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Abstract:

Predictive processing is an ambitious neurocomputational framework, offering an
unified explanation of all cognitive processes in terms of a single computational
operation, namely prediction error minimization. Whilst this ambitious unificatory
claim has been thoroughly analyzed, less attention has been paid to what predictive
processing entails for structure-function mappings in cognitive neuroscience. We
argue that, taken at face value, predictive processing entails an all-to-one
structure-function mapping, wherein each individual neural structure is assigned the
same function, namely minimizing prediction error. Such a structure-function mapping,
we show, is highly problematic. For, barring few, rare occasions, such a
structure-function mapping fails to play the predictive, explanatory and heuristic roles
structure-function mappings are expected to play in cognitive neuroscience. Worse
still, it offers a picture of the brain that we know is wrong. For, it depicts the brain as an
equipotential organ; an organ wherein structural differences do not correspond to any
appreciable functional difference, and wherein each component can substitute for any
other component without causing any loss or degradation of functionality. Somewhat
ironically, the very neuroscientific roots of predictive processing motivate a form of
skepticism concerning the framework's most ambitious unificatory claims. Do these
problems force us to abandon predictive processing? Not necessarily. For, once the
assumption that all cognition can be accounted for exclusively in terms of prediction
error minimization is relaxed, the problems we diagnosed lose their bite.
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1- Introduction

Cognitive neuroscience attempts to provide a scientific understanding of how the mind
works and how it is implemented in its neural substrate. A popular strategy to thisend is
that of functional localization: the mapping of specific mental operations, often
referred to as “cognitive functions”, onto specific neural structures (McCaffrey 2023).

These mappings are supposed to play numerous relevant roles in cognitive
neuroscience. First, they should play a predictive role. Knowing the functions of a neural
structure should enable us to estimate which cognitive tasks recruit (“activate”) it, and
to use patterns of neural activations to estimate which task is being executed.
Secondly, structure-function mappings should play an explanatory role, as structure
and functions should be mutually illuminating. The need of playing a certain function
should explain why a structure boasts its specific organization; and its organization
should in turn explain how the function is actually executed. Lastly, heuristically,
structure-function mapping should suggest novel ways to probe neurocognitive
functions and chart our neural architecture.

Structure-function mappings are thus central for cognitive neuroscience to reach its
goals. In the early days of the discipline, neuroimagers settled for establishing
one-to-one correspondences between folksy defined cognitive functions and
individual, anatomically localized neural areas (e.g. “language tasks increase activation
in Broca’s area’). Yet, progressively cognitive neuroscientists replaced such
“neo-phrenological”, one-to-one correspondences with more nuanced mapping holding
between non-folksily-defined functions onto networks of co-activated areas (cf.
Poldrack 2010; Sporns 2014; De Brigard & Gessell forthcoming).

But this has not been the only relevant development in cognitive neuroscience. In the
last decade or so, a neuro-computational framework known as Predictive Processing
(PP) has set sail not “just” to explain mind and cognition in its entirety (see Hohwy 2013;
Clark 2013, 2016; Spratling 2016), but also to provide a global account of the brain and its
organization (Friston 2009, 2010, 2013). Importantly, PP casts our neurocognitive
system as an hierarchy of processing units all devoted to the same task, that of
minimizing an intracerebral signal known as prediction error. Different cognitive
processes such as perception, action, attention and emotion, are thus reduced to
different upshot of a single underlying neurocomputational process.

Such a view of the brain has received enormous philosophical and scientific attention,
mostly focused on its promise to explain different cognitive phenomena (e.g. Hohwy
2020; Sun & Firestone 2020; Clark 2023) and to unify the cognitive sciences under a
single banner (Colombo & Wright 2017; Litwin & Mitkowski 2020; Poth 2022). Less
attention has been paid to what PP entails for cognitive neuroscience specifically. Our
paper aims to partially fill in this gap, examining what PP entails for functional
localization. We will show that PP entails an all-to-one structure function mapping,
which assigns the same function to all neural structures, namely the function of
minimizing prediction error. Such a structure-function mapping, we will argue, is
ill-suited to play the predictive, explanatory and heuristic roles structure-function
mappings are expected to play. In fact, it ends up depicting the brain as an
equipotential organ - something we know the brain isnt. This doesn’t, however, mean
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that we should simply abandon PP. For, PP can avoid these problems simply by
abandoning its ambitions of providing a complete explanation of brain and cognition,
thereby making space for alternative functional ascriptions.

