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Abstract 

The purpose of this paper is to provide a systematic review of the Predictive Processing frame-

work (hereinafter PP) and to identify its basic theoretical difficulties. For this reason, it is, 

primarily, polemic-critical and, secondarily, historical. I discuss the main concepts, positions 

and research issues present within this framework (§1-2). Next, I present the Bayesian-brain 

thesis (§3) and the difficulty associated with it (§4). In §5, I compare the conservative and 

radical approach to PP and discuss the internalist nature of the generative model in the context 

of Markov blankets. The possibility of linking PP with the free energy principle (hereinafter 

FEP) and the homeostatic nature of predictive mechanisms is discussed in §6. This is followed 

by the presentation of PP’s difficulties with solving the dark room problem and the explora-

tion-exploitation trade-off (§7). I emphasize the need to integrate PP with other models and 

research frameworks within cognitive science. Thus, this review not only discusses PP, but 

also provides an assessment of the condition of this research framework in the light of 

the hopes placed on it by many researchers. The Conclusions section discuss further research 

challenges and the epistemological significance of PP. 

Keywords: predictive processing; Bayesian brain; Bayesian inference; Bayesian models; pre-

diction; prediction error; generative model; hierarchical inference; top-down processing; free 

energy principle; active inference; Markov blanket; perceptual inference; precision; percep-

tion; mechanisms; philosophy of mind; philosophy of cognitive science; epistemology 
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1. Introduction 

There will be no exaggeration in claiming that the “fashion” for PP continues in the philosophy 

of mind and cognitive sciences. Papers and studies on this research framework and related 

issues are constantly being published.1 There are at least a few reasons for PP’s popularity. 

First, it is a research framework that promises to provide a naturalistic and biologically reliable 

explanation of complex interactions between perception, action, and environment. Second, if 

we are to believe the prominent representatives of this framework, PP can offer a unification 

of theories in cognitive science (cf. Clark, 2013; Hohwy, 2015; Seth, 2015). Third, PP offers 

to explain perception and actions using Bayesian modeling (which many researchers consider 

to be normative), which in practice means that the cognitive system is to implement (to some 

extent) the Bayesian belief network (cf. Harkness & Keshava, 2017; Hohwy, 2013). Fourth, 

many researchers (cf. Hohwy, 2014; 2015; Friston & Kiebel, 2009; Seth, 2015) believe that 

PP comes from a more basic, biological theory of life based on the so-called free energy prin-

ciple (FEP). According to this principle, living organisms are systems that maintain their exis-

tence by minimizing the free energy of their internal states (cf. Friston, 2009; 2010; 2012; 

2017; Friston, Stephan, 2007). Thanks to this, PP may constitute an important element of the 

general theory explaining life, mind and cognition (cf. Adams, Brown, Friston, 2014; Allen 

& Friston, 2018; Friston, 2013b; Friston, Fortier & Friedman, 2018). 

According to PP, some organisms2 entail, are embodied in or sometimes are a multi-level, 

hierarchical generative model of their environment, which stores or processes information in 

a cascading manner: it sends top-generated predictions whose aim is to minimize the so-called 

prediction error connected with bottom-up signals coming from sensory input. This error re-

lates to the disproportion between expectations based on the internal parameters of the model 

and the variable information reaching the model through the senses. According to this view, 

an organism behaves effectively in its environment if it can efficiently minimize potential pre-

diction errors. In the opinion of some PP supporters, this approach is supposed to explain 

many, if not all, phenomena related to cognition and what the philosophical tradition defines 

as the mind.3 

I claim that we can now look at PP as a movement or research tradition.4 Such a view, however, 

requires a certain amount of criticism and distance. Successive researchers refer more or less 

 
1 Google Scholar notes published 1,450,000 records containing the term PP as one of the keywords in the period 

from 2012 to 2020 (as of 24.08.2021). 

2 It is not entirely clear whether this is true for every living organism or only e.g., humans and primates. See 

Hohwy, 2020a, p. 220 on the problems with the use of PP for living organisms. Note that some authors claim 

that even self-organizing systems like plants must embody generative models (cf. Calvo & Friston, 2017). 

3 Clark (2013) labels the PP framework as Grand Unified Theory (GUT), making clear allusions to the physical 

Grand Unified Theory. In this sense, PP can offer an explanation of phenomena such as perception, atten-

tion, memory, motor control, actions, phenomenal experience, illusions, autism disorders and even conscious-

ness (cf. Supplementary Table 1 in Hohwy, 2020a, for a thorough overview of topics in the field of PP 

with literature). 

4 Larry Laudan (1977) understood the research tradition as a set of general assumptions about entities and pro-

cesses in a certain field of research and the correct methods that must be used to consider problems and construct 
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critically to PP analyses. The purpose of this review is to comprehensively discuss the basic 

concepts, positions and directions of research related to PP. It discusses the most important 

philosophical issues associated with PP and indicates their potential difficulties, without fa-

voring any of the approaches or positions. Indeed, it can be treated as a charitable and critical 

approach to the PP framework, focused not so much on its rejection or weakening as on its 

improvement and development. The paper is directed primarily at philosophers of cognitive 

science, philosophers of mind, philosophers of perception as well as cognitive psychologists 

and those researchers who are interested in PP’s philosophical aspirations. 

So far, two philosophically oriented PP reviews have been published. The first is the work of 

Wanja Wiese and Thomas Metzinger entitled Vanilla PP for Philosophers: A Primer on Pre-

dictive Processing (2017). It provides an excellent take on the basic concepts of PP and a gene-

ral introduction to what PP is. However, this work lacks critical dimension and does not dis-

cuss many important issues such as internalism in PP or the dark room problem. Another re-

view was recently published by Jacob Hohwy (2020a). It discusses the main positions in PP 

and outlines the potential directions of development of this research framework. Hohwy de-

scribes PP in terms of his own and (in what I will later call a “conservative”) reading of the 

framework, he proposes his own interpretation which is not without controversy 

(cf. Hohwy, 2013). His approach also lacks the critical aspect. This review does not want to 

repeat the work of these authors, but rather propose another, more critical, or rather comple-

mentary perspective. 

 

2. General characteristics and basic concepts 

At the outset, it should be noted that there is no single generally accepted approach to PP. First, 

there is also no single term that defines this framework.5 In the literature, except PP, one 

can find such terms as “prediction error minimization” (Hohwy, 2013; 2020a), “predictive 

coding,” which are most often used by neuroscientists (Rao & Ballard, 1999; cf. Spratling, 

2017) and “active inference” (cf. Friston et al., 2017; Ramstead, Kirchoff & Friston, 2020). 

I decided not to use the first of these terms because it is closely related to the interpretation of 

PP proposed by Hohwy. It does not fit with the approach developed here, but it does owe a lot 

to Hohwy. The term “predictive coding” refers mainly to those coding strategies in which the 

predicted part of the input signal code is removed from the actual signal. In this way, it is only 

the difference between these signals that is passed on as output to the next stage of information 

processing.6 Here the (Bayesian) brain can be cast as minimizing prediction errors. In such 

 
theories. Research tradition, in contrast to theory, only defines the field of application belonging to the theory: 

it does not explain and does not predict phenomena. It seems that PP is currently at this stage of development 

and it is premature to refer to it as a scientific theory or research paradigm (on this topic see also Litwin 

& Miłkowski, 2020). 

5 In a very general sense, one can speak of PP as probabilistic inference modelling. 

6 Rao and Ballard (1999) proposed a visual information processing model in which information transmitted from 

the higher to lower layers of the cerebral cortex includes predictions about the activity of neurons present on its 

lower layers. The descending (top-down) connection carries information on the predictions about the neuronal 
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approaches, less attention is paid to the idea of a hierarchical and multilevel model genera-

ting predictions (Clark, 2016, p. 25-26; Kiefer & Hohwy, 2018, p. 9).7 Importantly, predictive 

coding in and of itself has nothing to say about action. In PP, action is an important element 

of investigation and plays a non-trivial explanatory role. PP sometimes appeals to active in-

ference which extends the principles of prediction to cover action, planning, decision-making 

and so on. Active inference is strictly related to the FEP (cf. Friston, 2009, see §6). 

Many researchers associate the idea of PP with the work of the nineteenth century physicist, 

physician, and psychologist with neo-Kantian leanings Hermann von Helmholtz (1867).8 He 

was the first thinker who explicitly stated that the brain is a hypothesis testing machine. Helm-

holtz says that the “mental activities” on which perception is based are more unconscious than 

conscious, because we only have direct access to events received by our nervous system, which 

means that we only feel the effects of external objects (Helmholtz, 1867, p. 430). Therefore, 

referring to Helmholtz, perception should be understood as unconscious inference (Hohwy, 

2013, p. 18). 9 This approach, however, raises objections from many authors and leads to the 

formulation of various non-Helmholtzian views of PP (see § 5). 

Some researchers claim (cf. Orlandi, 2018) that the currently developed PP approaches draw 

inspiration not only from neuroscience research, but also from image transmission research 

focused on television (cf. Harrison, 1952; Kretzmer, 1952; Oliwer, 1952). 

Also important for the philosophical inspirations of PP are the works of such researchers as 

MacKay (1956), Neisser (1967), and Gregory (1980), who belong to the group of cognitive 

psychologists advocating “analysis-by-synthesis.” According to this view, the brain does not 

build an internal model of the world by collecting (bottom-up) information received by the 

senses, but rather tries to create representations which it then compares with this information 

to choose those that are compatible.10 

 
activity of the lower cortical layers. From the bottom up, information is generated about possible errors between 

top-down predictions and actual neuronal activity. Information about these errors is then used by the brain to 

create current predictions about the nature of the signal received through the sensory inputs. Based on the cor-

rection made, new predictions are created. Rao and Ballard’s idea was used by other researchers and is still 

a fertile cognitive hypothesis within neuroscience today. 

7 For data compression approaches using predictive coding, see Shi & Sun, 1999. 

8 Jakob Hohwy claims that the sources of PP should be traced back to the thought of an Arab philosopher living 

in the late 10th and early 11th century, i.e., Ibn al-Haytham. In his work entitled Optics, Ibn al-Haytham ex-

plained that the process of seeing objects consists in light being reflected off their surface and then directed to 

the eyes. He defended the view that many visible properties of objects are recognized through judging and 

reasoning (inference) (Hohwy, 2013, p. 5). 

9 Dan Zahavi (2018) points to the relevant elements of the nineteenth and twentieth century neo-Kantian con-

ception, which are present in the considerations of at least some supporters of PP. 

10 For example, Gregory claims that perception is based on top-down information processing. Information com-

ing from the environment and reaching the brain through sensory inputs is ambiguous and indeterminate. To be 

able to interpret it, the cognitive system must use its previous experience and accumulated knowledge. With 

their help, the brain concludes what is perceived. Perception, according to Gregory, can therefore be compared 

to a process of making hypotheses in science. Both hypotheses in science and perceptive processes make it 
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It should be said that the authors who develop various approaches and positions regarding PP 

share, to a greater or lesser extent, the following beliefs (however, they differ in their under-

standing of the basic concepts and their scope): 

1. The brain is or entails a multilevel, hierarchical model generating predictions (the so-

called generative model);11 

2. The hierarchical structure of the model can be mapped onto the hierarchical anatomy of 

the cerebral cortex; 

3. The purpose of the model is to minimize prediction errors that result from the difference 

between the predictions made by the model and the information coming from the environ-

ment through the senses (i.e. exteroceptive inputs: visual, tactile and auditory) but also 

interoceptive inputs (e.g. heartbeat and states of arousal), proprioception and kinesthesis 

(cf. Garfinkel et al., 2015; Seth, 2013); 

4. The model is hierarchical because it covers many levels of information processing; 

5. Information in the model is processed in two directions: top-down (predictions about 

the information reaching the model) and bottom-up (information about prediction errors). 

This means that each level of the model that processes information provides (i.e., gene-

rates) predictions about what is happening at the level below, while receiving from that 

level information on the size of the prediction error (weighting precision). 

 

2. 1. Prediction 

The concept of prediction is crucial for the PP framework. It can be understood in four basic 

ways: (1) predicting the current state of affairs; (2) predicting future instances or statistical 

features of phenomena; (3) correlation, i.e., a statistical relationship between the values of 

various variables (e.g., the relationship between the length of school time and self-assessment; 

or the relationship between signals received by the eyeballs—signals from the left eye corre-

late signals from the right eye); and (4) inference and hypothesis testing. Some suggest (An-

derson & Chemero, 2013, p. 204-205) that in PP, predictions are understood as correlations 

and inferences. However, predictions of sensory correlations do not assume the existence of 

a model and a network of connections between pieces of information (knowledge) (Clark, 

2013, p. 236), whilst predictions understood as inferences assume such a model.12 The latter 

 
possible to recognize relevant situations and objects in various, variable contexts, based on residual and unclear 

information (Gregory, 1980, p. 182). 

