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Abstract

The scientific process plays out in a multi-scale system comprising subsystems, each with their 
own properties and dynamics. For the practice of science to generate useful world models—and 
lead to the development of enabling technologies—practicing scientists, their theories, methods, 
dissemination,  and  infrastructure  (e.g.,  funding  and  laboratories)  must  all  fit  together  in  an 
orchestrated manner. Scientific practice has broad societal implications that go beyond mere 
scientific  progress:  we  base  our  decisions  on  theoretical  (i.e.,  models  and  forecasts)  and 
technological (e.g., vaccines and smartphones) scientific advances. This paper applies the free 
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energy principle to provide a multi-scale description of science understood as evidence-seeking 
processes in a nested hierarchy of living (biological and behavioural) and epistemic (linguistic) 
structures. This allows us to naturalise the scientific process—as distributed self-evidencing—in 
terms of dynamics that can be read as inference or Bayesian belief updating; i.e., processes 
that maximize the evidence for a generative model of the sensed and measured world. The 
ensuing  meta-theoretical  approach  dispels  the  notion  of  science  as  truth-pointing  and 
foregrounds inference to the best explanation—as evinced by the beliefs of scientists and their 
encultured niche. Crucially, it furnishes a way of simulating the practice of science, which may 
have  a  foundational  role  in  the  next  generation  of  augmented  intelligence  systems. 
Epistemologically, it also addresses some key questions; e.g., is science a special? And in what 
ways  is  scientific  pursuit  an  existential  imperative  for  all  beings?  These questions  may be 
foundational in how we use and design intelligent systems.

1. Introduction  
This  paper  argues  for  a  distributed  view  of  science  understood  as  the  activity  whereby 
knowledge is produced by human agents whose coordinated action forms an ecosystem of 
intelligence, read as Bayesian belief updating. The view on offer integrates what we call the 
“modern” conception of science as well as the “non modern” conception to provide an account 
of science both grounded on traditional theories of knowledge and on anthropological theories 
of knowledge.  

1.1 The moderns
The origins of "modern science" can be traced back to the 17th century when Francis Bacon 
was looking for a distinction between the objective knowledge achieved via the scientific method 
and the subjective knowledge derived from the metaphysics of  mediaeval  philosophers.  He 
highlighted  the  role  of  induction  in  enabling  humans  to  eliminate  subjective  priors  when 
constructing empirical knowledge. To achieve this, both Bacon [1] and later John Stuart Mill [2] 
argued that scientists must examine the world impartially, meaning they must neutrally (with no 
prior hypothesis or theory in mind) observe regularities of the world, until a universal statement 
can be induced. Induction alone, however, could not ensure objectivity. At best, it concealed 
science’s human factor under a veil of idealised neutrality. The modern view of science—that 
emerged during the 17th century—thus fostered an idealised version of the works of scientists 
as an unbiased activity to generate objective theories that enable us to get a grip on reality.

Induction  alone  fails  to  recognize  the  influence  of  biases  and  previous  hypotheses  in  the 
observation process,  as  lately  argued by  [3] and  [4].  Additionally,  it  does not  allow for  the 
attainment of universal truths, as it  is based on the assumption that if  something is true in  
several observed instances (the sun has always risen), it will be true in all instances (the sun will 
always rise)  (see Hume's concept  of  inductive fallacy  [5]).  Finally,  it  does not  preclude the 
development of rival scientific theories based on identical evidence, as the evidence available to 
scientists is always consistent with multiple theoretical frameworks  [6]. This characterises the 
science of the “moderns”  [7], which has inherited a fallacious dichotomy between nature and 
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society, leading to a misunderstanding of the ways in which scientific knowledge is shaped by 
human and non-human (e.g., material and technological) agencies. 
 
1.2 The non-moderns
The "nature-culture divide" is the idea that there is a clear distinction between the natural world 
and human society. According to Latour, the traditional separation between nature and society 
has led to an oversimplification of both domains, with nature being seen as a static, passive 
entity and society as the active force shaping it. An alternative approach to defining science is to 
view it as a collaboration between human and non-human agencies [8]. In this view, the world is 
knowable  to  the  extent  that  we  have  tools,  methods,  and  theories  that  scaffold  scientific 
knowledge by imposing top-down constraints on scientific activity [9]. This historical perspective, 
referred to as "non-modern science" (following [7]) for the purposes of this article, can be traced 
back to the philosophical productions of William Whewell and William Stanley Jevons, with their 
introduction of the hypothetico-deductive method of science ([10];[11]) and to Charles Sanders 
Peirce, the first to propose abductive inference, combining aspects of deduction and induction 
[12]. Abduction involves a two-stage process in which one generates sets of hypotheses and 
then infers, based on data and specific constraints (e.g., simplicity, coherence), which proposed 
hypothesis is most likely. In Peirce's account, abduction introduces new hypotheses into the 
scientific  process,  deduction  determines  the  logical  implications  derivable  from  these 
hypotheses, and induction subjects these implications to testing by evidence in order to achieve 
a  scientific  generalisation.  Lorenzo  Magnani  extended  Peirce’s  concept  of  abduction  by 
proposing the notion of “manipulative abduction”  [13]; referring to a form of reasoning where 
hypotheses are generated and tested through interactions with the physical world, often through 
the manipulation of physical objects or systems. This concept challenges the modern view of 
scientific reasoning as a purely mental or symbolic process, and emphasises the role of material 
practices and embodied cognition in scientific discovery.
 
1.3 This paper
The non-modern picture of scientific knowledge is rich and appears to capture most of the key 
reasoning steps involved in the production of  scientific  knowledge. Abduction allows for the 
logical deduction of implications from a predetermined subset of hypotheses that have been 
carefully selected out of a process of hypothesis formation that involves an interaction between 
a  variety  of  agents,  humans and material  alike.  In  Bayesian  epistemology,  this  process  is 
sometimes referred to as the context of discovery and the context of justification [14]. Salmon 
[14] proposes to read the context of discovery as that which sets prior probabilities based on 
social  and  psychological  facts  for  the  context  of  justification;  wherein  scientists  employ 
conditionalization and other methods of Bayesian model comparison to test their hypothesis. 
For Salmon, under the Bayesian interpretation, prior expectations (probabilities) are picked up 
by scientists from their interaction with the world (experiments), which inevitably affects not only 
how they evaluate different hypotheses in light of new evidence (justification) but also the active, 
creative process of hypothesis formation through abduction. The context of discovery, or the 
history of science, as Salmon would put it, is central to scientific thinking. A key aspect of the 
Bayesian interpretation of the relationship between evidence and hypotheses is the notion that 
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prior  experiences,  which  inform  prior  beliefs,  influence  how  an  epistemic  agent  views  an 
observation in relation to hypotheses. 
 
The  Bayesian  interpretation  reconciles  the  modern  and  non-modern  views  of  science  by 
accounting for the way the socio-material and historical context feeds into scientific practice 
understood as a  manipulative abductive process to  shape knowledge production.  Bayesian 
accounts provide a good formal story of how social and psychological factors come to shape the 
production of scientific knowledge, or context of justification. But how do scientists themselves 
shape their socio-material and historical context? How do institutions change through scientific 
activity? What are the top-down and bottom-up relations between the way scientists initialise 
and learn their priors and how their work comes to shape the institutions from which subsequent 
generations of scientists acquire their priors? We believe that to get the full Bayesian picture of 
how science is progressed by individuals and how it is shaped by scientific communities—which 
themselves  are  shaped  by  the  collective  operations  of  their  constituents—the  Bayesian 
approach  to  scientific  knowledge  needs  to  detail  the  belief-based  (cognitive)  mechanisms 
whereby the context of discovery and the context of justification interact.
 