Our paper is structured as follows. §§ 2 and 3 lay down the groundwork for our analysis.
The former introduces the epistemic roles structure-function mappings are expected
to play in the cognitive neurosciences; the latter introduces PP. §4 then capitalizes on
this material to argue that PP entails an all-to-one structure-function mapping, wherein
all neural structures are assigned one and the same cognitive function, which is the
function of minimizing prediction error. This structure-function mapping, however, fails
to play the relevant epistemic roles structure-function mappings are supposed to play
in cognitive neuroscience. Worse still, the all-to-one structure function mapping PP
entails casts the brain as an equipotential organ - something that, given our current
knowledge, is almost certainly false. §5 examines and addresses some possible
objections. Lastly, §6 offers a short conclusion, suggesting that, to avoid the problems
we have highlighted, PP should give up its most ambitious explanatory aims.

2 - Structure-function mappings in cognitive neuroscience

Before explaining what roles we think structure-function mappings must play in
cognitive neuroscience, let us clarify what we mean by “structure” and “function”. We
use “structure” broadly, to designate all cognitively relevant “bits” of the brain, be them
areas, regions, fascicules or networks. Similarly, “function” designates cognitive
constructs such as those employed by cognitive neuroscientists, e.g. “cognitive
control”, “working memory”, “binding features” or “minimizing prediction errors”. Notice
that we are interested exclusively in cognitive functions. Other functions (e.qg.,
monitoring the oxygen level in the blood, cf. Haueis 2018) are certainly relevant to
understanding the brain, but we wont deal with them here. Our talk of
structure-function mapping should not be read as an implicit commitment to a naive
localizationalism, or to the idea that each and every neural structure plays a
single-context invariant, functional role. To put it bluntly, structure-function mappings,
in the sense we are using the term, don't need to be one-to-one: they can be
many-to-many and context sensitive - and indeed, given our current knowledge, there
is good reason to expect structure-function mappings to be many-to-many (Anderson
et al. 2013)and/or context-sensitive in most cases (Burnston 2016). Still, in all cases,
structure-function mappings involve the assignment of particular function(s) to
individual neural structure(s).

As anticipated, structure-function mappings should play at least three relevant
epistemic roles in cognitive neuroscience. First, they should play a predictive role,
enabling us to estimate the probability of a pattern of activation, given that the subject
is performing a task (see Price & Friston 2005). And vice versa: based on certain
patterns of activation, we should be able to estimate which cognitive functions have
likely been recruited and the task that is likely being performed. Further, by observing
that certain structures are damaged, we should be able to expect certain functions to
be impaired. An ideal neurocognitive theory should allow us to make such estimations
with the highest possible accuracy. Take, as an example of this predictive role, the
renown fusiform face area (FFA). It has been that some portion of the right temporal
cortex is selectively activated during the observation of faces (Kanwisher et al. 1997).
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Furthermore, its stimulation leads to hallucinate faces (Schalk et al. 2017). Based on
these findings, a clinical neurologist can reasonably hypothesize that a neurological
patient with an impaired ability to recognise faces, i.e., suffering from acquired
prosopagnosia, presents some lesions in the FFA. It is also reasonable to expect that
novel face-related tasks will activate the FFA; and so, that subjects whose FFA is
activated are dealing with face-related tasks.

Structure-function mappings should also play an explanatory role: the way neural
structure are internally organized and connected to each other should explain how
neural functions are performed (cf. Craver 2007; Bechtel 2008). Neural structures differ
in many respects (e.g. in their histology, connectivity, and receptive fields), and these
differences presumably correspond to different functional roles. So, it is natural to
appeal to the former to explain how the latter are carried out - for example, to suggest
that the relevance of FFA for face perception may be driven also by an internal
organization privileging face-like patterns and its connectivity bias, both downstream
(as it receives projections from early visual areas most receptive of curvilinear stimuli
represented at the center of the fovea) and upstream (by sending outputs to several
areas thought to be involved in social cognition; Powell et al. 2018). It is also natural to
do the inverse move, and appeal to different functions to explain why different neural
structures are indeed different: the fact that the striate cortex plays an important role
in vision, for example, offers an immediate and satisfactory explanation for its
retinotopical organization (cf. Tootell et al. 1998).