11 The notion of a generative model is highly contentious. It is not just a question: is the whole brain a model, 

or part of it, or maybe (all or part) of the body?; but also the problem of whether the system has a model or is 

a model? Is the model an explicatory representation or a completely implicit model built into the structure of 

the system? E.g., some suggest that the generative model should be considered in terms of the whole organism 

(cf. Bruineberg, Rietveld, 2014; Bruineberg, Kiverstein & Rietveld, 2018; Friston, 2013a; cf. § 5. See also Co-

nant & Ashby, 1970).  

12 Logically, predictions can be considered a kind of judgments about the future (e.g., in the form of the sentence 

“It will definitely rain”) or hypothetical judgments (e.g., “If I wear a coat, I probably won’t get wet”). 
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are particularly important in PP, because they are such predictions that, based on an internal 

model, predict the causal structure of the world. With their help, the generative model recapit-

ulates, i.e., synthesizes in some form (as a surrogate) the statistical structure of the world 

(Clark, 2013, p. 182; see also Gładziejewski, 2016). 

Low-level predictions (e.g., about the shape of a perceived object) are more detailed, refer to 

smaller space-time vectors, and are short-term. High-level predictions (e.g., regarding the be-

havior of other agents or making decisions under risk conditions) are more general in nature, 

along with being more abstract and long-term. Thus, a prediction will be, for example, that 

a moving object is heading towards me with high probability; as well as anticipating that in 

difficult weather conditions, car drivers usually drive more carefully and conservatively. It 

should be added that the more abstract and general the prediction is, the more it is parametrized 

(i.e. expressed as a function of some parameters) by internal (e.g., Bayesian beliefs13 (priors), 

heuristics, etc.) (cf. Friston, Wiese & Hobson, 2020; Millidge et al., 2020) and external con-

straints (structure of the environment, others agents, socio-material norms, etc.) (cf. Clark, 

2018). New predictions are made on the basis of old ones and are supplemented with infor-

mation on the prediction error. Predictions understood in this way are used to minimize pre-

diction errors at every level of information processing carried out by the organism in relation 

to a specific perceptual, cognitive or non-cognitive task.  

Prediction errors should be understood as disproportions that arise between hypotheses created 

on the basis of the model of the world possessed by a given cognitive system (e.g., brain or 

whole organism), and information from the world (specific data sets), which are provided by 

sensory inputs. In other words, the prediction error is the degree of mismatch between two 

signals (where greater mismatch means greater error). It can be concluded that any discrepancy 

between the prediction and the sensory signal results in the appearance of prediction error 

messages. In this sense, prediction error is the difference between sensory information and 

prediction (Hohwy, 2020a, p. 210). It should be added that machine learning distinguishes 

between reducible and irreducible prediction errors. A reducible prediction error is a mismatch 

between the hypothesis and the information from input. This relationship is not directly ob-

served and can be estimated. An irreducible prediction error arises from the fact that the infor-

mation from input doesn’t completely determine the hypothesis. So it means that there are 

other variables outside and independent of data that still have some effect on the hypothesis. 

In the case of reducible prediction errors, the error can be minimized by generating more and 

more accurate information from input estimation. Thus an accurate estimation does not guar-

antee that the model won't be error-free because of irreducible errors. In this sense, irreducible 

prediction errors can be viewed as information that the model cannot extract from the data and 

that affects that data. Differentiating between reducible and irreducible prediction errors, resp. 

uncertainty requires an estimation of expected uncertainty based on previous prediction errors. 

The model must constantly evaluate uncertainty and devise strategies for reducing these irre-

ducible errors, resp. uncertainty (cf. Gottlieb, 2012). 

 

 
13 Note that beliefs in this approach are non-propositional. See also footnote 17. 
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2. 2. Generative model 

The concept of the generative model in cognitive science and neuroscience is not new (cf. Ng 

& Jordan, 2001; Pickering & Clark, 2014). However, none of its earlier applications had as 

many philosophical implications as its use in PP. Generally, generative models are statistically 

understood as mathematical models that capture the relationships between the values of a set 

of random variables. These dependencies are represented by model parameters, and the varia-

bles can be observed (i.e., some of their values can be provided directly by the data) or hidden. 

In PP, the generative model is understood as a statistical model whose variables are hidden, 

i.e., it is impossible to unambiguously assign the relevant data to the causal processes produ-

cing them. Statistical models are as accurate as the predictions they generate. These, in turn, 

are based on specific parameters that the model learns about based on the data it receives. The 

predictions generated by the model are described in terms of probability distributions. For this 

reason, generative models are referred to as probabilistic. The generative model is a statistical 

model of a joint distribution of probabilities where some random variables X, Y, ... attribute 

the probability that the variables X, Y, ... take specific values. A joint probability distribution 

can also be expressed as a common probability density function (for continuous variables) or 

a joint probability mass function (for discrete variables).14 PP researchers claim that the gene-

rative model is a Bayesian probabilistic model, which means that it (in some way) implements 

the Bayesian rule to rationally (i.e. in accordance with the axioms of probability) combine 

existing and uncertain information with new evidence.15 This means that speaking of the 

Bayesian nature of the generative model, one means that the predictions generated by it are 

based on priors (Bayesian beliefs) and as such are encoded in the internal parameters of the 

model, and then compared with incoming data and used to update parameters, thereby deter-

mining new probability distributions of specific variable values. 

Generally speaking, the generative model can be understood as a coherent structure capable 

of generating a series of phenomena in a way that models the actual process by which these 

phenomena are generated. A good example are computer programs that generate realistic, two-

dimensional or three-dimensional images of human faces, based only on a few input variables 

that relate to specific parameters, such as the location of facial muscles, eye embedding or skin 

texture (Kiefer & Hohwy, 2018, p. 3). Such programs implement a process that generates 

a given phenomenon as it were in relation to another generative process (e.g., by means of 

which base variables in the real world contribute to the appearance of real human faces). The 

extent to which the generative process can model another process or phenomenon depends on 

the similarity between the two processes. Other researchers (cf. Nair, Susskind & Hinton, 

2008) add that the generative model as one that explains the investigated phenomena by de-

termining the set of factors that could cause them. Both of these concepts of the generative 

 
14 We could say that generative model is a model of the conditional probability of the observable X, given a tar-

get Y. It means that generative model is statistical model of how observations are generated. 

15 Most Bayesians in this framework accept three assumptions: (1) probabilities are subjective degrees of belief; 

(2) Bayesian conditioning to update beliefs (with Bayes rule coming in handy to relate posterior to prior and 

likelihood); (3) inference follows rules of probability theory (see §3). 
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model, i.e., (1) a causally effective structure generating phenomena, and (2) a model that ex-

plains phenomena by referring to their causes are different. From a theoretical point of view, 

generative models only describe a certain probabilistic relationship, and whether we interpret 

it as causal or, for example, informative depends on the context in which they are used. To 

simplify, we can say that a model is such a structure that is capable of producing a given 

phenomenon and offers the best explanation of this phenomenon (cf. Seth, 2015; 

Kiefer, 2017).  

Hierarchical models in PP explain the complexity of specific phenomena and are meant to 

show the causal relationships that connect them. This means that as the complexity of the 

model increases, the chances of generating the corresponding phenomenon using structurally 

different sets of causes increase too. 

After these necessary conceptual and definitional remarks, we can now proceed to initial PP 

characteristics. According to the PP framework, the basic task of the brain, understood as 

a multilevel, hierarchical generative model, is to minimize prediction errors. Prediction errors 

should be understood as disproportions that appear between hypotheses created on the basis 

of the model of the world possessed by a given cognitive system, and the information from the 

world (specific data sets) that is provided by sensory inputs. Minimization of prediction errors 

is crucial for the organism, because—in accordance with PP—all perception is subordinated 

to the goal of ensuring that the actions of the organism in its environment are effective.16 

To minimize potential prediction errors, the generative model continuously creates statisti-

cal predictions about what is happening or can happen in the world. These predictions re-

fer to the present and future shape of the information reaching the brain or organism through 

sensory modalities. 

 

2. 3. Precision 

Effective minimization of prediction errors presupposes estimation of the degree of their pre-

cision. By estimating or weighing precision it is possible to determine how precise a given 

error is, i.e., whether the information it transmits is reliable for the system or not. Precision is 

understood here as in statistics, i.e. as inverse variance. This means that the greater the average 

divergence from its mean, the lower the precision of a random variable (and conversely) (Fris-

ton, 2010). According to PP, precision-weighting is a process by which the model increases 

the gain on the prediction errors that are estimated to provide the most reliable sensory infor-

mation, conditional on the higher-level prediction. For example, if the agent expects a given 

prediction error to be particularly reliable or highly probable, then the agent increases its 

weight, i.e., the extent to which it can affect model parameters. Precision is therefore a measure 

of the degree of uncertainty. The concept of precision refers to the estimation of uncertainty 

(Feldman & Friston 2010). Weighting of prediction errors according to their estimated preci-

sion is attention (Friston, 2009). High attention means that perception is based more on bot-

tom-up incoming information from the sensory signal, because any small aberration is quickly 

 
16 Prediction error can be minimized in two ways: by changing model parameters or by interfering with the 

structure of the sensory signal (active inference) (Friston, 2010, p. 129; cf. § 6). 
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noticed. A low degree of attention means that, in a given situation, perception is based more 

on top-down predictions, e.g. only a vague outline of a given object is perceived, etc. Note that 

the terms used in PP such as precision, uncertainty, or surprise refer to the properties of pro-

bability distributions. Specifically, the inference process requires the representation of proba-

bility distributions with respect to the possible causes of sensory stimulation. These distribu-

tions allow for the estimation of many values. For example, a wide distribution encodes a high 

degree of uncertainty about a particular cause. The uncertainty is associated with the degree 

of surprise about the possible causes of incoming information. Therefore, precision can also 

be defined as certainty regarding a given belief (Adams et al. 2013, p. 1).17 

Precision is also associated with accuracy, i.e., the degree of approximation between a meas-

urement and the actual measured value. On the other hand, precision is the extent to which 

repeated measurements give the same results under unchanged conditions. Thus, precision of 

the prediction error is one thing, and its accuracy is another.18 Therefore, precision estimation 

involves noise (for non-random quantities) and error (for random quantities). 

 

2. 4. Hierarchy 

After this discussion, we must return to the structure of the model. Predictions that minimize 

predictions errors are hierarchically organized and generated at any individual levels of the 

generative model. Thanks to this, predictions present at higher levels of the model refer to 

information about prediction errors that are present at lower levels. It means that predictions 

organize incoming bottom-up sensory information from the top-down to minimize surprise19 

as much as possible, surprise which is associated with ignorance of the causes of sensory sti-

mulation. In other words: predictions are sent down the hierarchy and the information about 

the size of the prediction error is returned upwards. This information is precisely estimated in 

order to determine its reliability. 

The above structure of the model relates to the observation according to which the brain is 

organized hierarchically. Further cortical areas can be considered as forming a hierarchy. The 

lower areas (levels) of this hierarchy are associated with sensual inputs, while the higher ones 

with multimodality and associative functions. The concept of hierarchy refers primarily to the 

so-called descending (forward) and ascending (backward) connections, which are based on the 

specificity of cortical layers responsible for internal connections in the brain (cf. Felleman 

& Van Essen, 1991; Rao & Ballard, 1999). In PP terms, cortical hierarchies, by implementing 

descending connections, generate predictions that relate to the information on the causal struc-

ture of certain states of affairs, which are contained in ascending connections and coded in the 

 
17 Belief in PP should be understood as the probability distribution concerning unknown states of affairs or 

properties of the world. In other words, belief is a systemic (prior) belief with a high degree of abstraction, i.e., 

relating to general knowledge of the world. 

18 This is convincingly justified by Kwisthout, Bekkering and van Rooij (2017) who argue that, for estimating 

precision, it is not necessary for error information to be very detailed. 

19 This organization has been best studied according to the visual system (cf. Rao & Ballard, 1999). 
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form of probability distributions. Uplink connections provide feedback on prediction errors to 

higher levels. The top-down and bottom-up connections are therefore implemented at every 

level of the hierarchy (Friston & Stephan, 2007, p. 443). 

 

 
Fig. 1. Schematic representation of the levels of information processing by the generative model. Bottom 

up sensory information is processed in the context of the agent’s knowledge and priors (i.e., internal 

parameters of the generative model) coming from the higher levels of the generative model. Unpredicted 

information from the sensory signal is carried up the hierarchy leading to the generation and adjustment 

of appropriate predictions. The error information is weighted with precision and its residuals are carried 

over to a higher level where they are minimized. The whole process is continuous and repeatable. 