In line with Bayesian approaches to animal cognition [15–17], the theory of active inference—
which is  a Bayesian theory of  cognition—proposes a formal  definition of  intelligence as an 
activity  of  generating  evidence for  beliefs  about  the  structure  of  the  world  [18].  Under  this 
definition, intelligence is a process that integrates the sampling of evidence (e.g., action when 
applied to animal systems), the inference over hidden states causing evidence (e.g., perception 
when applied to animal systems), and the update of priors and likelihood (e.g., learning when 
applied to an animal system). These Bayesian belief updating processes take place at “nested” 
spatial and temporal scales along the hierarchy of self-organising systems (i.e., from individual 
cells to human communities). As systems scale up (e.g., as individuals form communities), the 
range  of  intelligent  behaviour  (i.e.,  the  “cognitive  light  cones”  [19])  also  increases,  which 
increases cognitive sophistication. 
 
Distributed  science,  under  active  inference,  describes  networks  of  intelligent  agents  whose 
“cognition” across scales can be described in terms of approximate Bayesian inference. The 
term cognition here refers to the three basic processes described by active inference: action, 
perception, and learning. Scientific cognition, in terms, refers to how cognition is leveraged to 
produce scientific knowledge. We focus on two general scales of scientific cognition: (i)  the 
individual  scale,  at  which  scientific  cognition  operates  through  individual-level  cognitive 
functions  (e.g.,  how  executive  functions  allow  an  agent  to  seek,  acquire  and  produce 
knowledge) (discussed in section 2) and (ii) the collective scale, at which scientific cognition 
operates  through  institutional  processes  of  scientific  communities  (e.g.,  how  extended  and 
embodied cognitive operation of scientists come to generate communities that embody scientific 
knowledge) (discussed in section 3).
 
The two scales of scientific cognition can be viewed as integrated hierarchically—the collective 
level supplying top-down control (i.e., empirical priors or inductive biases) on the individual level, 
and the individual level providing bottom-up drivers of collective scientific cognition. The hope is 
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that our account of science could provide a quantitative, mechanistic framework for studying 
collective intelligence, and for understanding how individual cognitive processes can give rise to 
science in complex socio-technical systems.

2. Individual scientific cognition
The  pursuit  of  comprehending,  and  possibly  improving  cognition  and  intelligence  through 
computational simulations can be traced back to Aristotle, whose syllogism demonstrates his 
intuition  of  intelligence  as  a  form  of  symbol  manipulation  and  computation.  Following  this 
research path, in many instances, scientific progress has been signed by the development of 
tools for  computational  simulations as they provide a conceptual  framework to facilitate the 
exploration of processes and a methodology for conducting experiments with process-based 
theories [20]. As a fruitful example, cognitive neuroscience has seen tremendous advances in 
the last  decades thanks to the explorative deployment of  minimally complex and maximally 
accurate  computational  models  of  cognitive  processes  ([21]).  In  this  section,  we  present 
Thagard’s attempt to (reflexively) apply the same methodology to understand a particular type of 
cognition: scientific cognition, opening the path to the Cognitive Science of Science field. In 2.1, 
we  highlight  the  limitations  of  his  models  as  a  starting  point  for  our  proposal:  equipping 
Bayesian epistemology (section 2.2) with some active inference moves (section 2.3) to more 
optimally model the human ability to generate scientific knowledge under specific top-down, 
socio-cultural constraints (section 3).

2.1. Computational Models of Scientific Cognition

In  his  paper  "Scientific  Cognition:  Hot  or  Cold?"  ([22]),  Paul  Thagard  explores  individual 
scientific cognition within the framework of computational philosophy of science, integrating the 
perspectives of history and philosophy of science, artificial intelligence, and cognitive sciences 
([23]). By recognising the potential of cognitive science methodologies for testing meta-scientific 
hypotheses  related  to  scientific  cognition,  Thagard  adopts  the  connectionist  framework  to 
simulate  scientific  "cold"  rational  reasoning  and  to  test  his  meta-scientific  hypothesis  of 
"explanatory coherence" [24]. Thagard's model, ECHO (Explanatory Coherence), simulates the 
establishment of various scientific theories (e.g., oxygen combustion theory and phlogiston, the 
Darwinian theory of natural selection and creationism) by incorporating seven principles that 
establish  local  coherence  relations  among  hypotheses  and  other  propositions,  including: 
coherence  through  explanation,  being  explained,  participating  in  explanations  of  other 
propositions, and offering analogous explanations. The model treats hypothesis evaluation as a 
constraint satisfaction problem, implementing the principles through a connectionist program. It 
creates  a  network  of  units  representing  propositions  based  on  inputs  about  explanatory 
relations, while coherence and incoherence are encoded using excitatory and inhibitory links 
(see figure 1). ECHO offers an algorithm that integrates theory evaluation based on explanatory 
breadth,  simplicity,  and analogy, representing hypothesis plausibility  through node activation 
levels. 
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Figure 1. The ECHO model network representing Lavoisier’s argument (1862). E1-E8 are evidence units. 
OH1-OH6 are units representing hypotheses of the oxygen theory; PH1-PH6 represent the phlogiston 

hypotheses. Solid lines are excitatory links; dotted lines are inhibitory. From [25].

ECHO has also been applied by Ranney [26] in the educational field, comparing students' belief 
updating based on evidence in physics with ECHO's performance, resulting in similar outcomes 
and rendering ECHO a reasonable model of individual, evidence-based reasoning. However, it 
is  important  to  acknowledge that  the  ECHO connectionist  model  does  not  account  for  the 
psychological aspects of scientific practice. To address this limitation, Thagard and colleagues 
designed  HOTCO  and  Motiv-PI  ([27]),  winch  incorporate  what  Thagard  defined  the  "hot" 
aspects of  scientific  cognition (i.e.,  the emotional  and psychological  variables that  influence 
scientific  practice alongside rationality)  encompassing what  has been defined as "motivated 
inference":

In Motiv-PI, the system biases inference to favour generalizations that are positively relevant 
to a representation of the self. For example, the generalization "Extraverts are successful" is 
relevant to you if one of your motivations is to be successful [22].

Thagard's  distinction  between  "cold"  and  "hot"  scientific  cognition  resonates  with  our 
differentiation between modern and non-modern views of science. Thagard keeps these two 
aspects separate to compare their performance with historical data of scientific evolution [22]. 
He  concludes  that  historical  evidence  suggests  a  rational  model  (ECHO)  as  the  most 
appropriate, indicating a predominance of "cold" cognition in scientific thinking. 

Notably, the author claims that this predominance is partly due to social factors since even 
scientists driven by personal motivations of success and fame must present research to the 
scientific community in terms of experimental and theoretical merits  [22]. By stating this, the 
author seems to suggest that to fully understand the functioning of science and the dynamics of 
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scientific cognition, it is necessary to consider the dual interaction between the individual and 
the collective level. In this paper, we take that provocation seriously.

Therefore, aligned with the non-modern view, we claim that Thagard's models have two main 
limitations: (i) they fail to capture scientific cognition as a distributed cognitive process involving 
a complex network of human and non-human actors, and, while they contemplate the influence 
of  individual  preferences,  (ii)  they ignore the history  of  science or  the context  of  discovery 
(defined by the collective dynamics of scientific communities). To overcome these limitations, 
we suggest employing active inference as a means to model distributed scientific cognition at 
multiple scales. The claim here is that active inference enables us to make significant progress 
in the ambitious goal set forth by Thagard and his colleagues; namely, to find the artificial neural 
correlates  (a  computational  representation)  of  scientific  cognition.  This  research  has  the 
potential to enhance our understanding of both human scientific cognition and the capabilities of 
artificial  intelligence systems.  In  our  introduction to the active inference framework,  we first 
explore  Bayesian  epistemology  as  a  comprehensive  interpretative  lens  for  understanding 
scientific cognition. This approach allows us to reconcile both the modern ("cold") and non-
modern ("hot") perspectives on science, providing a unified framework for analysis amenable to 
be equipped with active inference.