Now, carrying out these two roles flawlessly requires having an ideal or complete
cognitive neuroscience, which it's nowhere near us. And this is exactly why the third
epistemic role of structure-function mappings is relevant; that is, a heuristic role in
generating and testing hypotheses to progress and refine neuroscientific theories.
Considered diachronically, the quest for structure-function mappings should propel
scientists into refining their categories of cognitive functions and neural structures,
aiming at increasing the explanatory and predictive power of structure-function
mappings (Price & Friston 2005; Poldrack & Yarkoni 2016). As we mentioned in §1, early
structure-function mappings were rather simple (and simplistic), owing them the
charge of resembling modern phrenology (Uttal 2001). Yet, the charge of phrenology can
be dropped insofar these mappings are not taken as definitive theory but rather
working hypotheses to be evolved into more nuanced mappings via a series of iterative
steps. For instance, when it turned out that, beside faces, the FFA of expert perceivers
is also activated by holistic recognition of stimuli such as chess games or radiological
images, some scholars proposed a redefinition of its function from “face recognition” to
“expertise-based recognition” (Bilalic et al. 2011; 2016). In this way, testing a
structure-function mapping forces neuroscientists to come up with a novel, better
cognitive function, mapping in a more fine-grained way on neural structures (Bechtel
2002; Francken et al. 2022).

Summing up: structure-function mappings should play a predictive role, an explanatory
role and a heuristic role in contemporary cognitive neuroscience. And these roles are
central to the practice of cognitive neuroscience. Any theoretical framework
preventing a structure-function mapping from satisfactorily playing these roles
deprives cognitive neuroscientists of a valuable tool. We fear that this is the case with
PP, which we shall now introduce.



3 - Predictive Processing

PP is a neurocomputational framework claiming that the brain’s cognitive functioning
can be understood in terms of a single computational objective, that of minimizing
prediction error (see Friston 2005; Clark 2013, 2016; Hohwy 2013; Rao 2024). Thus, PP is
- or at least strives to provide - a comprehensive, unificatory, and complete
understanding of the brain and cognition in terms of a single computational operation
(see Sprevak 2024). PP strives to be comprehensive, as it strives to offer an account of
all cognitive - indeed all mental - phenomena, not just some of them (e.g. Hohwy 2015,
2020; Clark 2016, 2023). PP strives to be unifying, as it explains all facets of mentality as
the product of a single algorithm, repeatedly executed by numerous different brain
structures. And it strives to be complete, in that it wants to offer an explanation of
cognition covering all explanatory levels, from computation to physical implementation.
As such, PP (as we use the term here) is different from the simple usage of predictive
coding algorithms to explain only some aspects of mentality, such as vision(e.g. Rao &
Ballard 1999), and also from “Bayesian” cognitive psychology (e.g. Kersten, Mamassian &
Juille 2004; Griffiths and Zaslavsky 2023). The former are not comprehensive and
unifying, and the latter are wusually not complete, sitting only at the
computational/algorithmic level. Hence, these proposals are significantly different
from the kind of proposals put forth under the banner of PP.

PP is canonically introduced considering perception and the hierarchical predictive
coding algorithm. We will conform to this custom." Thus, consider perception. Since
sensory stimuli are noisy and informationally impoverished, they can't directly specify
which worldly objects are generating them. Therefore, perceiving must amount to a
form of (Bayesian) inference estimating the most likely cause of one's own sensory
signals. PP suggests this estimate is drawn inverting a generative model thanks to a
(hierarchical) predictive coding algorithm (Friston 2005; Clark 2013, 2016; Hohwy 2013).

Generative models are data structures capturing the probabilistic linkages between
observations (in this case, sensory inputs) and their hidden causes (the objects and
events generating them), which are also able to predict the observations each hidden
cause likely produces. According to PP, such models are hierarchically structured, so as
to capture the hierarchical causal structure of the external world producing our sensory
inputs. Computationally, this just means that each hierarchical layer of the overall
generative model has to treat the activity of the layer hierarchically below it as
observations, trying to guess the inner causes of them (cf. Hinton 2007, Foster 2022).2

' We will follow the so-called “low road” to PP. There is also a “high road” to PP, based on certain
transcendental conditions biological beings must satisfy to remain alive. See (Friston 2019) for a quick
introduction to the "high road” and its comparison to the “low road”. See also (Raja et al. 2021; Nave
forthcoming) for a critical analysis.