(Adapted from Clark 2016, p. 30, 59). 

 

The architecture of the generative model is related to space-time vectors. As its structure is 

bidirectional (in the sense of information processing) and hierarchical, the model enables pro-

cessing of specific information only in relation to specific time scales and spatial dimensions 

relativized to them. It is limited to the difference between the higher and lower levels of the 

model (cf. Friston, 2003), namely predictions at the (arbitrary) level—let us mark it as x—

minimize the prediction error at the x-1 level, but they cannot do it at the x-2 level. On the 

other hand, predictions at the level of x-1 minimize the error at the level of x-2, etc. (cf. Friston 

& Kiebel, 2009; Hohwy, 2015a). The reason for this is the time differences between levels.20 

The higher we go in the hierarchy, the greater the time dimensions of subsequent model levels. 

At the same time, individual levels become increasingly abstract: from not very abstract, e.g., 

regarding edge detection, to more abstract, referring, for example, to processes of categoriza-

tion. Therefore, it can be said that subsequent levels of the model are built on the basis of its 

 
20 This is one of the main objections against PP (cf. Williams, 2019a; 2020). 
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spatio-temporal structure, rather than specific environmental properties. In other words, they 

are not distinguished because of what they represent, i.e., because of the content, but because 

of the time scale in which they operate (Hohwy, 2013, p. 72). 

 

3. Bayesian-brain thesis 

To clarify the nature of perception, motor control, decision making, and so on, the key issue 

is the prediction that the cognitive system makes during each contact with external states of 

affairs. In this perspective, the issue of perception concerns the question of how real the hypo-

theses about the world are shaped and selected (Hohwy, 2013, p. 16). In other words: how, 

without knowing the causes for sensory stimulation, model can hypothesizes about their 

causes? Such a task would require extrapolating specific information from an uncertain data 

set. Therefore, the model processes information based on some form of statistical inference. 

These findings come from the observation that sensory information does not shape perception 

directly. Rather, it is actively selected and properly used. Predictions integrate relevant aspects 

of the perceived world. The issue of perception, therefore, concerns the possibility of using 

data that reaches the model via sensory inputs in such a way that the organism does not make 

prediction errors. These errors, however, come from ignorance of the causal sources of sensory 

stimulation. There is no unambiguous relationship between causes and effects as different 

causes can have the same effects. Ignorance of these causes can pose a practical threat to 

the organism. 

Many researchers (cf. Fink & Zednik, 2017; Harkness & Keshava, 2017; Hohwy, 2013; 2014) 

adopt the Bayesian-brain thesis (cf. Knill & Pouget, 2004; Knill & Richards, 1996) according 

to which the generative model constructs and tests internal models of the external world by 

implementing cognitive processes that are an approximation21 of Bayesian inference (Clark, 

2013, p. 189).22 Then, using hierarchically organized inferences, the brain creates appropriate 

multi-level generative models that generate hypotheses top-down to “interpret” bottom-up in-

formation from the sensory input. Each level of such a model minimizes prediction errors at 

a lower level—from neuronal processes to higher cognition. This means that the model does 

not directly compute true posterior distribution of hidden states, but iteratively updates (in 

tractable way) the approximate posterior via gradient descent to minimize prediction errors. 

Optimizing the model in this way allows one to find a distribution that approximates the exact 

posteriori (an approximate posterior distribution over states makes simplifying assumptions 

about the nature of the true posterior distribution) (cf. Sanborn, 2017). What does it mean? 

Let’s consider an example: I am driving at night down an unlit, one-way road. I see two points 

 
21 Approximation of a given function using another, simpler, which is easier to study and apply.  

22 Some researchers defend a non-inferential interpretation of Bayesian inference, which can be understood in 

an enactive way as a type of action (cf. Ramstead, Kirchhoff & Friston, 2020). Depending on the interpretation, 

this approach may lead to the conclusion that Bayesian inference is not a computational process, but e.g., a pro-

cess controlled by the dynamics of the system (see Kelso, 2012; cf. Bruineberg & Rietveld, 2014; Bruineberg, 

Kiverstein & Rietveld, 2018). These approaches are not free from problems. For example, Korbak (2021) shows, 

defending the position he describes as computational enactivism, that one can be a supporter of the computa-

tional theory of mind and semantic information, while accepting the premises of enactivism. 
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of light approaching. I predict that they are headlights of a car coming from the opposite di-

rection. I also assume that this car is in the right lane. However, there is a risk that it is driving 

against the flow of traffic. I am not sure. So how can I decide what to do? If my representation 

of the movement of the car facing me turns out to be wrong, this error can ultimately cost me 

my life. The accuracy of my prediction about what is going to happen on the road not only 

depends on the information that reaches me through the senses, but also on my knowledge, 

experience, and beliefs. 

According to PP, the prediction error will be minimized only when the model adopts the best 

possible hypothesis regarding the causes of the sensory signal source. Based on this hypothe-

sis, predictions are then generated to condition the actions of the cognitive system or organism. 

The model is multi-level, thanks to which each level minimizes the prediction error at the 

lower level. In the example with the car, one level of the model (higher) will concern the 

possibility of recognizing light points as headlights, the other (lower) will refer, for example, 

to the detection of the edge of the perceived object, the next level will generate predictions 

regarding, e.g., two vehicles colliding, etc. At each level, the model estimates how precise 

a given prediction error is, so that the hypotheses adopted so far can be reviewed (Friston 2009, 

p. 299). So how is the process of creating and selecting hypotheses that have different proba-

bility values possible? The hypothesis that the lights approaching from the opposite direction 

are caused by a different car is more likely than the hypothesis that their source is a spaceship. 

The view postulated by many researchers that the predictive brain is a Bayesian brain means 

that the generative model resembles to some extent the hierarchical Bayesian network23 imple-

mented in the brain. The general idea is this: the generative model creates and selects appro-

priate hypotheses, using Bayesian inference. Therefore, minimizing prediction errors is an em-

pirical application of Bayes’ rule. 

On the basis of the Kolmogorov axioms,24 the definition of prior P(A) and posterior P(A/B), 

the Bayes’ theorem is proved:  

𝐏(𝐀|𝐁) =  
𝐏(𝐁|𝐀)𝐏(𝐀)

𝐏(𝐁)
 

 
23 A Bayesian network (Jensen, 1996) (also referred to as belief networks, cf. Pearl 1988) is a pair (D, P), where 

D is a directed acyclic graph (DAG) and P is a probability distribution. Each node in network stores the distri-

bution P(Xi|(i)) where X(i) is the set of nodes corresponding to (i) predecessors (parents) of node (i). In such 

a graph: 

1. nodes represent random variables (property of a given item); 

2. arcs represent specific (probabilistic) relationships between variables (the variable x has such and such 

influence on the variable y); 

3. variables represented by specific nodes take on discrete properties (e.g., YES, NO); 

4. each specific node has associated conditional probability tables, which determine the influence exerted on 

that node by its predecessors (parents) in the graph.. 

24 These axioms impose the following conditions on the a priori probability: 1. for any element x: 0 ≤ P (A) ≤ 1 

(axiom of non-negativity); 2. P (T) = 1 (where T is a tautology) (normalization axiom); 3. P (A˅B) = P(A) + 

P(B) when A˄B = ¬ T (axiom of finite additivity). 
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Bayesian theorem (also called Bayesian rule) allows you to calculate the secondary probability 

(posterior) P(A/B) of e.g., a given hypothesis A when the inverse probability (likelihood) 

P(B/A) and the primary probabilities (priors) P(A) and P(B) are known. In other words, 

Bayes’ theorem determines how evidence or data (e.g., empirical) affect the probability of 

hypothesis A. 

Proponents of Bayesianism associate the method of updating the probability or the change of 

certain hypotheses under the influence of new data with the so-called principle of conditioning 

related to Bayesian confirmation theory. Note that the Bayesian rule is a mathematical equality 

but Bayesian conditioning is a philosophical position about updating beliefs in the light of new 

evidence. It does not follow logically or mathematically that this new belief in hypothesis A 

should be P(A|B).The very determination of the probability of a given hypothesis (synchro-

nous aspect) does not raise any doubts (assuming many possible interpretations of the concept 

of probability), so the possibility of updating them raises a number of controversies (cf. Ka-

walec, 2003). This is important for the analyzes carried out here, because in accordance with 

the basic assumptions of PP, the generative model not only computes the probability of certain 

hypotheses and beliefs, but also has to update its parameters by changing or modifying the 

previously obtained knowledge. In order to be able to indicate how this is possible, it is ne-

cesary to say a few words, as in the PP framework, probability is understood as one of the 

possible interpretations of Bayesianism. 

There are different interpretations of the concept of probability depending on what property 

the probability is to measure: (1) frequentist interpretation (R. von Mises); (2) logical (objec-

tive) (J. Keynes, R. Carnap; J. Hintikka); (3) epistemological (K. Ajdukiewicz, H. Kyburg) 

and (4) subjective (F. Ramsey; B. de Finetti; L. Savage and proponents of PP). In subjective 

interpretation probability is understood as a measure of a person’s confidence in the truth of 

a given hypothesis, proposition or theory. The position itself is obviously not homogeneous 

and its various subtypes can be distinguished, e.g., behavioral, which associates beliefs with 

specific behaviors in decision-making situations. 

Probability in PP is understood here as a measure of a person’s conviction. For this reason, the 

Bayes’ rule is referred to as the subjective probability rule.25 The example of an unlit, one-way 

road illustrates this problem well. Let us repeat: driving a car, I see lights coming towards me 

from the opposite direction. I make the hypothesis that they are the lights of a car going against 

the traffic. I assume that if I see lights approaching me at night (this is the information from 

a sensory signal), they are the lights of a car going against the traffic (hypothesis explaining 

the source of the information). In the light of my previous knowledge and experience such 

a hypothesis is more likely than the hypothesis that the source of the approaching lights is 

a spacecraft or lighting installation. 

 
25 There are a number of examples that suggest that people do not apply Bayes’ rules by intuitively assessing 

the likelihood of a given event in the light of new experiences. They make two mistakes: (1) they are conserva-

tive in revising the initial probabilities under the influence of new data; and (2) ignore the initial probabilities 

(cf. Tversky & Kahneman, 1979). However, it should be added that these objections with regard to PP are 

somewhat limited: PP assumes the unconscious nature of applying the Bayesian rule. 
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Each of the levels of the generative model that is involved in the perceptual situation just 

described applies Bayes’ rule. Error information modulated by the attention mechanism (ex-

pected precision) goes to a higher level, where the posterior probability is calculated, the 

model parameter is changed, and the appropriate prediction is created to be tested. It can be 

said that the parameters of the internal probabilistic map of the environment are changing. 

Based on available data related to the discussed situation, the brain calculates the probability 

of prediction for specific levels of the model. They concern, among others: 

1. hypotheses regarding shapes, colors or sounds (low levels of the model); and 

2. hypotheses regarding the movement of cars, braking distance, evasiveness, etc.;   

and 

3. hypotheses related to traffic situations, moving vehicles, traffic lights etc. 

The generated hypotheses are based on the information received from the senses.  

The important thing in our example is that the probability of the hypothesis whose aim is to 

minimize the prediction error as much as possible, is based more on the subjective assessment 

of a given event than for example on some “objective” properties of reality (Rescola 2015, 

p. 4). This assessment, however, is not completely arbitrary because it is associated with the 

probabilistic nature of the information given in the sensory signal. However, it is subjective 

because we are not aware of causal sources that trigger sensory arousals. Therefore, one should 

accept their most likely (from the organism’s point of view) explanation.26 

It is widely believed that Bayesian models are located at Marr’s computational level (Chapter 

et al., 2010; Friston, Fortier, Friedman, 2018, p. 23-24) because they provide an understanding 

of why a given system does what it does. From this perspective, it can reasonably be assumed 

that there is more explanatory power in those models that allow researchers to view other 

levels of analysis than the computational. In the approach developed here, the multilevel and 

hierarchically organized model generates subsequent predictions that minimize potential pre-

diction errors present at lower levels of the hierarchy. At each level, the Bayes’ rule is to be 

implemented for the organism to represent the world and act effectively in it (cf. Clark, 2013, 

Friston, 2005). In addition to descriptions at the computational level, various types of algo-

rithms are being developed that approximately implement the Bayes’ rule (cf. Sanborn, 2017; 

Spratling, 2017). Thus, they enable answering questions about the how of a given mechanism, 

i.e., to a certain extent, functionally explain a given system. As I mentioned earlier, the issue 

of a neuronal implementation of the proposed algorithms remains unclear, but many authors 

make efforts to indicate its possibility (cf. Friston, 2005; Gordon et al., 2018; Parr & Friston, 

2018; Rao & Ballard, 1999). 