2.2.  Bayesian Epistemology 

Bayesian epistemology provides a formal probabilistic framework that enables the reconciliation 
of  prior  beliefs  with  new  data,  allowing  for  the  evaluation  of  evidence.  This  approach  is 
particularly valuable in scientific hypothesis testing, as it incorporates the prior probability of a 
hypothesis being true, a factor that has traditionally been viewed as possessing a non-rational 
element. This prior probability essentially represents a "best guess" or an initial assumption, 
which  has  prompted  philosophers  of  science  to  exercise  caution  when  applying  Bayesian 
methods to scientific practice. A prominent scholar in the field, Wesley Salmon, addressed this 
concern by proposing that the historical development of science itself provides valuable insights 
into the rationality of Bayesian reasoning within scientific contexts. According to Salmon, the 
accumulation of empirical evidence over time, coupled with the systematic testing and revision 
of hypotheses, serves to refine and update the prior probabilities  [14]. The history of science 
becomes an essential element of scientific functioning as it describes how prior probabilities, 
based on social and psychological factors, directly influence not only the context of discovery 
(i.e.,  finding new scientific  hypotheses)  but  also the context  of  justification where scientists 
employ  methods  such  as  conditionalization  and  Bayesian  model  comparison to  test  their 
hypotheses.  We  now  briefly  rehearse  a  simple  example  to  show  how  history  sets  prior 
probabilities influencing individual scientific cognition. 

The heliocentric model of the solar system, which places the Sun at the centre of the motion of 
our local planetary system rather than the Earth, initially faced significant opposition due to the 
prevailing cultural and religious beliefs of the time. Let's consider two hypotheses: H1 is the 
Earth-centred model, and H2 is the Sun-centred model. The evidence, E, is the observational 
data, such as the apparent retrograde motion of planets. Before the evidence is considered, due 
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to strong cultural and religious beliefs in an Earth-centred universe, the prior probabilities might 
look like this:

- P(H1) = High 
- P(H2) = Low 

When the  evidence  (E)  comes  in,  we  consider  the  likelihood  of  that  evidence  given  each 
hypothesis. That is, how likely would we see this evidence if the hypothesis were true?

- P(E |  H1)  = Low (as the Earth-centred model  struggled to account  for  observations 
without complex additions like epicycles)

- P(E |  H2) = High (as the Sun-centred model  accurately predicted the motion of  the 
planets)

We then update the probabilities based on this new evidence using Bayes' theorem. For the 
Sun-centred model, it would look like this:

P(H2 | E) = P(E | H2) * P(H2) / P(E)

Despite the initial low prior for H2, the strong evidence in favour of it (high P(E | H2)) would 
result in an updated probability (posterior) that is higher than the initial one. As more evidence 
accumulates, our beliefs update, sometimes overcoming even strong initial biases. However, it's 
important to note that  if  the prior belief  in H1 is extremely strong, it  may take a significant  
amount of evidence and attention to meaningfully shift the belief towards H2. In a real-world 
context, this can reflect factors like societal resistance to paradigm shifts in understanding.

Responding to the first limitation of Thagard’s computational model; in the Bayesian framework, 
the  material  and  technological  context  play  a  role  in  providing  new  evidence,  refining  old 
evidence,  and sometimes even creating entirely  new areas of  inquiry.  In  fact,  technologies 
through which we gather evidence primarily impact the likelihoods – that is, the probability of the 
evidence given the hypothesis,  P(E |  H).  Let's  continue with the heliocentric  vs.  geocentric 
model example. Before the invention of the telescope, the evidence available was limited and 
sometimes even misleading. For instance, the naked-eye observation that the Sun and stars 
have periodic visibility in Earth’s sky was (and is) consistent with a geocentric model. With the 
invention of the telescope, humans could gather more accurate and detailed observations. This 
new tool provided evidence such as the phases of Venus and the moons of Jupiter, which were 
highly inconsistent with the geocentric model but well-explained by the heliocentric model. In 
Bayesian terms, this would drastically decrease P(E |  H1) and increase P(E |  H2),  thereby 
shifting the posterior probabilities in favour of the heliocentric model. 

The Bayesian approach enables us to bridge the gap between modern and non-modern views 
of science by incorporating the influence of technologies and prior probabilities from the external 
environment.  This  resolution  of  apparent  contradictions  highlights  the  reciprocal  influences 
between these perspectives. Theoretical models play a crucial role in guiding the constructive 
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activities of scientists, as they strive to make sense of the world. Conversely, the outcomes of 
these activities, such as engineering or experimentation, influence the theoretical models of 
other scientists by shaping the prior probabilities and likelihoods of hypotheses in light of new 
evidence. To further facilitate this merging process between modern and non-modern views of 
science and embrace the multi-scale and dynamic nature of scientific cognition, we propose 
integrating  a  standard  Bayesian  interpretation  of  scientific  knowledge  construction  with  the 
cognitive-based,  scale-free  approach provided by  the  Free Energy  Principle  (FEP)  and the 
active inference framework. 

2.3.   Individual Scientific Cognition as Active Inference

The Free Energy Principle (FEP) is built on the elementary assumption that living systems are 
characterised by resisting entropic decay: that is, they do not dissipate as do many transient 
phenomena (e.g., tornadoes). Living systems persist and thrive by frequenting a limited set of 
states with low entropy compared to all possible states [28]: e.g. a living system programmed to 
live in water, will avoid the surprising (given its original program) eventuality of finding itself on 
land. From a statistical point of view, this means that living systems manifest self-organising, 
non-equilibrium steady-state dynamics that  we can associate with the phenotype of  a living 
system [29]. The FEP claims that systems can be read as leveraging an internal probabilistic 
generative model. Generative models furnish a probabilistic mapping between external states of 
the  world  and  internal  states  of  the  system  [30].  Under  the  FEP,  generative  models  are 
statistical models entail by particular systems for the production of adaptive behaviours via the 
selection of specific policies. The FEP tells us that external states are conditionally independent 
of internal states and that this conditional independence rests on the maintenance of a Markov 
Blanket between the internal and external states of the system. Markov Blankets, therefore, 
allow one to define a particular system of interest (e.g., particle or person) and to characterise 
its  exchange with the environment  via  active and sensory states (constituents of  a  Markov 
Blanket); where active states influence, but are not influenced by external states and sensory 
states influence but are not influenced by internal states [28]; [31]; [32]. This characterization of 
self  organisation  leads  to  an  elementary  description  of  living  systems  and  information-
processing entities with biological processes as implemented computations [33]. 

In the FEP-theoretic approach, the adaptive behaviour of systems is implemented as active 
inference. In active inference, the particle or agent selects the course of actions that it believes 
will evince its characteristic (i.e., preferred) sensory states. The generative model can be cast 
as encoding probabilistic mapping from causes in the external environment (i.e., external states) 
to the sensory states that they generate. The generative model can therefore be decomposed 
into a likelihood (the probability of sensory consequences, given external causes) and a prior 
(the probability of external causes). Equivalently, the generative model can be decomposed into 
a posterior (the probability of external causes, given sensory consequences) and the marginal 
likelihood of  those sensory consequences. This marginal  likelihood is also known as model 
evidence,  where  the  negative  logarithm  of  model  evidence  constitutes  self  information  (in 
information theory) or, more simply, surprise (a.k.a., surprisal). In other words, surprise scores 
the  implausibility  of  a  particular  sensory  outcome  given  the  agent  or  generative  model  in 
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question. Inference, in this setting, corresponds to maximising marginal likelihood or minimising 
surprise.  Crucially,  the  expected  surprise  or  self  information  is  the  entropy  of  sensory 
consequences that is implicitly minimised when minimising surprise. This brings us back to the 
proclivity of particular (usually biotic) systems to resist increases in entropy. In short, to persist 
in characteristic states is to infer the causes of sensory consequences. In the FEP, surprise is 
associated with an upper bound called variational free energy. This is a useful quantity because 
it is a functional of an agent’s sensory data and some (Bayesian) beliefs about the causes of 
those data encoded by the systems internal states. As an upper bound, variational free energy 
is always greater than surprisal, which means that minimising variational free energy implicitly 
minimises surprise; to the extent the bound is a good approximation. This leads to the notion of 
approximate  Bayesian  inference  that  provides  a  tractable  (Bayesian)  mechanics  for  belief 
updating.

