachusetts): A Bradford Book.
MIT Press.

Jagers op Akkerhuis, Gerard. 2010. The Operator Hierarchy A Chain of Closures Linking Matter,
Life and Artifi Cial Intelligence. Radboud University Nijmegen, PhD dissertation.

Joyee, Erina Baynojir, Adam Szmelter, David Eddington, and Yayue Pan. 2020. “3D Printed
Biomimetic Soft Robot with Multimodal Locomotion and Multifunctionality.” Soft Robotics.
https://doi.org/10.1089/s0r0.2020.0004.

Kahneman, Daniel. 2011. Thinking, Fast and Slow. Macmillan.

Kampis, George. 1991. Self-Modifying Systems in Biology and Cognitive Science: A New Framework
for Dynamics, Information, and Complexity. Amsterdam: Pergamon Press.

Kelso, Scott J.A., Guillaume Dumas, and Emmanuelle Tognoli. 2013. “Outline of a General Theory
of Behavior and Brain Coordination.” Neural Networks 37: 120-31.

Kotseruba, Iuliia, and John K. Tsotsos. 2020. “40 Years of Cognitive Architectures: Core Cognitive
Abilities and Practical Applications.” Artificial Intelligence Review.
https://doi.org/10.1007/s10462-018-9646-y.

Ladyman, James, Don Ross, David Spurrett, and John Collier. 2007. Everything Must Go:
Metaphysics Naturalised. Oxford: Clarendon Press.

Laland, Kevin N., Tobias Uller, Marcus W. Feldman, Kim Sterelny, Gerd B. Miiller, Armin Moczek,
Eva Jablonka, and John Odling-Smee. 2015. “The Extended Evolutionary Synthesis: Its
Structure, Assumptions and Predictions.” Proceedings of the Royal Society B: Biological
Sciences. https://doi.org/10.1098/rspb.2015.1019.

Landauer, R. 1996. “The Physical Nature of Information.” Physics Letter A 217: 188.

Larue, Othalia, Pierre Poirier, and Roger Nkambou. 2012. “Hybrid Reactive-Deliberative Behaviour

16



Natural Computational Architectures

in a Symbolic Dynamical Cognitive Architecture.” In Proceedings of the 2012 International
Conference on Artificial Intelligence, ICAI 2012.

Laughlin, Simon B., and Terrence J. Sejnowski. 2003. “Communication in Neuronal Networks.”
Science. https://doi.org/10.1126/science.1089662.

2

Lehn, Jean Marie. 2015. “Perspectives in Chemistry - Aspects of Adaptive Chemistry and Materials.
Angewandte Chemie - International Edition. https://doi.org/10.1002/anie.201409399.

. 2017. “Supramolecular Chemistry: Where from? Where To?” Chemical Society Reviews.
https://doi.org/10.1039/c7cs00115k.

Levin, Michael. 2019. “The Computational Boundary of a ‘Self’: Developmental Bioelectricity
Drives Multicellularity and Scale-Free Cognition.” Frontiers in Psychology 10: 2688.

. 2020. “Life, Death, and Self: Fundamental Questions of Primitive Cognition Viewed
through the Lens of Body Plasticity and Synthetic Organisms.” Biochemical and Biophysical
Research Communications In press.

Levin, Michael, Fred Keijzer, Pamela Lyon, and Detlev Arendt. 2021. “Uncovering Cognitive
Similarities and Differences, Conservation and Innovation.” Phil. Trans. R. Soc. B 376:
20200458.

Lones, Michael A., Alexander P. Turner, Luis A. Fuente, Susan Stepney, Leo S.D. Caves, and Andy
M. Tyrrell. 2013. “Biochemical Connectionism.” Natural Computing.
https://doi.org/10.1007/s11047-013-9400-y.

Lyon, Pamela. 2005. “The Biogenic Approach to Cognition.” Cognitive Processing 7: 11-29.

. 2015. “The Cognitive Cell: Bacterial Behaviour Reconsidered.” Frontiers in Microbiology
6: 264.

Lyon, Pamela, Fred Keijzer, Detlev Arendt, and Michael Levin. 2021. “Reframing Cognition:
Getting down to Biological Basics.” Phil. Trans. R. Soc. B 376: 20190750.

Lyon, Pamela, and Franz Kuchling. 2021. “Valuing What Happens: A Biogenic Approach to Valence
and (Potentially) Affect.” Phil. Trans. R. Soc. B 376:2019075220190752.