 

 

 

 
26 Using abductive inference (Seth, 2015). 
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4. Problems with Bayesian models 

Bayesian confirmation theory27 has faced a number of objections. The most important are re-

lated to the so-called paradox of the ravens,28 the problem of logical omniscience,29 the prob-

lem of old evidence30 and the new problem of Goodman’s induction. The last problem needs 

a closer look. This paradox generally concerns the fact that the applicability of the confirma-

tion theory is determined by certain philosophical assumptions that must be adopted with it 

(explicitly or not). For if the confirmation theory is not based on certain philosophical assump-

tions (e.g., concerning the way of constructing a probabilistic space or its objects), it leads to 

absurd conclusions, e.g., confirming contradictory statements. Methodologically, Goodman’s 

problem can be presented as follows: 

 
27 Bayesian theory of confirmation is quantitative, not a qualitative. It tells us whether a given piece of evidence 

confirms a hypothesis, and additionally tells us how much, or the degree to which, a piece of evidence confirms 

a hypothesis. This theory has to explain to possibility of updating new beliefs by the Bayesian generative model. 

This is made possible by the principle of conditioning, which allows the probability of certain hypotheses or 

beliefs to be updated. This principle is based on the systematic application of the Bayesian rule in such a way 

that the relative probabilities of the hypotheses from the earlier stages of the justification are treated as the 

a priori probabilities in the following stages. The confirmation theory based on the principle of conditioning 

serves Bayesian supporters (especially in the subjective version) to demonstrate scientific objectivity. Regard-

less of the preferences and beliefs of scientists in relation to a given hypothesis (i.e., the primary probability that 

scientists assign to it), taking into account the same data (e.g., empirical), after some time the differences in the 

preferences of scientists will be leveled (i.e., posteriors will be almost identical) (Kawalec, 2003, p. 116).  

28 This paradox is related to Hempel’s observation that his confirmation theory (which forms the basis of Bayes-

ian confirmation theory) predicts that the observation of the black raven (as expected) supports the hypothesis 

that all ravens are black. However, the observation of the non-black non-raven also supports this hypothesis. 

One can defend this theory by arguing that in the real world a confirmation based on the observation of black 

ravens is much more reliable than that based on the observation of non-black non-ravens. (cf. Fitelson, 2006). 

29 According to the standard axioms of the theory of probability, it seems that every logical truth has a probability 

equal to 1, that is, be sure. The use of the phrase “seems” is appropriate because Kolmogorov’s axioms do not 

really entail this claim. However, if one takes the normal interpretation and concludes that the set of possibilities 

is some set of (logically or metaphysically) possible worlds and identifies the propositions with the set of worlds 

in which they are true, it means assigning this logical (or perhaps even metaphysical) omniscience to subject. 

(This problem is related to the problem of practical computability of Bayesian models). Bayesian supporters 

respond to this objection by claiming that it is not a descriptive theory, but a normative theory, therefore some 

idealizations are possible. 

Other important constraints of Bayesianism are related to, inter alia, with the problem of setting priors or histo-

rical inadequacy (cf. Easwaran, 2011). 

30 This problem was formulated by Clark Gilmour (1980), who noted that some evidence that has been known 

for some time - that it is old evidence, and that there is a hypothesis or theory that has been analyzed for some 

time. At some point it is stated that this hypothesis implies this old evidence. Typically, this would mean that 

the hypothesis implies this evidence. However, according to Bayesian confirmation theory seems unable to 

explain how a previously known evidence could provide any new support for that hypothesis. For conditionali-

zation to come into play, there must be a change in the probability of the evidence but if this evidence is old 

evidence, there is no change in its probability. Attempts to solve this problem are discussed, among others, by 

Howson (1991) and Eva and Hartman (2020). 
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For any quantitative confirmation theory of T, there are two (mutually translatable) interpre-

tations of I1 and I2, such that for the sentence{τ(α) = x} ∈ T w I1 and I2 the degrees of confir-

mation of this sentence are paradoxically divergent (in particular {τ(I1(α)) = x} ˄ {τ(I2(¬α)) = 

x}, where τ is the confirmation function at T and x ∈ [0, 1]). 

The Goodman paradox proves that it is impossible to construct a good confirmation theory 

without adopting minimal philosophical assumptions. These assumptions concern, inter alia, 

the following issues: 

1. the method of constructing a probabilistic space; 

2. assigning probabilities to original hypotheses; 

3. assigning probabilities to conditions of hypotheses; 

4. rules for updating the probability of hypotheses etc. (cf. Kawalec, 2003). 

In the light of these remarks, it is obvious that the Bayesian PP framework adopts a number of 

philosophical assumptions (including those concerning the unconscious nature of the Bayesian 

rule implementation, the nature of predictions, or information from the environment). In PP, 

updating beliefs is directly related to assigning a certain weight to the prediction error. The 

weighting is based on the accuracies of the probability distributions (or in the case of the con-

tinuous probability density function), where precision is the reciprocal of the variance so that 

a highly precise distribution has very little variance. Weight expresses the speed of learning, 

which increases as precision is assigned to a belief. We can speak of a precision optimization 

mechanism. I.e., the model can generate diminishing precision predictions to create a learning 

rate variable that is sensitive to contextual information. The generative model, therefore, must 

be hierarchical, so that the weight of the prediction errors at any level can be modulated by 

learned patterns in several spatiotemporal ranges, i.e., at other levels. For example: the weight 

of the predicton error related to the perception of cars moving on the street will decrease when 

I drive a car with glasses (assuming I have poor eyesight) and when, for example, I drive a car 

on a road I know (Hohwy, 2020a, p. 210-211).  

PP supporters can defend themselves against the above objections by claiming that (1) the 

generative model implements the Bayesian network in an approximate and not exact manner 

(cf. Sanborn, 2017; Hohwy, 2020a); (2) many of the arguments criticizing Bayesianism relate 

to the use of probability theory at the personal level, and much of the literature and research 

in the field of PP focuses on sub-personal processes; (3) the concept of probability in PP is 

also frequency-related, i.e., one can speak of a certain “objective” probabilistic structure meas-

ured in the Natural Scenes Statistics (Orlandi, 2016). This solution helps to explain why cer-

tain possibilities are excluded in advance in PP. This is because the world is in some way 

previously structured; (3) it can be argued that in some types of cognitive processes the brain 

does not carry out fully developed and formally correct complex calculations, but uses simpli-

fied heuristics which—as empirical research confirms—may in certain circumstances be more 

effective than the use of complex calculations (cf. Gigenzer, Brighton, 2009; Parpart, Jones 

& Love, 2018). This possibility is shown by some supporters of the active inference frame-

work (cf. Constant et al., 2019; Veissière et al., 2020). It should be emphasized, however, that 

such attempts are absent from the literature on PP (cf. Colombo, Elkin & Hartmann, 2018). 
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The strongest arguments against the use of these models in cognitive science and neuroscience 

were presented by Bowers and Davis in the famous paper Bayesian just-so stories in psycho-

logy and neuroscience (2012). They argue that it is not modern Bayesian models that explain 

a number of issues related to the performance of various tasks by our brains, but traditional 

non-Bayesian approaches.31 Also, Bayesian models and their assumptions tend to be fitted 

post-hoc around data (cf. Litwin & Miłkowski, 2020). The reason is that (1) Bayesian models 

used in psychology have little support in empirical evidence. This translates directly into the 

fact that these models predict phenomena to a much lesser extent than classic models; (2) the 

use of Bayesian models in neuroscience is even less empirically justified. There are many 

mathematical analyses that show how specific neuronal populations could calculate in 

a Bayesian manner, but there is very little evidence that would confirm these analyses empiri-

cally; (3) it is not justified to believe that psychological theories should be constrained only or 

primarily by rational analysis of what the brain should do. According to Bowers and Davis, 

the Bayesian approach cannot be accepted, because there are many other equally important 

constraints. These include evolutionary, biological or computational constraints. Ignoring 

these constraints leads to the conviction underlying Bayesian models that brain function is 

based on optimizing behavior correlated with specific tasks (see also Elqayam & Evans, 2011). 

In other words, we can talk about over-intellectualism regarding brain work. I think that, in 

part, the above remarks can be combined with the earlier observations. Namely, Bayesian 

models are developed primarily at the computational level of analysis demonstrated by Marr 

(cf. Colombo & Seriès, 2012).32 It is different, as some argue, in the case of Bayesian modeling 

used in PP. If so, isn’t Bowers and Davis’ criticism focused on PP-based approaches? It is 

difficult to answer these questions unequivocally. 

Other researchers develop the last of the arguments put forward by the authors of Bayesian 

just-so stories in psychology and neuroscience. Namely, if one looks at cognitive processes in 

the context of the biological evolution of the human species, the use of probability—or simply 

the Bayes’ rule—is something unusual for man, appearing relatively late in the process of 

evolution (cf. Cosmides & Tooby, 1996; Williams, 2019b).33 

The arguments given are strong and their acceptance may lead to a conclusion that denies the 

explanatory power of some, and perhaps even all Bayesian models. When analyzing them, it 

 
31 In response to this objection, Griffiths et al. (2012) states that Bowers and Davis ignore the fact that Bayesian 

approaches in science “[lead] us to new ideas about the mind and brain”. This means that they cannot be replaced 

with other non-Bayesian research frameworks, because both Bayesian and non-Bayesian frameworks can pro-

vide valuable and irreducible information about the phenomena studied. 

32 Clark Glymour (2001) attempted to defend the implementation of Bayesian algorithms by arguing that Bayes-

ian networks are a species of neural networks, which in turn are a species of graphical causal models. His claim 

is based on observations and research on people with brain damage. Glymour assumes that knowledge of pa-

tients not properly performing certain tasks provides information about the structure of the mind. For example, 

a failure in an acyclic neural network causes the emergence of new probabilistic relations of independence, 

which means that the Bayesian neural network hypothesis allows testable predictions about the damaged brain. 

Important for Glymour’s analyses is the possibility of graphical modeling of processes carried out in the brain 

(this idea was developed by Glymour’s student David Danks [2014]). 

33 See footnote 25. 
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should be noted that most Bayesian approaches create models of the ideal observer. As Knill 

and Pouget (2004, p. 712) claim, in Bayesian models, “human observers act as optimal Bayes-

ian observers.”34 It seems that, in a predictive approach, due to algorithmic levels and imple-

mentation, this ideal observer ceases to be ideal. This is because, as some researchers claim, 

models in PP are oriented on actual processes, so they relate to specific physical components 

and causal relationships that are responsible for the implementation of such and such human 

behaviors (cf. Harkness & Keshava, 2017; Hohwy, 2015; Spratling, 2017). 

Another complaint that should be mentioned is related to the so-called NP-hard problem. It 

concerns the practical computability of Bayesian models. This means that the Bayesian re-

quirements (associated with explicit Bayesian inference) that the agent should meet are im-

possible to implement.35 

The question of whether PP enables modeling cognitive phenomena at non-computational lev-

els of description distinguished by Marr, i.e., algorithm and implementation, raises many 

doubts. As for the problem of mechanistic implementation, this issue raises a number of am-

biguities. It looks different when used at the PP algorithm level. Here the situation is much 

more promising (cf. Spratling, 2017; Friston, Fortier & Friedman, 2018, p. 23-24).36 

Jones and Love argue that, despite the general assumptions in Bayesian models, there is actu-

ally no application of Bayes’ rule, but rather of “mathematically elegant formalization of ab-

stract induction” (Jones & Love 2011, p. 178). In practice, this means that (1) the model is 

already equipped with prior knowledge, which, for example, allows it to recognize patterns 

(e.g., regularity in a string of words in which the dimensions of the letters matter), so the fact 

that the model recognizes this and not another pattern is not completely surprising or theoret-

ically informative; the model, which is to explain the relevant cognitive function of a given 

system, assumes a way of its implementation; and that (2) strong assumptions are made here 

 
34 In this context, it is worth recalling the old objection that Bayesianism assumes that the cognizing subject is 

ideal as its beliefs are to be consistent with the axioms of probability theory. Proponents of Bayesianism claim 

that the theory is normative, not empirical, and therefore some idealizations are allowed. When discussing this 

objection in the context of PP, it should be remembered that beliefs are not understood as in classic Bayesian 

models. Rather, they denote hierarchically defined probability distributions in a multilevel generative model. 

35 In the context of PP, see Kwisthout & van Rooij 2019. Possible strategies to solve this problem are discussed 

by van Rooij et al. 2018. These researchers, however, claim that none of these strategies ultimately solves the 

NP-Hard. Note that the authors of this paper do mention a strategy that provably resolves the issue of NP-

hardness of Bayesian inference. The other strategy for solving this problem is proposed by Thornton (2016), 

who claims that a generative model approximating Bayesian inference can implement a universal Turing ma-

chine (see also Sanborn, 2017; Friston et al., 2006).  