Active  inference—premised  on  a  generative  model—entails  the  selection  of  actions  that 
generate expected sensory data, which counts as evidence for the existence of the system; 
namely, self-evidencing [34]. The minimisation of surprisal or free energy operates over different 
timescales, which correspond to the unobserved (external) causes of sensory states that are 
hidden behind an agent’s Markov blanket: 

1. State  estimation:  beliefs  about  the  latent  or  hidden  states  that  generate  sensory 
outcomes are optimised via perceptual inference;

2. Parameter  learning:  model  parameters,  which  encode  contingencies  and  statistical 
regularities, are optimised via learning; 

3. Structure learning:  the structure of  the generative model  itself  can be optimised via 
model selection [35]. 

The three types of hidden causes are optimised at distinct temporal scales and each scale both 
inherits  from—and  contextualises—the  scale  below.  Generally  speaking,  Bayesian  belief 
updates are closely related: Bayesian model selection (structure learning) determines which 
parameters are relevant to the task at hand; in online learning, the specific value of these model 
parameters is learned iteratively (parameter learning); which, in turn, optimises state estimation 
via perceptual inference [35]. Under the FEP, beliefs about each of these kinds of unknowns are 
optimised  (i.e.,  the  posterior  distributions  are  estimated)  through  a  process  ascribable  to 
approximate Bayesian inference which, under active inference, implies a dual methodology: 

1. Perception and learning: updating model parameters via maximising model evidence (i.e., 
minimising variational free energy). In other words, generating knowledge from evidence.

2. Active sampling and selection: sampling sensory data to minimise surprise and expected 
surprise (i.e., uncertainty). In other words, generating evidence from knowledge.
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Figure 2.  The dynamic underpinning systems’ self-organization via active inference over a probabilistic 
generative model of the external world: the generative model underwrites the production evidence for its 
own plausibility,  via action and selective sampling; the resulting observations are used to update the 
parameters and the structure of the generative model via perception (state estimation) and (parameter or 
structure) learning. 

Technically,  beliefs about hidden causes are updated by minimising variational free energy. 
Similarly, beliefs about action are updated by minimising expected free energy; namely, the free 
energy expected under beliefs about the (observable) consequences of action. Interestingly, 
minimising expected free energy can be expressed as complying with the principles of optimum 
experimental design and Bayesian decision theory. This follows because expected free energy 
is the expected information gain plus expected value, where value is the expected marginal 
likelihood.

We  characterise  individual  scientific  cognition  as  the  implementation  of  such  a  dual 
methodology  for  approximate  Bayesian  inference.  In  particular,  we  identify  the  context  of 
discovery,  or  history  of  science,  in  which  hypotheses’  prior  probabilities  forming  scientists’ 
generative models of reality are picked up in their interaction with the external world, with the 
process of generating knowledge from evidence (perception and learning); and the context of 
justification, wherein such hypotheses are tested, with the process of generating evidence from 
knowledge (action and selective sampling). Inevitably, the context of discovery, or history of 
science, affects the justification process (i.e., how individual scientists evaluate hypotheses in 
light of new evidence) needed for the update of new knowledge in the generative model which, 
in turn, affects the context of discovery of new scientific hypotheses (abduction). Figure 3 shows 
the result of translating the same dual methodology for individual scientific cognition.

Figure 3. Individual scientific cognition as a dialectic process:
 
1) Model update via evidence (left arrow): when new data or evidence is collected, we update our models 
or hypotheses to better fit that evidence. This is the essence of Bayes' theorem: given new evidence, how 
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should we adjust our beliefs (probabilities) about our hypotheses? This process of model update is a 
central tenet of the scientific method, where theories must adapt in the face of new empirical findings. 

2) Evidence creation by following the model (right arrow): on the other hand, our models or hypotheses 
also guide the collection of new data. The model suggests what evidence would be relevant and what 
kind of observations should be made to test the model. In this way, our current beliefs (models) shape the 
direction of scientific inquiry. Technological advancements often play a key role in this process, as they 
expand our capabilities to gather new types of data.

Importantly, the modern view of science encapsulates scientists' endeavour to construct models 
mirroring or aligning with a designated system [36], such as the heliocentric model of the solar 
system. This view concentrates on the context of justification and—akin to Thagard's "cold" 
cognitive  models—confines  scientific  cognition  description  to  the  creation  and  updating  of 
models  through  perception  and  learning  (left  arrow),  without  addressing  its  dynamic  and 
distributed  constituents.  The  subjoined  illustration  delves  into  the  interplay  between  the 
observation-generating process (the generative process) and the theoretical model embodied 
by the scientist  to  (passively)  infer  the underlying causes of  these observations,  effectively 
recapitulating the generative process's causal structure (the generative model). This graphical 
depiction encapsulates the unidirectional process of constructing scientific models, as proposed 
by the modern view of science. Within the framework of active inference, this corresponds to the 
initial phase of the dual methodology that systems employ to optimize various aspects of the 
generative model: the extraction of knowledge from evidence through perception and learning.

Figure 4.  Modern science.  Graphical  representation of  the generative  model/external  state  (GM/ES) 
interaction during state inference and parameter fine tuning (i.e., perception and learning). The upper part 
of the image represents the generative model embodied by the scientist in its interaction with the world. D 
is  the  prior  probability  distribution  weighting  a  set  of  mutually  exclusive  and  exhaustive  hypotheses 
forming a model, whose probabilities sum to 1. The probabilities forming this distribution are calculated 
from prior observations. Si is the most probable scientific theory or hypothesis: the most probable state 
out of the true posterior. A is the posterior probability: the probability of observing o1 given Si (P(o 1|Si). 
This calculation is made for all Si forming the model and the probabilities are normalised by dividing each 
by the marginal likelihood over the full model to form the likelihood ratio. The updated posterior probability 
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is  then  Pi x  Ai.  (o1)  is  the  scientific  observation  generated  by  the  dynamics  of  the  external  states, 
described in the lower part. The ES is composed of a hidden state (S1 bar) which causes the observation 
detected by the system via sensory states (o1). It is the “true”, “ideal” posterior distribution, the true state 
of affairs of the world that generated the scientific observables (p(s)). Ā is a parameter that maps states in 
the external world (ES) with observations. 

However, as demonstrated earlier, within the active inference framework, the process of model 
updating (perception and learning) constitutes just half of the narrative. Active inference agents 
not only update their internal generative models but also actively orchestrate the production of 
evidence to substantiate these models (self-evidencing through action and selective sampling). 
For  an  individual  [scientist]  engaged  in  active  inference,  this  translates  to  the  deliberate 
selection  of  experimental  configurations  capable  of  supplying  evidence  that  effectively 
diminishes uncertainty about competing hypotheses entertained under their generative model. 
Consequently,  the non-modern perspective of science acknowledges scientists'  manipulative 
endeavours as an integral facet of scientific cognition; designated in Bayesian epistemology as 
the context of justification. 

In the realm of active inference, this involves constructing an expressive generative model with 
temporal  depth,  wherein  forthcoming  states  of  the  world  are  inferred  as  hidden  states, 
commencing  from present  and  past  observations.  This  is  an  important  move  because  the 
generative model now encompasses the future. And the future depends upon action. In this 
setting,  action  now  becomes  a  cause  of  observable  consequences  and,  perhaps 
counterintuitively, has to be inferred. In turn, this leads to the notion of planning as inference in a 
general setting or, the issue of experimental design (and data selection) in a scientific setting.