Maldonado, Carlos E. 2016. “Hypercomputaciéon Bioldgica y Comunicacion Entre Los Seres Vivos.”
Simbiotica 3 (1): 207-29.

Manicka, Santosh, and Michael Levin. 2019. “The Cognitive Lens: A Primer on Conceptual Tools
for Analysing Information Processing in Developmental and Regenerative Morphogenesis.”
Philosophical Transactions of the Royal Society B 374 (1774).

Marblestone, Adam H., Greg Wayne, and Konrad P. Kording. 2016. “Toward an Integration of Deep
Learning and Neuroscience.” Frontiers in Computational Neuroscience.

https://doi.org/10.3389/fncom.2016.00094.

Maturana, Humberto, and Francisco Varela. 1992. The Tree of Knowledge. Shambala.

17



Natural Computational Architectures
Mikkilineni, Rao. 2012. “Going beyond Computation and Its Limits: Injecting Cognition into
Computing.” Applied Mathematics 3: 1826-35.

Mitkowski, Marcin. 2018. “From Computer Metaphor to Computational Modeling: The Evolution of
Computationalism.” Minds and Machines. https://doi.org/10.1007/s11023-018-9468-3.

Miller, William B. 2018. “Biological Information Systems: Evolution as Cognition-Based
Information Management.” Miller, William B. 2018. “Biological Information Systems:
Evolution as Cognition-Based Information Management.” Progress in Biophysics and
Molecular Biology. Https://Doi.Org/10.1016/j.Pbiomolbio.2017.11.005.Progress in Biophysics
and Molecular Biology. https://doi.org/10.1016/j.pbiomolbi0.2017.11.005.

Minsky, Marvin. 1986. The Society of Mind. New York: Simon and Schuster.
Nature Editorial. 2019. “How to Make Computing More Sustainable.” Nature 573: 310.

Neumann, John von. 1958. The Computer and the Brain. New Haven: Yale Univ Press.

. 1966. Theory of Self-Reproducing Automata. Edited by W. B. Arthur. Urbana & London:
University of Illinois Press.

Newell, Allen. 1994. Unified Theories of Cognition. Reprint ed. Harvard University Press.

Penagos, Hector, Carmen Varela, and Matthew A. Wilson. 2017. “Oscillations, Neural Computations
and Learning during Wake and Sleep.” Current Opinion in Neurobiology.
https://doi.org/10.1016/j.conb.2017.05.009.

Pfeifer, Rolf, and Josh Bongard. 2006. How the Body Shapes the Way We Think — A New View of
Intelligence. MIT Press.

Pfeifer, Rolf, Fumia lida, and Gabriel Gomez. 2006. “Morphological Computation for Adaptive
Behavior and Cognition.” International Congress Series, no. 1291: 22-29.

Pfeifer, Rolf, Max Lungarella, and Fumia lida. 2007. “Self-Organization, Embodiment, and
Biologically Inspired Robotics.” Science 318: 1088-93.

Piccinini, Gualtiero. 2020. Neurocognitive Mechanisms: Explaining Biological Cognition. Oxford:
Oxford scholarship online.

Piccinini, Gualtiero, and Oron Shagrir. 2014. “Foundations of Computational Neuroscience.”
Current Opinion in Neurobiology 25: 25-30.

Rossler, Otto. 1998. Endophysics: The World as an Interface. Singapore-New Jersey-London-Hong
Kong: World Scientific.

Rovelli, Carlo. 2015. “Relative Information at the Foundation of Physics.” In .
https://doi.org/10.1007/978-3-319-12946-4 7.

. 2018. “Meaning and Intentionality = Information + Evolution.” In .
https://doi.org/10.1007/978-3-319-75726-1 3.

18



Natural Computational Architectures

Rozenberg, Grzegorz, T. Béck, and J.N. Kok, eds. 2012. Handbook of Natural Computing. Berlin
Heidelberg: Springer.

Rozenberg, Grzegorz, and Lila Kari. 2008. “The Many Facets of Natural Computing.”
Communications of the ACM 51: 72-83.

Russin, Jacob, Randall C. O’Reilly, and Yoshua Bengio. 2020. “Deep Learning Needs a Prefrontal
Cortex.” Workshop “Bridging AI and Cognitive Science” (ICLR 2020).