36 Spratling lists five possible theories (this list is certainly not closed) that use PP at an algorithmic level. These 

are linear predictive coding, predictive coding in the retina, predictive coding in the primary cerebral cortex 

based on the Rao and Ballard model, predictive coding in the primary cerebral cortex based on the BC model 

(Biased Competition) and predictive coding based on the FEP model. The algorithms discussed also differ in 

how the prediction coefficients relate to the relevant biological neural circuits. Some believe that these coeffi-

cients correspond to the synaptic weights of the lateral connections in the retina (Srinivasan, Laughlin & Dubs, 

1982); others associate them with cortical pyramidal burn-out indices of feedback (Friston, 2009; Kiebel & Fris-

ton 2011) or with the responses of the corresponding conjugated pyramidal cells (Spratling, 2012). 
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regarding the environment in which the system operates, i.e., a formal model of the environ-

ment is created for which the system is to be adapted. In the approach, both of these model 

properties are associated with a strong assumption regarding the rationality of inferences pre-

sent in traditional Bayesian models (cf. Oaksford & Chater, 2007). Classical literature on heu-

ristic inferences (cf. Tversky & Kahneman, 1974; 1979) no longer allows for an uncritical 

transition to this assumption. The implementation of Bayes’ theorem is therefore only the gen-

eral hypothesis adopted in this approach. 

These comments do not seem to be well-founded in relation to Bayesian PP, namely in PP 

there are no inductive inferences in the sense defined e.g., by Rational Analysis. There, the 

behavior of a given organism is understood as the optimal solution for a specific probabilistic 

inference that relates to the task arising from contact with the environment, based on a formal 

model of the environment.37 In PP, hypotheses formulated on the basis of these inferences 

explain information best if they are treated as evidence in favor of the statements that the 

hypotheses make (Hohwy, 2014; cf. Hempel, 1965, p. 372–374). This means that in PP, the 

cognitive system “extracts” its priors from the raw data through the process of incremental 

model optimization by minimizing prediction errors. The model is thus constructed through 

continuous learning and error minimization, so that no specific beliefs need to be assumed in 

advance. This process can be called inductive or abductive, but the key thing is that it is unsu-

pervised: the inputs are not a priori classified, and the beliefs at the starting point can be ran-

domized and then progressively match the input statistics. For this reason, the generative 

model can be understood as self-evidencing (Hohwy, 2014). In PP we are not dealing here 

with a formal model of the world like in Rational Analysis, but with hierarchically organized 

probability distributions regarding relevant information transmitted through sensory inputs. 

The above characteristic is purely formal because it does not show why and in what way the 

model should use Bayes’ inference, and why it should be probabilistic rather than some other 

kind of inference (Colombo, Elin & Hartmann, 2018). Clark claims (2013b, p. 189) that in PP 

cognitive processes are an approximation of Bayesian inference. This means that an intractable 

problem is converted into a tractable optimization problem (Friston, 2011; cf. Buckley et al., 

2017; Dayan et al., 1995).This explanation does not say much about how the brain would 

exactly follow the strategy prescribed by Bayesian rule.38 It seems that the hyper-realistic in-

terpretation, which understands the concept of approximation literally, i.e., in the sense that 

the brain directly uses Bayes’ theorem, should definitely be ruled out.  

 
37 In this approach, the following steps can be distinguished (Oaksford & Chater, 2007, p. 71-72): 

1. The goals of the cognitive system are identified; 

2. A formal model of the environment to which the system is adapted is developed; 

3. Minimum assumptions about the calculations are made; 

4. The optimal behavior function, determined in steps 1-3 is obtained (this requires formal analysis using 

rational norms such as probability theory, logic or decision theory); 

5. Empirical evidence is tested to see if the predictions about the behavior function are confirmed; 6. Steps 1-

5 are iteratively repeated to refine the theory. 

38 Gładziejewski suggests one should speak here about the implementation of the Bayesian network, whose 

structure resembles a causal-probabilistic network of the environmental structure (Gładziejewski, 2016, p. 571). 
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Alex Kiefer (2017) argues that perceptual inference in PP should be treated literally, i.e., as 

a process of reaching the truth and maximizing the coherence of the model. He refers to Har-

man’s view (1973) according to which inference is a search for coherence or a change of views, 

which is connected with the rational requirement to maintain the truth in relation to appropriate 

representations or beliefs.39 The argumentation adopted by Kiefer is convincing because this 

author shows how Bayes’ inference, understood in this way, can be used in computational 

models proposed e.g., by Sejnowski and Hinton (Hinton & Sejnowski, 1983) that inspired 

modern computational models. The fitting of new information to the model is treated as a spe-

cial case of consistent information, or in other words: maintaining the coherence of internal 

model parameters. Therefore, increasing the coherence of the model allows for greater con-

sistency in representing the relevant probability distributions. In PP, precision (Clark, 2013; 

Hohwy, 2013, Ch. 3) is used to specify the already existing knowledge (priors) and new infor-

mation reaching the model in relation to subsequent levels of the hierarchy. The conclusions 

are a precisely weighted combination of prior knowledge and the likelihood of specific infor-

mation appearing. Precision, therefore, is a way of building a compromise between knowledge 

and incoming information (Kiefer, 2017, p. 19). This way, the model, using new data, in-

creases its internal coherence. 

Colombo, Elkin and Hartmann (2018) put forward a number of objections that speak against 

the realistic approach shared by some PP supporters with regard to Bayesian inferences. First, 

the Bayesian approach in PP and more broadly in cognitive science does not implement special 

epistemic virtues that other alternative approaches would not share. The point is that the ap-

proach is neither simpler (with greater unification possibilities) nor, for example, more ra-

tional. Second, Bayesian algorithms have so far found poor support in empirical evidence. 

According to Colombo, Elkin and Hartmann, an anti-realistic approach should be adopted, 

which in practice means agnosticism according to Bayesian models.40 So is the choice of 

Bayesian approach in PP arbitrary? There are reasons to think so.41 

 

 

 
39 The following objection can be made to Kiefer’s solution: the search for coherence is an essentially undeci-

dable problem, and the consistency is NP-Hard (though not NP-Complete). The problem of the subject’s omnis-

cience and the question of the infinite computability of the generative model arises here. This objection can be 

weakened by claiming that the generative model uses simplified inferences (heuristics) in its calculations. How-

ever, so far there is no such proposal in the literature on PP. One can also take the complete class theorem 

(Brown, 1981; Wald, 1947) according to which for any given pair of loss functions and decisions, there are 

some priors that render the decisions Bayes optimal. This means that every conceivable set of behaviors, resp. 

actions is explainable with respect to the (at least one) set of priors (Friston, Adams & Montague, 2012, p. 6). 

40 These authors also discuss other alternative methods of uncertainty modeling (for example the quantum prob-

ability) (Colombo, Elkin & Hartmann, 2018, p. 12-18). 

41 Colombo, Elkin and Hartman (2018) argue that Bayesianism is still the most popular approach to studying 

uncertainty and modeling cognitive processes. The choice of this approach is therefore a conservative move, 

one which favored the development of specialization within empirical sciences (Stanford, 2019). The search for 

new solutions is characteristic of modern institutionalized science, but research liberalism alone is not a suffi-

cient argument for rejecting the conservative Bayesian approach. 
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5. Conservative and radical approaches to predictive processing 

Even a sketchy reading of some PP studies leads to the conclusion that there is no single and 

comprehensive interpretation of this framework. We see that there are a number of different 

critical views that are often mutually exclusive. When analyzing this research approach, alt-

hough the role it can play in cognitive science and philosophy is clear, one can notice a number 

of discrepancies when it comes to the understanding of basic concepts, terminology, and the 

explanatory or methodological status of every statement. There are at least two appro-

aches: conservative and radical (cf. Clark, 2015a, 2015b; Dołęga, 2017; Gładziejewski, 2017b; 

Orlandi, Lee, 2018).42  

 

5. 1. Conservative predictive processing 

The conservative approach to PP (cf. Gładziejewski, 2016, 2017b; Hohwy, 2013; 2018; 2020a; 

Kiefer, Hohwy, 2018; Wiese, 2017) emphasizes that the mind is relatively isolated from the 

environment, which means that its cognitive contact with the outside world has its source in 

the neuronal activity of the brain and only in it. The internal model of the world is coded at 

the neuronal level (Clark, 2015a, p. 14). The generative model produces predictions that func-

tion as representations of what is happening in the external environment. This means that the 

relationship between the mind and the world is mediated by internal representations. In this 

framework, the world model is constructed on the basis of internal representations of the world 

which are isomorphic with its causal structure (Gładziejewski, 2016, Kiefer, Hohwy, 2018). 

Some describe these representations as structural because they operate on the basis of the 

structural similarity between the representation itself and what it represents (cf. Gładziejewski, 

2016; Gładziejewski & Miłkowski, 2017; Kiefer & Hohwy, 2018; O'Brien & Opie, 2004; 

Shea, 2014). In this context, one can recall the words of Hohwy who claims that “the causal 

net of the environment and the causal net represented in the internal model will mirror each 

other” (Hohwy, 2018, p. 4), because the cognitive system is “an internal mirror of nature” 

(Hohwy, 2013, p. 220). 

Gładziejewski (2017b) points to three basic commitments that are characteristic of conserva-

tive PP (Gładziejewski, 2016, 2017b; cf. Hohwy, 2013; 2018; Kiefer, Hohwy 2018; Wiese, 

2017). These are (1) the commitment to representationalism; (2) the commitment to using the 

concept of inference as subserving perception and action; (3) the commitment to internalism 

as the position that cognitive mechanisms are based solely on the work of the central nervous 

system. This means that the content of mental representations is determined only by the inter-

nal states of the organism (cf. Lau & Deutsch, 2002). 

The first commitment is particularly important for the analyses presented in this article. 

Gładziejewski claims that this commitment can be interpreted in two ways. The so-called weak 

(pragmatic) interpretation assumes that the content of mental states is attributed to the internal 

model of the world for purely pragmatic reasons. In this approach, internal representations do 

 
42 Zahavi, however, emphasizes that his criticism primarily concerns the conservative PP and—to a much lesser 

extent—its non-representationalist alternative (Zahavi, 2018, p. 55). For this reason, I will discuss the conserva-

tive PP and will focus on demonstrating that this position has no anti-realistic consequences. 



Michał Piekarski 

 
 

22 

not have real content, but they are only postulated by some researchers who want to explain 

the cognitive functions of the mind (cf. Egan, 2014; Downey, 2017). Strong (realistic) con-

servative PP postulates that mental states contain real and causally relevant representative con-

tent. For this reason, it should be stated that the generative model has real content and repre-

sents the world in a non-trivial way. This means that (1) it generates environment-oriented 

predictions that guide actions; (2) the function of guiding action depends on the resemblance 

between functional relationships among encoded variables and the causal structure of the en-

vironment; and (3) the effectiveness of the model in action depends causally on the degree of 

structural similarity between the environment and the model. 

When assuming a strong interpretation, it should be stated that the commitments to the inferen-

tial nature of perception and to inferentialism are closely related and result from the commit-

ment to representationalism (Gładziejewski, 2017b, p. 106, 111; Kiefer, 2017).43 

 

5. 2. Radical predictive processing 

The approaches that can be included in the radical PP are much more diverse than the proposals 

under the conservative approach. It can be said that what is common to them is criticism or 

rejection of one or more commitments characterizing conservative PP. Radical PP is exempli-

fied by the works (among others) of Andy Clark (2015a; 2016 etc.), Nico Orlandi (2016; 2018; 

Orlandi & Lee, 2018), Jelle Bruineberg, Julian Kiverstein and Erik Rietveld (Bruineberg 2017; 

Bruineberg, Kiverstein & Rietveld, 2018; Bruineberg & Rietveld, 2014) and Michael Kirch-

hoff (2018; Kirchhoff & Robertson, 2018). These authors emphasize that, firstly, action and 

perception stand in close relation to each other. Secondly, and more importantly in this context, 

they also claim that some levels of the hierarchical generative model are directly representa-

tional, whilst others are only indirectly so,44 being related to the world in an enactive way, 

which means that representations “aim (is) to engage the world, rather than to depict it in some 

action-neutral fashion” (Clark, 2015b, p. 4). 