Parr and Friston [31] introduced the notion of generalized free energy in which the expected free 
energy—that underwrites future action or experimentation—is combined with the variational free 
energy  to  furnish  a  single  objective  function  that  ensures  the  minimisation  of  surprise  and 
expected  surprise.  As  noted  above,  expected  surprise  has  two  aspects.  The  first  reads 
expected surprise as uncertainty leading to actions that maximise information gain. This aspect 
is often couched in terms of information seeking and epistemic affordance. The second entails 
avoiding surprising outcomes with a small marginal likelihood. This aspect is often couched in 
terms of goal seeking and instrumental affordance. In terms of experimental design, this simply 
means that to be Bayes optimal—in the sense of active inference—is to solicit experimental 
data  or  observations that  resolves the most  uncertainty  about  (i.e.,  disambiguate)  scientific 
hypotheses, while avoiding outcomes that would be uncharacteristic of the scientist in question 
(e.g.,  blowing herself  up)  or  characteristically  unscientific  (e.g.,  unethical).  See Box 1 for  a 
formal summary of variational and expected free energy minimisation.
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Box 1: active inference

In Figure 5, we combine the modern and non-modern viewpoints of science into a cohesive 
probabilistic  generative  model  illustrating  the  decision-making  process  of  a  scientist.  Only 
through  the  interplay  of  both  realms  (discovery  and  justification)  can  the  agent  effectively 
execute  "good  science,"  thereby  exhibiting  adaptive  behaviour  and  engendering  adaptive 
outcomes (e.g., scientific theories and technologies).

Recent  trends  in  theoretical  neurobiology,  machine  learning and artificial  intelligence  converge  on a 
single imperative that explains both sense-making and decision-making in self-organising systems, from 
cells  [37] to cultures  [38]. This imperative is to maximise the evidence (a.k.a., marginal likelihood) for 
generative (a.k.a., world) models of how observations are caused. This imperative can be expressed as 
minimising an evidence bound called variational free energy [39] that comprises complexity and accuracy 
[40]:

Free energy = model complexity – model accuracy

Accuracy corresponds to goodness of fit, while complexity scores the divergence between prior beliefs 
(before seeing outcomes) and posterior beliefs (afterwards). In short, complexity scores the information 
gain or cost of changing one's mind. This means Bayesian belief updating is about finding an accurate  
explanation that is minimally complex (c.f., Occam’s principle). In an enactive setting—apt for explaining 
decision-making—beliefs about ‘which plan to commit to’ are based on the free energy expected under a 
plausible plan. This implicit planning as inference can be expressed as minimising expected free energy  
[41]:

Expected free energy = risk (expected complexity) – precision (expected accuracy)

Risk is the divergence between probabilistic predictions about outcomes, given a plan, relative to prior  
preferences. Precision is the expected accuracy (e.g., avoiding ambiguity such as noisy or dark rooms).  
An alternative decomposition is especially interesting from the perspective of the scientific process:

Expected free energy = expected cost – expected information gain

The expected information gain underwrites the principles of optimal Bayesian design [42], while expected 
cost  underwrites  Bayesian  decision  theory  [43].  However,  there  is  a  twist  that  distinguishes  active 
inference from expected utility theory. In active inference, there is no single, privileged outcome that  
furnishes a cost function. Rather, costs are replaced by uncharacteristic or surprising outcomes, quantified  
by their (log) marginal likelihood. In short, active inference appeals to two kinds of Bayes optimality and 
subsumes information and preference-seeking behaviour under a  single objective function that  scores 
epistemic and pragmatic affordances, respectively.
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Figure 5. A simple generative model entailed by an active inference scientist, in which modern and non-
modern views are integrated. The non-modern view (green) equips the modern view with temporal depth; 
enabling the scientist to plan her experiments prior to execution. Here G is the expected free energy 
functional and updates the posterior probability of various plans or policies π, which is used to select 
actions that  solicit  new data.  π implies  the selection of  the right  experiment,  behaviour  or  available 
technology to produce evidence that maximises knowledge gain or disambiguates competing hypotheses 
(purple arrow). It is a quantity that we want to infer (e.g., which experiment should I run? Where should I 
look next?). Beliefs on how the world will change in response to actions are modelled via the transition 
matrix B (what will I observe, if I do that? What will I see if I look over there?).

By adding the future to the generative model, we implement planning as inference. This involves 
the  evaluation  of  the  expected  free  energy  of  alternative  plans  that  include  the  expected 
information  gain  (e.g.  how  my  scientific  beliefs  will  change  when  faced  with  a  scientific 
observation generated by my experiment?). Future states are defined in terms of probabilistic 
“beliefs” about the evolution of states based on the policy in question. Therefore, choosing a 
policy means choosing a state transition matrix that brings about states that resolve uncertainty. 
Where do policies come from and how do they influence scientific decisions? By answering 
these  questions,  in  the  next  section,  we provide  evidence  for  the  hypothesis  proposed by 
Thagard: 

Because of an institutional commitment of science to experimental evidence and explanatory 
argument, science as a whole is able to transcend the personal goals of its fully human 
practitioners who acquire the motivation to do good experiments and defend them by rational 
argument. [22]

In other words, how does the institution of science contextualise scientists’ “hot” cognitive 
tendencies and guarantee the prevalence of “cold” cognition in the evolution of science? 
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3. Collective scientific cognition
We  have  seen  above  that  the  non-modern  view  of  science—fuelled  by  the  postmodern 
movement  and  pursued  by  authors  such  as  [8] and  [9]—recognizes  science  as  a  cultural 
phenomenon and as such, accepts it as a self-motivated, autodidactic endeavour. However, as 
intuited by Thagard, the socio-cultural aspect of science is also what “guarantees” the rationality 
of its cognitive components. In this section, we describe science as a social practice aimed at 
actively structuring the external world to make it measurable and knowable. Importantly, the 
activity of scientists is aimed at bringing about observations that match their expectations where 
expectations,  in  turn,  are picked up from the external  cultural  niche over  development  and 
learning. In simpler words: education through our scaffolded socio-cultural niches constrains the 
possible behaviours of scientists and shapes what scientists expect the world to reveal [37] and 
in turn, scientists and engineers structure the external niche in ways that support the expected 
and preferred outcomes to come about.

3.1. Distributed Scientific Cognition and Niche Construction under 
the FEP

The distributed cognition paradigm has proven quite fruitful for comprehending various forms of 
sophisticated, human collective behaviours—from large ships' navigation [38] to the design of a 
new language  [39].  With  roots  in  Vygotsky’s  Mind in  Society [40],  the  distributed cognition 
paradigm suggests that human cognition goes beyond the boundaries of individuals to include 
the interaction with media in the external environment (e.g., other people and technologies). 
Such media are not passive tools for learning, as suggested by the constructivists, but instead 
are central and active components of cognition, as proposed by the non-modern approach to 
science [41] and, more generally, by proponents of extended mind and cognition [42,43]. 

In line with the distributed cognition paradigm, Latour suggested the concepts of "hybrid" and 
"network" as an alternative to the dichotomy between nature and society. He claims that our 
understanding of the world should be based on a mixture of human and non-human entities, 
which he calls "actants". These actants are part of networks or assemblages, through which 
they interact and shape each other.  Giere  [44] extends this analysis by noting that science 
represents an explicit case in which the boundaries of individual cognition are extended to a 
larger  sociocultural  system  that,  in  turn,  endows  its  individual  sub-components  with 
sophisticated computational capabilities, unimaginable for isolated agents. We have seen above 
that this renders the inferential cognitive process involved to be best understood as distributed 
between the scientist and the scientific niche constituted by other scientists, tools, affordances 
and deontic cues. In this section, we claim that the Bayesian Mechanics and the FEP are useful 
for formalising the distributed cognition approach to the practice of science, while still rendering 
justice to the modern and non-modern interpretations of science described above.