Z As it is customary, we will ignore the lateral (non hierarchical) complexity of generative models, about
which see (Friston 2005).



7

PP claims that this hierarchy operates according to a (hierarchical) predictive coding
algorithm (e.g. Rao & Ballard 1999).° Each hierarchical level (except the bottommost one
directly observing the transducers) generates a signal, predicting the layer’s
observations (i.e. activity of the layer directly below it or incoming signals, in the case
of the bottommost layer). Predictions are sent to the estimated layers, which confront
them with their actual activity (or the incoming sensory signals). If a mismatch is
detected, then the lower levels generate a prediction error signal, which is conveyed to
the higher (predicting) layers, forcing them to revise their predictions so as to minimize
the incoming prediction error. When error reaches a minimum throughout the
hierarchy, then the most likely cause of the observation has been identified, in a way
that inverts the linkages from observation to causes of the generative model.

Perception, however, is only one of the cognitive processes realized in this way. Since
PP aims at being comprehensive, it claims that all mental phenomena are the result of
prediction error minimization (e.g., Friston 2009, 2010; Hohwy 2015; Clark 2016, 2023;
Spratling 2016; Rao 2024).* Action, for example, minimizes prediction error by bringing
about the predicted sensory singlas thanks to movement (cf. Adams et al. 2013a).
Attention minimizes the weight (i.e. impact on processing) of prediction errors deemed
noisy and unreliable - thereby allowing only informative reliable prediction error spread
in the cerebral hierarchy, minimizing the overall quantity of error signal (cf. Feldman &
Friston 2010). Learning consists in the minimization of prediction error through
adjustments of the parameters of the generative model, so as to make it yield less
prediction error in the future (Friston 2005, 2010). Emotion consists in the prediction
and control of inner interoceptive predictions, again aimed at prediction error
minimization (Seth & Friston 2016, Barrett 2017). Social cognition consists in the
minimization of prediction errors concerning someone else’s behavior and behavioral
causes (Friston & Frith 2015a, b). The list may continue (e.g. Spratling 2016; Hohwy 2015;
2020), but the main message of PP should now be clear: all mental phenomena boil
down to prediction error minimization, one way or another.

The above provided a very schematic presentation of PP at the level of the algorithm.
Recall, however, that PP aims to be complete, and speak also of the implementation
level (Sprevak 2024). Hence defenders of PP project - more or less directly - this
algorithm directly onto the brain, and especially the cortex (Mumford 1992; Friston
2005, 2009, 2010; Shipp 2016). For, the entire brain is supposed to be (cf. Friston 2013) -
or, more properly, to realize - the generative model. Each hierarchically ordered cortical
area, from “lower” primary sensory and motor areas to "higher” multimodal areas,
realizes a layer of the hierarchical model. Top-down, descending cortico-cortical
connections carry predictions, whereas bottom-up, ascending cortico-cortical

* The details of which differentiate various PP proposals, see (Sprevak unpublished a; Spratling 2017).

“ Sometimes, this claim is expressed in terms of free-energy minimization rather than prediction error
minimization. As it is customary in the literature, we will talk about free-energy models in terms of
prediction error (e.g. Hohwy 2020; Clark 2016, 2023). On the differences between free-energy and
prediction error minimization, see (Hohwy 2021). For an up to date, general introduction to the
free-energy principle, see (Ramstead et al. 2023).
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connections carry prediction errors (e.g. Markov et al 2014).° Superficial cortical layers
(1-3) and the inner/deep granular layer (4) deal with precision and the messaging of
prediction errors, whereas layer (5) generates descending predictions (cf. Mumford
1992; Shipp 2018). This, in extreme succinct terms, is the way in which the cortex
implements the algorithmic scheme suggested by PP. But subcortical structures
participate to PP too, often managing the weight of prediction errors (cf. Barrett &
Simmons 2015; Kanai et al. 2015). Indeed, even the “computationally modest” retinal
neurons are in the task of prediction inputs and signaling prediction errors (cf. Hosoya
et al. 2005; Clark 2013). Similarly, the spinal cord has been depicted as minimizing
prediction errors via the triggering of the reflex arcs needed to bring about predicted
inputs (Adams et al. 2013a).