Radical PP is inspired, on the one hand, by ecological psychologists developing ideas proposed 

by James J. Gibson (1966; 1979), and on the other hand by enactivists referring to the works 

of Francisco Varela and Humberto Maturana (Varela, Maturana & Uribe, 1974; Varela, Thom-

son & Rosch, 1992). Ecological approaches are characterized aptly by Pfeifer and Bongard by 

means of the so-called Principle of Ecological Balance. It states that, “first… that given a cer-

tain task environment there has to be a match between the complexities of the agent’s sensory, 

motor, and neural systems… second... that there is a certain balance or task-distribution be-

tween morphology, materials, control, and environment” (2007, p. 123).  

 
43 The point is that the brain abductively “infers” about the causes of sensory stimulation (input sensors) in such 

a way that it presents hypotheses that best explain information coming from the environment (Kiefer 2017; see 

also Gregory 1980).  

44 Some researchers belonging to radical PP reject the existence of representation at all (cf. Kirchhoff & Robert-

son, 2018; Orlandi, 2016; 2018; van Es, 2020a). 
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Despite many controversies pointed out by various critics, the enactive tradition has many 

supporters also among researchers dealing with PP. Because of its programmatic anti-repre-

sentationalism, it is often associated with and combined with ecological psychology and phi-

losophy (cf. e.g., Bruineberg, Kiverstein & Rietveld, 2018; Bruineberg & Rietveld, 2014). 

However, one should keep in mind the differences between these two approaches. 

 

 

Table 1. Comparison of conservative and radical PP due to their inspiration, theoretical commitments 

and the adopted model of explanation. 
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Some supporters of the radical approach (see, among others, Bruineberg, Kiverstein 

& Rietveld, 2018; Orlandi, 2016; 2018; van Es, 2020a) criticize the conservative approach 

because of its internalism and representationalism. They claim that internalism means a posi-

tion that—in contrast to extended and embodied approaches to cognition—emphasizes that 

the limit within which one should think and study cognition is the limit of the nervous system. 

According to the strong interpretation,45 conservative PP assumes some of the premises of 

methodological individualism, i.e., a position whereby the explanation of cognitive processes 

and phenomena is carried out by analyzing and explaining the cognitive mechanisms imple-

mented in the brain. However, it can be concluded that the dispute is to some extent apparent. 

The brain (and the generative model in particular) comes to recapitulate the causal/statistical 

structure of the environment. This means that the environment plays an indirect but absolutely 

essential role in the psychological explanations offered by what is here called conservative PP.  

 

5. 3. Internalism and Markov blankets 

Many researchers claim that the boundaries of living systems are best marked by their Markov 

blankets (Hohwy, 2017; Friston, Wiese, Hobson, 2021; see also Hesp et al., 2019; Kirchhoff 

et al., 2018). In Bayesian networks, Markov blankets are described using the concepts of pa-

rents and children. Explaining a child’s behavior requires addressing the behavior of his parent 

and other children. Therefore, it is not necessary to know the states of the dots that precede the 

child’s parents, i.e., grandparents, great-grandparents, etc. In practice, this means that if you 

want to predict the condition of a given node, all you need to know are the states of the knots 

that make up his Markov blanket. The following illustration shows it well: 

 
Fig. 2. DAG of Markov blanket (Hohwy, 2017, p. 3). 

 
45 Strong (realistic) conservative PP postulates that mental states contain real and causally efficacious repre-

sentative content. 
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The Markov blanket (b) around internal states λn - where all other (external) variables are 

marked as xn - is defined as a set of variables that make λ conditionally independent from 

external states. Mathematically, it is written as follows: 

λ⊥x|k ⇔ P(λ, x|k) = P(λ|k) P(x|k) 

This equation illustrates the structure of the dependence in the factorization of the joint distri-

bution conditioned on the states of the blanket and into two independent distributions; by defi-

nition, two variables are conditionally independent if, and only if, their joint probability, con-

ditioned by some third variable, is equal to the product of their individual probability, condi-

tioned by that third variable. There is often talk of random variables separated in this way by 

Markov blankets—and conditional dependencies related to them (in terms of parents and their 

children) (Hipólito et al., 2021, p. 90). 

In this approach, the internal states of a given organism can be defined as Markov blankets 

that separate the system from its environment. These states are therefore independent (in a sta-

tistical sense) of environmental states. This means that internal states are designed to minimize 

prediction errors to maintain structural and functional integrity that leads to homeostasis and 

self-organization. The condition for minimizing prediction errors, resp. free energy is therefore 

a strict separation of the interior of the system from its surroundings, i.e., the ability of this 

system to distinguish itself from the environment (Friston, 2013b). Markov blankets enable 

statistical demarcation of system boundaries. A Markov blanket induces a statistical parti-

tioning between internal (systemic) and external (environmental) states, the latter of which can 

be associated with neuronal, bodily, or worldly states depending on the relevant partitioning 

of the system in question. Blankets comprise a bipartition into active and sensory states.46 They 

mediate exchanges between systemic and environmental (neuronal, bodily and so on) states 

(Ramstead et al., 2021, p. 4).47 Hohwy claims that there is a fundamental difference between 

the internal known causes as they are inferred by the model and the external hidden causes on 

the other side of the Markov blanket. According to this, internalism means that all perceptual 

and cognitive processing happens within the internal model, or, equivalently, within the Mar-

kov blanket (Hohwy, 2017, p. 7). It should therefore be said, that in the conservative PP cog-

nitive contact depends on where the Markov blanket is placed, its location being independent 

of any facts about the brain, patterns of neuronal activation and so on. For example, Hohwy’s 

claim that the blanket is best placed around the brain is a conditional arrangement related to, 

 
46 This means that the understanding of Markov’s blankets in PP and the active inference framework is far 

beyond Pearl’s approach, in which there is no separation into active and passive states. 

47 It should be noticed that there is a divergence between ontic interpretations of Markov blankets in terms of 

Pearl “instrumental” blankets and Friston “realist” blankets (Bruineberg et al., 2020). Pearl interpretation does 

not go beyond pure formalism and Markov blankets themselves turn out to be a mathematical construct used for 

making inferences about the e.g. generative model. In Fristonian approach (used by many PP advocates) the 

properties of blankets are projected onto target systems (e.g. living organisms). Such an approach is not “philo-

sophically innocent”, as convincingly demonstrated by Bruineberg et al., 2020. 
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among others, the explanatory strategy, the research interests, and the phenomenon under 

study.48 For this reason, it should be said that the conservative PP’s internalism is not essen-

tialist, but pragmatic.49 

The rejection of essentialism regarding the boundaries of cognitive systems can lead to weak-

ening or even negating the sharp distinction between internalism and externalism (see Ram-

stead et al., 2021), thereby weakening the distinction into conservative and radical PP. The 

above analyses lead to the statement that one can be an internalist in PP while not postulating 

neuro-representationalism; it all depends on where the Markov blanket will be placed. In 

other words, internalism does not have to imply and does not actually imply neuro-represen-

tationalism.50 For this reason, one can agree with Gładziejewski, who emphasizes that a con-

sistent reading of the conservative approach (even with a strong interpretation of the 

commitment to representations) includes it in the 4E approach to cognition.51 Jakob Hohwy 

(2018) adds that this framework is able to better explain how embodied agents interact dyna-

mically with the environment, and that the boundary between the mind and the world is on the 

one hand self-evidencing (Hohwy, 2014), which means that the causes of sensory stimuli are 

indirectly known by inference about the information coming from the sensory inputs, while 

on the other hand it is causal. There is dynamic feedback between the mind and the world, and 

this is made possible by perception and actions in the world.  

 

6. Predictive processing and the free energy principle 

It can be said that PP is a combination of two ideas (Gładziejewski, 2019; Klein, 2018): the 

first rests on the conviction that this framework is a set of various statements about what the 

brain is and how it works (cf. Clark, 2013; 2016; Hohwy, 2013, 2020a; Wiese, Metzinger, 

2017); the second is that the basis of the brain or mind, or rather the whole human body, lies 

in the formal conception of theoretical biology called the free energy principle (cf. Friston, 

 
48 From the perspective of mechanistic explanation, determining the boundaries of a cognitive system is always 

dependent on a given research task and thus on how we want to explain such and such cognitive phenomenon, 

thereby indicating the mechanism responsible for it. Determining the limits of the cognitive system would then 

be carried out anew, without any prejudices as to its width or centralization around the brain, but using a mech-

anistic criterion to distinguish components of the system from contextual conditions (Wachowski, 2018, 

cf. Hutchins, 2014; Kaplan 2012). 

49 By essentialism according to Ramstead, I understand the belief according to which “there is a uniquely defin-

ing boundary or unit of analysis from which best to understand and investigate cognition” (Ramstead et al., 

2019, p. 2). 

50 Zahavi accuses conservative PP neuro-representationalism (2018).  

51 He formulates a number of arguments for this claim. First, representations are not static images of reality, but 

internal, guiding actions or structural representations that allow the recognition of representational errors. They 

are modal in nature and their content is constrained by the way the body is embodied and embedded in the 

environment. Secondly, the key concept of inference for PP is liberal, which means that the representations have 

truthfulness conditions, and the way they are updated is active rather than reactive. Thirdly, the conceptual 

resources related to PP allow for an interesting connection between this approach and other existing 4E appro-

aches (Gładziejewski, 2017b). 
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2009; 2010; 2012; Friston & Kiebel, 2009; Friston, Kilner & Harrison, 2006; Friston 

& Stephan, 2007; Hohwy, 2015a; Kiverstein, Sims; 2021; Smith, Friston & White, 2021). 

There is no consensus among researchers as to how these two ideas—let us call them archi-

tectural and homeostatic—are related to each other and whether the architectural approach 

must necessarily be considered in the context of the homeostatic approach. It seems natural to 

look for some fundamental biological principle that will explain the predictive nature of the 

human brain. Since human cognition can be explained by the Bayesian PP (cf. Clark, 2013; 

Howhy, 2013; 2015a), then, as some researchers claim, it should be possible to include the 

unification framework determined by this approach in one formal rule that is implemented or 

realized on subsequent levels of the generative model. This framework is supposed to be pro-

vided by FEP which expresses the homeostatic nature of living organisms. Therefore, if the 

architectural approach has a definite explanatory power, then we should look for its full justi-

fication in the biological, and even better, metaphysical nature of the objects explained. Fol-

lowing this lead, it should be stated that the explanatory power of the architectural approach 

comes from the explanatory and unifying power of FEP. Analyzing the above remarks, two 

conclusions come to mind: (1) the relationship between PP and FEP depends on the explana-

tory possibilities that we assign to the architectural approach; and (2) determining the depen-

dence of the architectural approach on the homeostatic one implies a number of solutions re-

garding what FEP explains and how. 

According to FEP, any self-organizing system that is at a non-equilibrium steady-state with its 

environment must minimize its (variational) free energy (Friston & Stephan, 2007; Friston, 

2013b). In other words: any “thing” that achieves a non-equilibrium steady-state can be con-

strued as performing a Bayesian inference with posterior beliefs that are parameterised by the 

thing’s internal states. This means that this principle applies to all biological systems and is 

associated with their innate ability to counter the natural tendency to disorder (cf. Constant, 

2021; Colombo, Palacios, 2021). If a system exists, its trajectory over phase space by defini-

tion satisfies a functional variational free energy. In line with the FEP, every living organism 

is an ergodic process, i.e., one for which statistics averaged over time are the same as its sta-

tistics averaged over the process. Internal states of the body can be defined in terms of Markov 

blankets (cf. Friston, Wiese & Hobson, 2020; Kirchhoff et al., 2018), which, in order to main-

tain their integrity and autonomy, must minimize free energy (in the information-theoretic 

sense) – an upper bound on surprise that is equivalent to the negative log probability of an 

outcome given a generative model (Friston, 2010). Heuristically speaking free energy is the 

difference between expectations about the world (how it is modelled) and what the world is 

like. Minimizing free energy is crucial for the organism because this mechanism reduces the 

degree of uncertainty resp. surprisal.52 Proponents of applying FEP in PP suggest that the mini-

mization of free energy should be directly associated with the Bayesian minimization of pre-

diction errors.53 FEP reduces surprise by tracking and minimizing discrepancies between data 

 
52 Surprisal is the negative logarithm of the probability of an event. In other words, it shows how unlikely a given 

event is in relation to the model of the world. 

53 Minimizing free energy entails minimizing prediction errors under the Laplace assumption (Friston, 2008; 

cf. Wiese & Metzinger, 2017, p. 12). 
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sent through the senses and top-coded predictions (this involves functional asymmetry of pre-

dictions and errors, which is based on the interaction of two types of pyramidal cells (cf. Clark, 

2013; Park & Friston, 2013)), modifying their precision based on neuromodulatory mecha-

nisms. In other words: free energy will be minimized when either the model parameters, i.e., 

beliefs (priors) and predictions about the sources and nature of sensory information (perceptual 

inference) are changed, or when there is a change in the environment, i.e., the causal structure 

of certain world states changes (by selectively sampling unsurprising sensations [cf. Badcock, 

Friston & Ramstead, 2019, p. 8; Friston, Daunizeau & Kiebel, 2009]). Minimizing free ener-

gy increases the model evidence, thereby reducing (long-term average) surprise, resp. predic-

tion error. 