Sardi, Shira, Roni Vardi, Anton Sheinin, Amir Goldental, and Ido Kanter. 2017. “New Types of
Experiments Reveal That a Neuron Functions as Multiple Independent Threshold Units.”
Scientific Reports. https://doi.org/10.1038/s41598-017-18363-1.

Scheutz, Matthias. 2002. Computationalism New Directions. Cambridge Mass.: MIT Press.

Schroeder, Marcin J. 2013. “Dualism of Selective and Structural Manifestations of Information in
Modelling of Information Dynamics.” In Computing Nature, edited by Gordana Dodig-
Crnkovic and Raffaela Giovagnoli, SAPERE 7, 125-37. Berlin, Heidelberg: Springer.

Singh, Pushpendra, Komal Saxena, Anup Singhania, Pathik Sahoo, Subrata Ghosh, Rutuja Chhajed,
Kanad Ray, and Daisuke Fujita. 2020. “A Self-Operating Time Crystal Model of the Human
Brain: Can We Replace Entire Brain Hardware with a 3D Fractal Architecture of Clocks
Alone?” Information 11 (5): 238.

Sloman, Aaron. 2013. “Meta-Morphogenesis: Evolution and Development of Information-Processing
Machinery p. 849.” In Alan Turing: His Work and Impact, edited by S. B. Cooper and J. van
Leeuwen. Amsterdam: Elsevier.

Stewart, John. 1996. “Cognition = Life: Implications for Higher-Level Cognition.” Behavioral
Processes 35: 311-326.

Terzis, George, and Robert Arp. 2011. Information and Living Systems: Philosophical and Scientific
Perspectives. (Bradford Books) MIT.

The Editors of IEEE Spectrum. 2017. “Special Report: Can We Copy the Brain?”” IEEE Spectrum.
2017. https://spectrum.ieee.org/static/special-report-can-we-copy-the-brain.

Tjestheim, Trond A., Andreas Stephens, Andrey Anikin, and Arthur Schwaninger. 2020. “The
Cognitive Philosophy of Communication.” Philosophies.
https://doi.org/10.3390/philosophies5040039.

Torday, John, and William Miller. 2020. Cellular-Molecular Mechanisms in Epigenetic Evolutionary
Biology. Cellular-Molecular Mechanisms in Epigenetic Evolutionary Biology.
https://doi.org/10.1007/978-3-030-38133-2.

Turner, Alexander P., Michael A. Lones, Luis A. Fuente, Susan Stepney, Leo S.D. Caves, and Andy
Tyrrell. 2013. “The Artificial Epigenetic Network.” In /EEE Int. Conf. Evolvable Systems,
ICES- 2013 Symposium Series on Computational Intelligence, SSCI 2013. IEEE.
https://doi.org/10.1109/ICES.2013.6613284.

19



Natural Computational Architectures

Tyrrell, Andy M., Michael A. Lones, Stephen L. Smith, and Gary B. Fogel. 2016. “2015 Information
Processing in Cells and Tissues (IPCAT 2015).” BioSystems.
https://doi.org/10.1016/j.biosystems.2016.07.001.

Usman, Mohammed Joda, Abdul Samad Ismail, Gaddafi Abdul-Salaam, Hassan Chizari, Omprakash
Kaiwartya, Abdulsalam Yau Gital, Muhammed Abdullahi, Ahmed Aliyu & S, and Alihu Idi
Dishing. 2019. “Energy-Efficient Nature-Inspired Techniques in Cloud Computing
Datacenters.” Telecommun Syst 71: 275-302.

Walker, Sara Imari, Paul Davies, and George Ellis. 2017. From Matter to Life Information and
Causality. Cambridge University Press. Kindle Edition.

Watanabe, Shigeru, Michel A Hofman, and Shimizu Toru, eds. 2017. Evolution of the Brain,
Cognition, and Emotion in Vertebrates. Tokyo: Springer, Japan.

Wells, Andrew. 2004. “Cognitive Science and the Turing Machine: An Ecological Perspective.” In
Alan Turing: Life and Legacy of a Great Thinker, edited by Christof Teuscher. Springer Berlin
Heidelberg.

Witzany, Guenther. 2000. Life: The Communicative Structure. A New Philosophy of Biology.
Norderstedt: Libri Books on Demand.

Witzany, Guenther, and FrantiSek Baluska. 2012a. “Life’s Code Script Does Not Code Itself.” EMBO
Reports. https://doi.org/10.1038/embor.2012.166.

.2012b. “Turing: A Formal Clash of Codes.” Nature 483: 541.

20