The FEP naturally offers scale-free heuristics to make sense (by simulating them) of complex, 
self-organising dynamics at different scales. The FEP has been applied to generate insight into 
structured,  collective  behaviours  (e.g.,[32];  [45];  [46];  [47])  as  forms  of  coordinated  and 
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distributed inference ([48]; [29]). Key to the scalability of FEP to collective behaviours is the idea 
that the areas of concern of agents—that is, the domain of their observations—can grow via 
higher-order pattern formation. The main process that has been posited to enable the extension 
of an area of concern is community formation [49]. In fact, experiments show that multicellular 
ensembles are able to extend their areas of concern by orders of magnitude in time and space,  
compared to isolated cells, by forming communities that share information (via various kinds of 
neural or bioelectric signalling;  [50]),  which lies outside the bounds of each agent’s Markov 
blanket—thereby forming a kind of higher-order Markov blanket [49]. Social groups can attune 
to regularities that their constituent members would not plausibly pick on over one lifetime ([51]; 
[45];  [52]). For example, elderly elephants have memory capacities that enable them to guide 
their herd to distant sources of water in times of severe drought. More relevant to our interests 
here, we describe the process of scientific investigation as a process of cumulative knowledge 
and technology construction, which can be seen as extending the area of concern of human 
agents to a nearly unlimited scope—extending the boundaries of the human area of concern to 
the boundary of the observable universe.

As described above, with science, the world becomes more knowable through tools, methods, 
models,  and  technologies  that  are  collectively  constructed  and  offloaded  into  the  external 
environment. We might resume this scaffolding process as Scientific Niche Construction (SNC) 
[53], in which, such a modified niche radically influences the way scientists expect the world to 
be and,  consequently,  drives  their  actions  in  the  world  which  are  aimed at  generating  the 
evidence  to  confirm  their  expectations  or  hypotheses  [54].  As  glimpsed  above,  these  two 
processes are deeply intertwined in the practice of science: models guide the collection of new 
evidence, and that new evidence in turn refines the models. This ongoing cycle of hypothesis 
generation, evidence collection, and hypothesis revision is a key driver of scientific progress. 
Crucially  for  our  argument,  FEP-theoretic  modelling  can  be  leveraged  to  explain  how  the 
components  of  a  distributed  and  composite  system—like  the  one  underwriting  scientific 
cognition—are able to coordinate and form robust new patterns—and indeed, new emergent 
systems —at  a  superordinate  scale  ([55],  [56];  [57],  [46].  Such  first-principles  agent-based 
modelling approaches have the potential to describe existing scientific informational resources 
and active entities [58]. 

3.2.  The Socio-Technical System of Science

FEP-theoretic models are (almost always1) formulated, explicitly or implicitly, in a multi-scale 
manner,  and  (usually)  rest  upon  the  formal  tools  that  underwrite  the  study  of  adiabatic 
processes and the renormalisation group. Most formulations of the FEP appeal to timescale 
separation in  order  to  define the states of  things at  all.  The idea is  rather  simple.  It  is  an 
empirical fact that nature manifests a nested, multiscale organisation: with small,  fast things 
(e.g.,  atoms  and  molecules)  coalescing  into  progressively  larger,  and  slower  things  (e.g., 
crystals, biofilms, and organisms)—and so on, recursively and iteratively. One critical thing to 

1 Note that so-called quantum formulations of the FEP (which are called quantum because they leverage 
the holographic principle and quantum information geometry—not because they apply to atomic  scales) 
eschew the specification of a spacetime background; and therefore, they are scale-free, or scale-friendly, 
but not inherently multi-scale. 



18

note about this nesting is that, as one ascends the nested scales of things, from the small and 
fast, to the large and slow, events in some sense “average out”, such that we can treat fast  
stable  dynamics  at  one scale  as  random fluctuations  at  the  next,  superordinate  scale.  For 
example, the lifecycle of one individual blood cell happens so quickly—relative to the lifecycle of 
the organism in which it lives—that the particularities of its lifecycle can be considered as a 
random fluctuation relative to that of the organism. Similarly, the life cycle of a single scientific 
hypothesis within a scientist’s brain might have little epistemic relevance when referring to the 
evolution of science as a whole. Thus, the very states that make up a system are, in the FEP-
theoretic context, defined implicitly in terms of the (spatial and temporal) scales at which it is 
meaningful to speak of a thing as a cohesive locus of states. In other words, things that exist 
physically, as separable things, can only really be said to exist to the extent that they change 
slowly enough—and with sufficiently stable and rich structure—to be reliably re-identified by an 
observer  using  the  right  reference  frame  (here  the  Free  Energy  Principle).  In  turn,  slowly 
changing states are effectively treated as parameters of the generative model: by varying at a 
slower timescale, they in effect parameterise or modulate the flow of states (see section 3.1. for 
a more detailed explanation).

In Bayesian mechanics,  the main mechanism that is proposed to enable the formation and 
maintenance  of  community  formation  (and  pattern  formation  at  superordinate  scales  more 
generically)  is  communication,  premised  on  a  shared  generative  model.  The  idea  is  that 
ensembles of agents that share the same—or similar enough—beliefs about the typical sensory 
consequences of an action will be able to figure out which role they play in a larger pattern. In  
particular, recent simulation work has suggested that the key to the emergence of stable higher-
order  patterns  and  structure  is  the  endowment  of  agents  with  specific  beliefs  about  group 
membership at the superordinate scale (e.g.,  [32];  [45];  [46];  [47] [29]). Importantly, to actually 
achieve such a higher-order formation, membership beliefs must be satisfied by evidence. 

We claim here that science is such a higher-level ensemble of Markov blanketed systems. We 
claim, in particular, that science can be described as an emergent, partially independent system 
whose behaviour both constrains and is constrained by the behaviour of its constituent parts. 
Indeed, one can view the process of scientific investigation as an evolutionary process, leading 
to the selection of specific forms of existence and to the definition of particular constraints, or 
policies, which underpin the correct production of scientific knowledge and technologies. In that 
way,  the  socio-technical  system  of  science  and  its  infrastructure  provide  context  (i.e., 
parametrise) to the inferences of the scientists that engage in scientific investigation, reinforcing 
the belief of being part of a higher system (See [46] regarding the spontaneous emergence of 
higher-level systems via the expectations of belonging). These “strange feedback loops”2 that 
ensue  from  the  circular  coupling  between  agent  and  niche  might,  e.g.,  take  the  form  of 
disruptive scientific technologies and theories that enhance individual cognitive adaptability and 
fitness. Every time someone uses some piece of technology or successfully enacts a policy or 
plan because of information that is embedded in the scientific context (either in other agents or 

2 See [59] notion of the strange loop as a self-referential, hierarchical structure in which the levels are 
intertwined in such a way that the highest level leads back to the lowest level, creating a closed loop with 
no clear beginning or end.
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in the environment), this serves as evidence for an implicit generative model that is entailed by 
higher-order information gathering. This is made possible because we share roughly the same 
set of cultural prior beliefs. 

What is important for the goal of this section, is that it is exactly this feedback loop from the 
higher to the lower level that permits us to refer to science as a higher-order socio-technical 
system. In the words of Kirchhof and colleagues: 

The  conservation  of  Markov  blankets  (of  Markov  blankets)  at  every  hierarchical  scale 
enables the dynamics of the states at one scale to enslave the (states of) Markov blankets at 
the  scale  below,  thereby  ensuring  that  the  organization  as  a  whole  is  involved  in  the 
minimization of variational free energy. It is thus only when the properties of the collective 
dynamics feed back into the scale below, forming a free energy-minimizing system at the 
scale  of  the  whole  system,  that  it  is  possible  to  talk  meaningfully  of  ensemble  Markov 
blankets—blankets  whose  self-evidencing  dynamics  result  in  an  overall  self-sustaining 
organization [32].