Friston claims (2010, p. 129) that prediction errors can be minimized in two ways: (1) by 

passive (perceptual) inference, i.e., by revising the generative model (changing its internal 

parameters) and the hypotheses formulated about the statistical sensory signal; (2) through 

active inference, i.e., through such action in the world that will allow us to maintain the ap-

propriate hypothesis formulated by the model in a way that makes “our predictions come true” 

(Clark, 2016, p. 121).54 By making an active inference, the active agent interferes with the 

causal structure of relevant states of affairs. Here, active inference is understood, in a sense, 

as an action that minimizes uncertainty.55 These types of action are adaptive because their goal 

is (in accordance with FEP) to maintain homeostasis. It can therefore be said that active infer-

ence is the use of FEP for action (Buckley et al., 2017).56 It consists in the active agent wanting 

to stay alive by maintaining its homeostasis. 

By combining information theory with the thesis on the adaptive nature of biological life 

in terms of Bayesian networks and the theory of optimal decision, FEP makes it possible to 

explain the nature of the decision-making processes, motor control and information costs (Fris-

ton, 2012, p. 2102), as well as many aspects of the anatomy and physiology of certain orga-

nisms (Friston, 2009, p. 295). Schematically, the implementation of FEP at individual levels 

in the life of organisms can be represented as follows: 

 

 

 

 
54 It should be added that perceptual inference defines limitations (by modifying relevant model parameters) for 

active inference (Hohwy, 2020b, p. 8). 

55 In newer approaches, active inference is associated with Markov blankets and variational neuroethology 

(cf. Ramstead et al., 2017). This approach can be described as “broad active inference” or as “active inference 

framework”. The active inference framework is intended to provide a normative explanation of why agents must 

necessarily infer and minimize surprise by using their inner, latent states to maintain physiological integrity 

(Friston, 2012; Morville et al., 2018, p. 16). It should be added that the formalism of active inference is to 

provide an integrative framework for many normative approaches (Friston et al., 2017, p. 4) and is directly 

related to dynamic causal modeling (Friston, Harrison & Penny, 2003). 

56 This means that if FEP is the normative rule for all living organisms, then active inference is a normative 

framework explaining the optimal actions and behaviors of these organisms (cf. Schwartenbeck et al., 2013). 
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Fig. 3. The scope of FEP according to living organism. 

 

The PP literature provides arguments for supporters of binding this research framework with 

FEP (cf. Friston & Kiebel, 2009; Hohwy, 2013; 2015; Ramstread, Kirchhoff & Friston, 2020; 

Bruineberg & Rietveld, 2014; Bruineberg, Kiverstein & Rietveld, 2018), its opponents (cf. Co-

lombo & Wright, 2017; Orlandi 2016; van Es, 2020b) as well as authors showing ambivalent 

or agnostic attitude (cf. Clark, 2016; Gładziejewski, 2016; 2019; Sims, 2016; 2017). In this 

review, I will signal the problem of the homeostatic nature of predictive mechanisms, which 

seems to be crucial for the issues discussed here. 

According to FEP, every living organism is an ergodic process, i.e., one for which statistics 

averaged over time are the same as its statistics averaged over the process (cf. Friston, 2013b). 

From the point of view of this type of biological system, it is beneficial to minimize free energy 

in order to maintain homeostasis understood as energy balance (in the information-theoretic 

sense, not thermodynamic) with the environment.57 In the Fristonian approach, the mechanism 

of minimizing prediction errors is homeostatic and its function is to generate predictions (Fris-

ton & Kiebel, 2009). This means that it can be explained using FEP.58 Godfrey-Smith, how-

ever, draws attention to a significant limitation associated with talking about homeostatic 

 
57 The concept of homeostasis comes from the work of the French physiologist Claud Bernard, who stated that 

the invariability of the internal environment is a condition of a free and self-contained life (1865). 

58 Colombo and Wright point out that it is unclear what kind of explanation FEP offers. According to these 

researchers, FEP is not compatible with either organicism or mechanisms. In their view, it should be noted that 

the inference leading to FEP takes the form of a transcendental argument, the conclusion of which is that FEP 

is a condition for the existence of adaptive systems, including information processing systems and non-biolo-
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mechanisms. Namely: the actual homeostatic mechanisms consist in maintaining the stability 

of those organic properties that are not trivially associated with survival. That is, when a com-

plex activity of the organism contributes to its survival, it is truly homeostatic only if there is 

some indirect organic property, bringing real contribution to survival, whose homeostasis is 

maintained through this complex activity. Thus, for example, the intelligent use of fire by 

people to maintain body heat is not a real case of homeostasis implemented by some cognitive 

mechanism. It is therefore a complex organic ability that allows man to maintain a constant 

body temperature in changing environmental conditions, thus enabling survival in these con-

ditions. However, there is no reason to believe that everything that happens through cognition 

is trivially homeostatic. Therefore, if effective perception and coordination of activities ena-

bles the body, e.g., to avoid a predator, it is not a homeostatic mechanism even though it helps 

the organism maintain the basic integrity of the organic system. However, this would not be 

possible without the stability of some indirect organic properties, such as temperature and 

blood sugar levels. Cognitive mechanisms are adaptive, but an explanation of why they are 

this way requires reference to more basic organic homeostatic mechanisms (Godfrey-Smith, 

1996, p. 79). 

Godfrey-Smith’s remark is crucial for analyzing homeostatic mechanisms as viewed accor-

ding to Friston. It proves that one should be very careful when deciding that something serves 

to maintain homeostasis or is a homeostatic mechanism. 59 It is difficult to consider the mecha-

nism of minimizing prediction errors as an actual homeostatic mechanism. This mechanism 

can ensure the survival and operation of an organism in the environment as long as it refers to 

organic homeostatic mechanisms. In this sense, minimization of prediction errors is a way to 

implement homeostasis. Seth and Friston claim: “cognitive processes are grounded in fun-

damental evolutionary imperatives to maintain physiological homeostasis” (Seth & Friston, 

2016, p. 2). Therefore, it is justified to doubt the possibility of explaining predictive mecha-

nisms as homeostatic mechanisms of a given type.60 

 
gical systems such as social networks and artifacts (Friston, 2009, p. 293): “Systems that do not minimize free 

energy cannot exist” (Friston, 2013b, p. 2). Without going into the details of the analysis by Colombo and 

Wright, it must be said that the transcendental argument justifying FEP as the first principle in life sciences 

cannot be fully applied in any of the dominant views on the explanation of life. Cf. Andrews, 2021, where there 

is a response to the criticism of the FEP carried out, among others, by Colombo and Wright. On the normative 

nature of FEP as a regulatory idea and conceptual framework for life sciences, see Hohwy, 2020b. 

59 It is possible be that a cognitive mechanism does not to have biologically significant consequences, which 

means that it cannot be directly reduced to a more basic homeostatic mechanism. The sexual behavior of the 

praying mantis is a good example of this. The male mantis can see the female mantis better, but still falls prey 

to it during mating. It is therefore difficult to argue that the male mantis' perceptual mechanisms are indirectly 

homeostatic. The male’s successful minimization of potential prediction error does not at all lead to maintaining 

the stability of its organism (cf. Lelito, Brown, 2006.) 

60 However, one can defend Friston’s approach by claiming that only some mechanisms are homeostatic, while 

others are allostatic. Allostasis, or “stability through change” is the process of achieving homeostasis through 

physiological and behavioral changes. It is necessary to maintain the internal vitality of the organism in changing 

conditions (Sterling, Eyer, 1988). It can provide compensation in response to various problems of the organism 

(e.g., compensates for problems with the heart, kidneys or liver). Unfortunately, allostasis is unstable and com-
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7. Limits of explanation in predictive processing 

PP currently has a lot of supporters, but it also attracts important criticism. Some accuse PP of 

having weak empirical foundations in the sense that its biological and computational under-

pinnings are not clear. For this reason, PP actually does not offer homogeneous and systematic 

explanations, but redescriptions of already known phenomena (cf. Litwin & Miłkowski, 2020). 

Others (cf. Williams, 2019a; 2020) emphasize that the strong assumption of PP regarding the 

hierarchy of the generative model does not enable explaining thoughts in terms of both their 

generality and compositionality (Fodor, 1975). Another difficulty of PP is the general weak-

ness of hierarchical models of perception when it comes to explaining the so-called perceptual 

organization (cf. van Leeuwen, 2015a; 2015b). I will not discuss these objections here further, 

but I will focus on the dark room problem, which, I claim, concerns the basic difficulty of PP 

associated with the explanatory monism of this framework. I will argue (cf. §7. 2) that strong 

explanatory PP is PP integrated with other models and approaches in cognitive science (cf. 

Colombo & Wright, 2021). 

 

7. 1. The dark room problem 

The dark room problem refers to the basic objection against PP (and sometimes FEP), which 

concerns the assumption that continuous minimization of prediction errors is optimal and ne-

cessary for agents acting in the world. The dark room problem can be expressed as follows: 

the dark room is a state in which the agent could find itself if it minimized the sum of all 

potential prediction errors so that no states of the world could surprise it.61 The total absence 

of stimuli ensures optimal and maximum efficiency in minimizing any uncertainty. It seems 

that in accordance with the requirement of constant and long-term minimization of prediction 

errors, such a state should be desirable for the agent. But is that really the case?62 

 
pensation can quickly end. Some FEP proponents argue that since homeostasis does not explain the rich diver-

sity of regulatory processes, allostasis should be referred to. The latter enables proactive preparation of the 

organism for potential regulatory changes, thus contributing to minimizing free energy, resp. prediction errors 

(cf. Corcoran & Hohwy, 2019; Corcoran, Pezzullo & Hohwy, 2020; Kiverstein, Sims, 2021). 

The proposed solution certainly allows for a better and more complete application of FEP to explain a number 

of phenomena. However, the same objection immediately arises that can be formulated with respect to homeo-

static mechanisms: one should be very careful about stating that a mechanism is allostatic. Certainly, some of 

the introceptive mechanisms can be considered allostatic, but this does not mean that the generative model as 

such serves allostasis, i.e., it can be satisfactorily explained only by FEP. 

61 In another approach, an agent wishing to minimize the sum of all potential prediction errors should look for 

“a dark, unchanging chamber, and stay there” (Friston, Thornton, Clark, 2012). 

Mumford: “In some sense, this is the state that the cortex is striving to achieve: perfect prediction of the world, 

like the oriental Nirvana (…) when nothing surprises you and new stimuli cause the merest ripple in your con-

sciousness” (1992, p. 247, footnote 5). 

62 Clark had already expressed this doubt in the 2013 paper: “How can a neural imperative to minimize predic-

tion error by enslaving perception, action, and attention accommodate the obvious fact that animals don’t simply 

seek a nice dark room and stay in it? Surely staying still inside a darkened room would afford easy and nigh-

perfect prediction of our own unfolding neural states?” (Clark, 2013, p. 191). 
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The dark room problem describes the clear contrast between the rich repertoire of real living 

creatures’ behavior and the requirement to adjust all behaviors, actions, and decisions of the 

agent armed with the generative model to the requirement of minimizing prediction errors, 

resp. surprise and uncertainty (i.e., maximizing the model evidence). It is not so that living, 

embodied and embedded creatures are always looking for a niche that would meet the require-

ments of the dark room. Rather, the environment (not only physical, but also cultural and so-

cial) and other agents motivate us to take various actions, including those that do not minimize 

uncertainty, but on the contrary increase it. Is it the case then that PP as a theory that explains, 

if not all, at least some of the processes and phenomena of perception and cognition cannot 

take account of the fact that there are such actions and behaviors that do not always lead to 

minimizing prediction errors? Or maybe every action we take ultimately allows us to minimize 

surprise in the long term?63 

In these considerations, I am analyzing some of the responses made by PP and FEP proponents 

regarding the dark room problem. Next, I will examine some criticism of these proposals and 

consider whether the attempts to solve the dilemma that has been implied by the dark room 

problem to date are satisfactory. 

In one of the first papers on the dark room problem, Friston, Thornton and Clark (2012) state 

that the dark room is not a completely fictitious idea, because there are troglophiles, i.e., crea-

tures (Dark-Room agents) that are evolutionarily adapted to life and navigation in dark places 

such as caves, abandoned bunkers, or underground waters. Therefore, from the perspective of 

the dilemma discussed here, one can ask why such animals exist? The answer is simple. Every 

living organism strives for such a minimization of free energy, or uncertainty, which consists 

in changing the sensory signal so that it can carry out actions that correspond to its predictions 

and the model of the world. In this sense, each such organism is a real (i.e., evolutionary) 

solution to the problem of minimizing surprise in a changing world. The evolutionary and 

developmental history of troglophiles is different from that of man. That is why people do not 

live in “dark rooms” as troglophiles. This means that the dark room provides a low level of 

surprise only if the agent has been optimized by evolution to stay and act in it (Ramstead, 

Kirchhoff & Friston, 2020, p. 230). 

However, one may ask what happens when an agent such as a human enters into the dark 

room? Is it not the case that being in such a room reduces the level of uncertainty and sur-

prise?64 Clark believes it is not, because animals like us live and function in a world that is 

 
63The dark room problem is directly linked to the exploration-exploitation trade-off. It is a notion derived from 

machine learning research, but it has wider application. Generally speaking, this trade-off concerns situations 

in which one chooses between what is known, what can be foreseen (it can meet our expectations) (exploitation) 

and what is not certain, but there is a strong supposition that it offers some novelty—in the form of information, 

experience or skills (exploration) (cf. Jasrasaria & Pyzer-Knapp, 2018). 

64 It may also be that being in such a room could be very predictable yet highly surprising as it does not match 

our expectations of how events unfold: agents usually expect and predict novel information. (I thank the re-

viewer for this remark). 

Sims (2017) suggests that the questions related to the dark room can be reduced to the following: if actions are 

only a minimization of surprise, why are we not trying to minimize all possible stimuli? 



Understanding predictive processing. A review  

 

33 

constantly changing and requires something from us (cf. Clark, 2018). Therefore, we ex-

pect something to happen constantly: “Change, motion, exploration, and search are themselves 

valuable for creatures living in worlds where resources are unevenly spread and new threats 

and opportunities continuously arise” (Clark, 2013, p. 193). It is hard to disagree with Clark, 

but his answer raises a question that concerns the mechanism regulating the choice between 

exploitation (staying in the dark room) and exploration (leaving the dark room). Just because 

we know we are going to leave does not mean we have a good explanation for it. 

Friston provides another answer. In his opinion, the first thing we do after entering a dark room 

is to turn on the light. Lighting up is an action that minimizes uncertainty (i.e., expected free 

energy). Namely: it is not that, entering a dark room, we expect it to be dark. Rather, we expect 

it to be bright. Therefore, minimizing uncertainty is associated with the expectation that a dark 

room can be illuminated, not that it will remain dark (Friston, Fortier & Friedman, 2018, p. 26). 

Friston’s answer, like the one formulated by Clark, reveals a trade-off that interests us rather 

than explains it. 

Pezzulo Rigoli and Friston (2015, p. 32) suggests that the FEP perspective on living organisms 

(homeostatic approach) explains why agents have no problem with the “dark room”. In their 

opinion, homeostatic regulation implies constant updating of empirical priors of action, whose 

dynamics are dictated by an uninterrupted stream of interoceptive messages flowing between 

the brain and the body. This stream constantly provides information about new values and 

goals. Therefore, every organism equipped with the body must face reality, not live in a dark-

ened room. This view explains the reasons why agents avoid dark rooms much better, but it 

does not explain completely how something present in the environment becomes a value or 

a goal for them. In other words, what mechanism makes the environment a carrier of value for 

the agent? Why does the agent see environment as having some meaning?65 

An interesting critique of PP and FEP was carried out by Klein in the paper What do predictive 

coders want? In his approach, the whole dark room problem can be reduced to a question 

about motivation: “how motivating states like desires can exist in a predictive coding frame-

work?” (Klein, 2018, p. 3; see also Sun & Firestone, 2020).66 It is important that motivation 

cannot be reduced to predictions. Klein believes that the dark room problem demands an ex-

planation of why and how we operate by minimizing uncertainty. Hohwy’s thesis that we don’t 

have to minimize every prediction error, but the average prediction error given over longer 

periods of time (being in a dark room makes that impossible) does not seem to explain much 

(Hohwy, 2013, p. 85, 175).67 Hohwy suggests: let us imagine that we mistakenly perceive dogs 

as sheep. In the long term, the inability to distinguish between dogs and sheep will increase 

 
65It should be added that the dark room problem raises concerns not only among the critics of PP, but also among 

its supporters, especially those who associate it with the explanatory function of FEP (cf. Kiverstein, Miller 

& Rietveld, 2019). 

66 On the concept of motivation in PP from a different perspective cf. Miller Tate, 2019. 

67 The following issue should be associated with the averaged prediction error (in other words, weighted sum of 

prediction errors): due to the lack of access to the causes of the sensory signal, it cannot be minimized directly, 

so the generative model performs its action by generating predictions that relate to averaged long-term surprise 

(Hohwy, 2013, p. 85). 
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the prediction error, i.e., it distances us from our expected states. It is analogous with the dark 

room. However, the lack of an indication of a phenomenon or mechanism that would explain 

our motivation to leave a dark room is problematic. Klein convincingly shows that a creature 

living in a dark room has smaller prediction errors than creatures living in other environments, 

so its average error is much smaller compared to those other creatures. Relying on the certainty 

of death does not help much, because, in the long-term perspective, each of us will die. There-

fore, the question is not whether we avoid (or not) the moment of death, but why some of us 

delay this moment (leaving the dark room) while others do not. Predictions alone are not 

enough for us to take specific adaptation actions.68 

 

7. 2. The postulate of integration 

Many researchers claim (cf. Allen & Friston, 2018; Friston, 2009; 2010; Hohwy, 2015; Smith, 

Friston & White, 2021) that FEP offers an explanatory framework that makes it possible to 

understand why the requirement of minimizing prediction errors is justified by the fact 

that every living organism strives for homeostasis.69 In this sense, FEP would be a normative 

framework (cf. Adams, Brown & Friston, 2014; Allen & Friston, 2018; Friston, 2013a; Fris-

ton, Fortier & Friedman, 2018). The arguments advanced by the proponents of such a solution 

are based on the fact that PP itself does not offer any optimal theory of decisions or learning 

algorithms etc. Considering such argument, (1) it can be concluded that PP’s explanatory 

power refers only to some of brain research, or some studies on perception (cf. Sims, 2017); 

or (2) state that PP should be based on some biologically reliable theory that embeds the re-

quirement of minimizing prediction error in a broader context (cf. Hohwy, 2015); or (3) claim 

that PP provides a general mechanistic framework or, more precisely, a sketch of the mecha-

nism that should be supplemented by some adequate theory of representation, decision-making 

processes, biological functions, etc. (cf. Gładziejewski, 2019; Harkness, 2015; Hohwy, 2015). 

These questions are directly related to the belief of many researchers that a full explanation of 

cognitive phenomena in cognitive science should be based in many cases on the mechanistic 

 
68 Van de Cruys, Friston and Clark (2020) argue that the objection of the inadequacy of the predictions them-

selves (and indirectly the problem of explaining motivation) can be answered by saying that the predictions are 

“optimistic.” What does that mean? Generative models must be optimistically biased because the probability 

distribution of the expected states is realized only when we interact with the world. This means that the predic-

tions are, on the one hand, allostatically built into the organization of a given organism, and on the other hand, 

that they must be as realistically world-oriented as possible, since they concern the actions of the organisms 

themselves and their anticipated consequences. 

It should be stated that a full analysis of the responses that FEP and active inference supporters formulate to the 

problem of motivation and the exploration-exploitation trade-off is far beyond the scope of this discussion. It 

should be noted, however, that such an analysis is difficult due to the constant modification and expansion of 

the initial proposals under this research framework. Therefore, this presentation is largely limited and should be 

treated as a characteristic of some general tendencies present in this general framework. 

69 However, it is not entirely clear what the explanation is because FEP does not seem like a causal-etiological 

or causal-mechanistic explanation (cf. Colombo & Wright, 2021; Klein, 2018). Some studies suggest that it may 

be a dynamic explanation due to the fact that FEP and active inference are associated with Dynamic Causal 

Modelling (Friston, Harrison & Penny, 2003) (cf. Hipólito et al., 2020; Ramstead, Badcock & Friston, 2018). 



Understanding predictive processing. A review  

 

35 

integration of individual theories or models (Cf. Darden & Maull, 1977; Miłkowski, 2016a; 

2016b; Mitchel, 2003; Povich, 2019). What binds individual models or theories together is the 

requirement to identify and describe mechanisms. The advantage of this approach over others 

is (1) that it provides a simple way of talking about levels; (2) offers much more insight into 

what integration between levels is based on specific constraints by which relationships be-

tween levels are assessed, as well as the coevolution of work at different levels, their cause-

effect interactions, and spatial, temporal and hierarchical organization; and (3) is based on the 

need to explain phenomena both bottom-up and top-down taking into account the context in 

which a phenomenon is embedded. Integration is therefore an attempt to see how phenomena 

at many different levels are interrelated (Craver & Tabery, 2019 ).70 

Craver (2007) and Miłkowski (2016a; 2016b) explicitly state that integration in neurosciences 

can be described in terms of space constraints of possible mechanisms. This approach can be 

enriched by the perspective proposed by Danks (2014, p. 31): “At a high level, one theory S 

constrains another theory T if the extent to which S has some theoretical virtue V (e.g., truth, 

predictive accuracy, explanatory power) matters for the extent to which T has V. More collo-

quially, S constrains T just when, if we care about T along some dimension, 

then we should also care about S along that same dimension.” In this approach, virtue marked 

a specific constraint. 

The explanatory power of constraints in explanations is conditioned by the actual causal role 

that these constraints play in such and such phenomena that we want to explain. This means 

that a particular phenomenon is explained by reference to a component, which is such and 

such constraint, because the mechanisms responsible for the implementation of this phenom-

enon contain such and such constraint themselves. I claim that this explanation necessarily 

involves integration with other models that may offer satisfactory explanations for the con-

straints for these mechanisms when investigating predictive mechanisms. 

It seems that the difficulty of solving the dark room problem and exploration-exploitation 

trade-off is directly related to the explanatory monism adopted by many researchers, which in 

this case is based on the belief that PP is a sufficient framework to explain many phenomena. 

It should therefore be said that PP’s explanatory power can be measured by the possibility of 

integrating it with other models and approaches (cf. Colombo & Wright, 2021; Klein, 2018; 

Williams, 2020). 

8. Conclusions 

The aim of this review was a systematic presentation of PP, taking into account its basic theo-

retical difficulties. It discussed the main concepts, positions, and research issues present within 

this framework (§1-2). I presented the Bayesian-brain thesis and the difficulty associated with 

it as highlighted by many researchers. The notion of internalism in PP and the role of Markov 

blankets were discussed in the context of the discussion between conservative and radical PP. 

In §6, I indicated the possibility of linking PP and FEP advocated by many authors. I also 

 
70 The historical examples of this approach include the discovery of protein synthesis (Darden, 2006) or cell 

biology (Bechtel, 2006). 
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discussed some problems concerning the understanding of predictive mechanisms as homeo-

static. §7 presented some of PP’s difficulties with solving the dark room problem and the ex-

ploration-exploitation trade-off. I emphasized the need to integrate PP with other models and 

research frameworks within cognitive science. 

It should be noted that PP has a number of important philosophical consequences, namely 

supporters of PP describe cognitive mechanisms that are rich in epistemologically relevant 

ideas and concepts (cf. Ghijsen 2021; Gładziejewski 2017; 2021; Munton 2017) and refer to 

important intuitions in the philosophy of science (cf. Beni, 2018; Hohwy, 2013; 2016; Wiese, 

2015). Epistemology is oriented towards the normative side of cognition, thus emphasizing 

the importance of justifications and seeking reason. These normative issues are still being de-

veloped within the research on PP and FEP. (cf. Constant et al., 2019; Hesp at al., 2019; 

Hohwy, 2020b; Piekarski, 2019). However, there remain a number of epistemological prob-

lems unexplored from the PP perspective, such as the issue of rationality, foundationalism or 

disputes, realism/anti-realism, or internalism/externalism. Still unsolved is the problem of the 

criterion that makes it possible to distinguish between personal and sub-personal states in PP, 

problems of consciousness and phenomenology (cf. Clark, 2017; 2019; Dołęga & Dewhurst, 

2021; Hohwy & Seth, 2021; Hutto 2017; Marvan & Havlík, 2020; Nave, 2021; Schlicht 

& Dołęga, 2021; Wilkinson, 2014). These are promising research areas. It should be remem-

bered, however, that non-trivial PP must be critical of its own assumptions and theoreti-

cal commitments, which, as I have briefly demonstrated, have a number of epistemic and 

explanatory consequences. This should be remembered at all times when developing this re-

search  ramework. 
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