Crucially, the multi-scale self-evidencing dynamic is true both for the individual agent expecting 
to be part of a higher system and for the scientific system as a whole which, like any other  
inferential system, is aimed at producing adaptive, existing entities—one that emerges from the 
situated collective enactments of the denizens of a given niche. By producing evidence of its 
own existence, we can state that the scientific process might be interpreted and modelled as a 
partially independent, socio-technical system that implements self-evidencing dynamics. One 
that, arguably, has rediscovered and streamlined the methods that are used by natural systems 
in  their  self-evidencing.  Analogously  to  an  ant  colony,  the  scientific  system  may  itself  be 
amenable to being described as a “Bayesian superorganism” ([60]; [61]). There are things that 
colonies know that nestmates don't.  And there are things that scientific groups/communities 
know that individual researchers do not.

By integrating collective with individual scientific cognition we can now overcome the limitations 
of  former  computational  models  of  scientific  cognition  (ECHO  model)  and  respond  to  a 
contradiction that might emerge from a Bayesian integration of the modern and non-modern 
views of science: the historicity and contextuality of scientific practice (non-modern science) 
versus the (momentary) universality of its empirical outcomes (modern science). Reproducibility, 
testing  by  evidence  and  other  top-down  “rules”  and  constraints  that  emerged  during  the 
evolution of  the scientific  system parametrizes the actions of  its  lower-level  components by 
selecting specific policies that scientists can pick up from their niches as deontic cues. By so 
doing,  human  communities  are  able  to  overcome  the  individual  limitations  of  their  basic 
components and to (at least partially) silence their priors in light of a higher-order, intelligent 
goal. Is this enough for arguing that the outcomes of scientific practice are, even if momentarily, 
of a superior status compared to other knowledge production systems?
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3.3. Anticipating Brains are not (always) “Crooked Scientists”

Our argument rests in some sense on our ability to draw an analogy between the activities of  
anticipating brains, as described by the FEP, and the hypothesis-testing abilities of scientists, 
which was first proposed in its contemporary form by Helmholtz ([62,63] and later developed in 
the context of computational modelling of perception by [64]. Now, it has been argued that this 
analogy is flawed  [65]: according to this argument, there is a deep disanalogy between the 
preference-driven  manner  in  which  living  systems  infer  the  causes  of  their  sensations 
(Thagard’s “hot” cognition) and the objective, scientific manner in which scientists do so (“cold” 
cognition). This is because anticipating brains bring about their preferred data distributions, and 
they  are  unlike  honest  scientists—they  are  “crooked  scientists”.  In  this  view,  the  idea  of 
perception as a kind of scientific hypothesis testing process is flawed, because scientists must 
take the evidence as it  comes and refrain  from skewing it,  e.g.,  via  selective sampling,  to 
support particular hypotheses; whereas this biased data collection is precisely what is mandated 
by active inference.

The arguments exposed in the paper nuance this view, on two counts. For one, the idea that 
brains must either be like good scientists or have preferences about the data that they generate 
is,  in  our view, a false dichotomy. While we agree that,  under the FEP, anticipating brains 
indeed act in such a way as to generate their preferred sensory data, we do not think that this  
undermines the analogy to scientific hypothesis testing—provided that this analogy be extended 
to consider the practice of “non-modern science”. The “crooked scientist” that is described by 
Bruineberg and colleagues [65] is just a scientist who acts in the world to gather evidence for 
her hypothesis. The real difference is made by the top-down influence of the higher-level, socio-
technical  system  of  science  that  feeds  back  into  the  activity  of  individual  scientists  by 
constraining their behaviour in virtue of deontological principles selected during the evolution of 
science.

Our view is that, despite such top-down constraints, scientists and scientific research groups are 
not neutral parties. For better or for worse, scientists usually do perform experiments in order to 
generate the evidence that would best disambiguate among their favourite hypotheses. Indeed, 
scientific communities are cultural communities, and they have a vested interest in confirming 
the  hypotheses  to  which  they  have  committed  their  careers.  Scientists  and  their  research 
groups routinely (almost on a yearly or biyearly basis) compete for resources in the space of 
research (namely, things like grant money, attention from the public and other scientists, room 
for publication in journals, etc.). Science is an evolutionary process of model selection. This 
provides us with a new vantage point on Planck’s famous statement that “science progresses 
one funeral at a time.” Some of these pragmatic issues with scientific practice, which seem to 
detract from its epistemic value, are brought to light and clarified in the account presented here. 
In our view, these properties are not merely bugs—rather, they are features of science as a 
form of  existence.  As  such,  we  ought  to  expect  that  these  pragmatic  factors  will  play  an 
important role in science.
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The  quasi-religious  belief  in  the  efficacy  of  scientific  investigation—what  has  been  called 
scientism—might actually be selected for, when we cast science as a multiscale evolutionary 
process. Socio-cultural phenomena like modern religions are good examples of systems that 
have  been  able  to  trigger  and  reinforce  population-level  beliefs  about  the  importance  of 
belonging  to  a  higher-order  system.  If  religious  and  political  systems  have  prompted  the 
acquisition  of  this  belonging  belief  with  the  goal  of  securing  their  domination  and  power, 
scientific investigation as a collective system of inference generates a form of life that provides 
evidence for the expectation that one is indeed part of a higher-order system. Interestingly it  
does so, like religious practice, by rewriting the history of a community (in terms of a march 
towards scientific progress, as in the positivist philosophy of science) and by invoking unseen, 
hidden agents (the hypothetical causes of data inferred by scientists).

4. Conclusion
This treatment identifies scientific  methodology as a manifestation of  the FEP following the 
same essential  tradition  as  all  natural  entities  in  accumulating  and  applying  knowledge for 
existential  purposes.  This tradition may be observed,  for  example,  in  biology where natural 
selection plays the role of “making better models of the world” and in developmental biology the 
role of “following the model accurately” as well  as in neuroscience, where belief updating—
under generative models—with sensory information informs policy based behaviour and  vice-
versa.  But  human science  is  obviously  distinct  in  some aspects  from these  prior  forms of 
knowledge accumulation and application. First, science has a knowledge repository distinct from 
either (epi) genetics or neuronal generative models. Scientific knowledge is communal and is 
stored in repositories such as libraries or computer memories. Second, the role of updating 
scientific models is abstract, following the mathematics of Bayesian inference. What is called 
the  iron  law  of  science  is  that  evidence  and  only  evidence  counts  in  updating  scientific 
knowledge:  a  principle  similar  to  the  constrained  maximum entropy  principle  that  the  only 
constraint  on entropy or  ignorance is  evidence (for  a  generative model).  This  abstract  and 
mathematical relationship between model updating and evidence, without requiring new tests, 
results in a streamlined inferential process as compared, to say, natural selection where the 
same variant hypothesis (allele variation) may be tested out repeatedly in the real world. Still, 
science depends on evidence provided through experimentation, but experiments need not be 
random, as in natural selection, but may be designed, through processes such as Bayesian 
experimental design, to produce evidence that is maximally effective or has maximal expected 
information gain when updating the model.

Another unique aspect of human science is the indulgently long leash by which we are tied to 
our existential master. As opposed to natural selection, where every retained characteristic is 
retained  only  if  it  is  neutral  or  beneficial  to  reproductive  success,  human  science  and 
engineering not only indulge in neutral  but  costly traits such as space travel  but  also traits 
threatening our survival such as nuclear weapons. Perhaps science now has sufficient freedom 
to even erase the substrate on which it  depends; It  remains to be seen if  this latitude is a 
blessing or a curse. But this latitude is an aspect of  science’s ‘area of  concern’  which has 
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expanded to include phenomena within the entire observable universe. Now that science, along 
with everything else of concern, is coming to be understood in terms of the FEP, we may expect 
knowledge accumulation to undergo an acceleration as general knowledge is made easier as 
boundaries between disciplines are removed; if you know a little about the FEP, you know a 
little about everything. Given this further streamlining of the scientific endeavour, we may expect 
its area of concern to accelerate in depth as well as breadth.

It has become clear in many instances that the reason Bayesian inference produces superior 
scientific theories is that the generative models central to existing natural entities also form and 
function as Bayesian processes  [66].  With this  “radical  conceptual  revolution”,  the arena of 
internal models, such as life’s genetic model, transitions from scientific constructs residing in 
theorists’ brains to mechanistic Bayesian processes residing in actual life forms. Crucially, this 
revolution is the result of a highly streamlined method for evaluating scientific hypotheses of the 
external  reality  by  testing  throughout  in  silico simulations.  From  a  meta-level  of  analysis, 
therefore,  the  FEP  constitutes  a  novel  abstract  generative  model  through  which  scientific 
hypotheses are generated (abduction), while the active inference framework translates these 
hypotheses into synthetic entities (evidence creation by following the model) which are then 
confronted with their real-world counterparts. The mismatch (surprise) that emerges from the 
comparison is then used to update the original theoretical model (model update with evidence) 
(Figure  6).  Therefore,  the  cultural  practice  of  science,  exemplifying  the  processes  of 
evolutionary  development,  is  able  to  carve out  a  space within  existence through a  cyclical 
evolutionary  process  that  employs  theory  to  engineer  experiments,  technologies  and  other 
cultural structures having a high degree of fitness, in the sense that they are able to proliferate. 

Figure 6.  Translation of the dual methodology derived from the FEP to the FEP itself  and its active 
inference implementation.

This  approach  consolidates  the  idea  that  existence  is  inference  and  provides  a  maximal 
expression of it, by arguing that physical existence and evolution themselves are continuous 
with this kind of hypothesis testing. In some metaphorical sense, the FEP can be taken as 
delivering on Carl Sagan’s view that existence and evolution are “nature’s way of coming to 
know itself.” Across all levels of existing things, individual existence is best accomplished by 
faithfully following a particular generative model, one fine-tuned by its phylogenetic history, to 
produce evidence of that thing’s existence. Processes of active inference ensure that hard-won 
knowledge for existence is applied as diligently as possible.
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We have proposed to understand scientific practice in terms of collective inference premised on 
shared  generative  models,  which  consist  largely  of  consensus  hypotheses  shared  by  the 
scientific community. This collective inference arguably results in the existence of at least two 
persistent  entities.  The  first  is  the  scientific  community  itself.  Each  generation  of  scientists 
inherits  the  model  borne  by  their  predecessors,  and  their  contribution  to  its  evidence 
accumulation  and  to  the  application  of  the  bodies  of  knowledge  that  they  entail  is  largely 
constrained to problem-solving at the model periphery, much as the accumulation of genetic 
knowledge is largely constrained to mutations solving adaptive problems at the model periphery. 
One of the main reasons that scientific investigation evolves is that it significantly—dramatically, 
even—extends the area of concern (cognitive light cone) of humans, all the way up to the limits 
of the observable universe and all the way down to the limits of observable thingness. 

A  second  type  of  persistent  entity  produced  by  scientific  generative  models  are  cultural 
technologies,  structures  and  activities.  Engineering  models,  adapting  scientific  models  for 
achieving  specific  outcomes,  generate  a  large  body  of  cultural  entities.  For  example, 
engineering models adapt Turing’s and Von Neumann’s theoretical computational models to 
generate  computers.  Another  aspect  of  the  existential  power  of  these scientific/engineering 
generative models is the existence of nearly 8 billion people on our planet, largely supported 
through the applications of these models.

By framing scientific inquiry within the context of nested active inference, a departure from 20th-
century falsificationist epistemology towards a post-Popperian philosophy of science becomes 
evident. Falsificationism, propagated by Popper—which emphasized the progress of science 
and its corresponding demarcation criteria—can be considered a retrospective interpretation of 
genuine scientific practice. The shift has taken place from falsificationism to one focused on 
evidence-based model comparison. In this evolution, the validation of empirical theories is no 
longer  contingent  upon  the  potential  falsification  of  a  hypothesis  through  experimentation. 
Instead, the emphasis lies in comparing alternative explanations (models) that elucidate the 
generation of specific data, assessing the evidence each model garners from the analysed data.

Ultimately, this Bayesian and cognitive paradigm in scientific practice aligns with a pragmatic 
stance.  The  central  objective  here  is  the  creation  of  models  capable  of  guiding  human 
endeavours in  generating adaptive entities,  such as technologies or  policies.  The mounting 
proliferation of successful scientific outcomes and entities, like artificially intelligent systems and 
technologies,  could  potentially  serve  as  historical  evidence  supporting  the  hypothesis 
underpinning  this  perspective:  that  the  evolution  of  science  is  integral  to  the  universal 
enhancement of strategies for constructing and sustaining existence through evidence-based 
knowledge storage. Scientific investigation, as a natural process, is inherently subject to the 
same governing regularities that typify the physical world.

For a philosopher, this perspective resonates with a 'Darwinio-peripatetic-Platonic' conception of 
knowledge, wherein ideal forms, inaccessible in the empirical realm (the true distribution), are 
progressively approximated through empirical sampling of sensory outcomes and the process of 
learning via experimentation. Evolution bestows upon us a foundational framework or model 
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structure (e.g., hierarchical levels) through the pruning of models over phylogeny, ready to be 
reconstructed on species-specific 'o'—thus, we seemingly 'rediscover' the ideal forms we are 
evolutionarily predisposed to rediscover over developmental stages.

5. Future research paths

We claim that  an  FEP-based computational  model  of  scientific  cognition  could  be  used to 
predict (via simulation testing) which specific forms of interactions, affordances and top-down 
constraints (policies) might have led to,  and further promote,  the emergence of  higher-level 
forms of intelligence. This might help us understand not only how science has emerged as an 
epistemic,  evolutionarily  stable  strategy,  but,  importantly,  how  individuals  come  to  infer 
knowledge content in the form of scientific statements about external states of affairs and thus 
clarify how scientists come to represent reality with models that experience minimal surprise 
when encountering data concerning that reality. 

An FEP-based generative model of the socio-technical system of science can provide valuable 
insights into the dynamics and mechanisms of collective intelligence. We have seen that the 
model could help us understand how collective intelligence emerges from the interactions of 
heterogeneous actors throughout  a shared (cognitive)  niche.  By examining the influence of 
hidden variables and external constraints on the system, we can identify factors that promote or 
hinder the emergence of effective collective scientific cognition. For instance, the model might 
reveal how certain funding structures or communication technologies enhance the community's 
collective problem-solving capabilities.  By so doing, the model can provide insights into the 
structure and dynamics of  the scientific  community as a collectively intelligent  system. This 
includes how information and influence flow through the community, how it responds to new 
evidence or challenges, and how it collectively updates its beliefs and strategies. These insights 
could  inform  the  design  of  other  collectively  intelligent  systems,  such  as  crowdsourcing 
platforms or decentralized decision-making bodies.

Additionally,  the  integration  of  the  evolutionary/systemic  perspective  with  the 
developmental/psychological one might permit us to track the influence of a higher-level, socio-
cultural system—like science—on the online cognitive functions of its elementary components 
(i.e., scientists) in terms of, for example, cognitive penetrability, rational inference and pro-social 
behaviours. Worth noting, the same approach can be used to assess and compare the impact  
of other sociocultural systems (e.g., a religious system) on the cognitive capabilities of its active 
sub-components.
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