The moral, then, is that, on the view PP offers, each and every neural structure - beit a
cortical network, an area, a cortical column (Bastos et al. 2012; Shipps 2016) or even and
individual neuron (Isomura & Friston 2018; Isomura et al. 2023) - is in the task of
minimizing prediction error. And so, PP appears to entail a all-to-one
structure-function mapping: all neural structures perform a single function via a single
algorithm; they all minimize prediction errors(cf. Friston 2009, 2010; Hohwy 2015; Clark
2023).

This all-to-one mapping is also central to PP's aims of comprehensiveness, unity and
completeness. Insofar PP wants to be unifying, it must claim that a same algorithmic
procedure is implied; and insofar it wants to be comprehensive, it can’t but claim that
all cognitive processes are the product of these algorithmic procedures. And given that
PP wants to be complete - and sink its explanatory teeth also down to the
implementation level, it can't but assign all different networks and neural structures
only one function; namely that of minimizing the prediction error they receive.

4 - All-to-one mappings and equipotential brains

There is no doubt that the PP story canvassed above captures something about brain
structure and functioning. It captures, for example, the well known (and independently
established) fact that neuronal responses are always ‘contextualized” and partially
driven by the overall brain activity, and are not “sheer” responses to the presentation of
stimuli (e.g. Mesulam 1998). The multilayered nature of the generative model also
captures the hierarchical structure of the cortex; and the independence of variables
tracked in the generative model may also be reflected in the gross anatomical structure
of the brain. The distinction between “what” and “where” streams, for example, may be a
result of the fact that variables for location and identity of objects rarely influence each
other (cf. Friston 2013).

All these explanations, however, concern some “global” aspect of brain structure, rather
than the features of any individual neural structure, or how a single cognitive function
can be mapped onto its neurobiological basis. So, they do not concern structure

® Through some PP models escape this scheme (e.g. Heeger 2017), and even in these who do not escape
it, the interpretation of ascending and descending connections is more contested than what any
standard interpretation of PP typically acknowledges (Orlandi & Lee 2019; Cao 2020; Walsh et al. 2020).
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function mappings as typically understood in the cognitive brain sciences. How does PP
farein this regard?

In some cases, it performs well. Consider, to start, the explanatory role
structure-function mappings are supposed to play. Neural structures should explain
how functions are carried out, and the need to perform these functions explain why we
observe these specific structures. Prediction error minimization does, at times, play
this role. For example, ascribing the function of minimizing prediction error explains
why the motor cortex has an agranular architecture.® The fourth, “granular” layer of the
cortex is said to encode prediction error. But the motor cortex must not encode it. For,
encoding it would prevent movement, as it would force the motor cortex to change
predictions to fit the data, rather than to minimize prediction error via movement (cf.
Adams et al. 2013, Shipp et al. 2013). In the case at hand, then, the ascribed function
explains why we observe this particular neural structure, and the observed neural
structure explains how the function is carried out. A similar line of thought can further
explain the agranular nature of the limbic region, which controls (via prediction error
minimization) our interoceptive stream of input (Barrett & Simmons 2017). Again, their
role is that of keeping that stream in check, within predicted bounds of viability, which
must not be altered, on the pain of developing serious and chronic conditions. Hence
the need to minimize prediction error changing the input, rather than the predictions.

Similarly, PP can straightforwardly map attention to the brain, pointing to the series of
mechanisms to selectively boost or diminish the impact of ascending neural signals (i.e.
prediction errors, see Friston 2012). More generally, as noticed by Sprevak (unpublished
b), PP often tends to appeal to facts about the physical implementation of the
prediction error algorithm to account for a variety of exceptions from the standard
(perception-like) prediction error minimization story and its obvious implications. In all
these cases, the all-to-one mapping entailed by PP satisfies the explanatory role
structure-function mappings are supposed to play.

These explanations are real and important. Yet, they do not concern “standard” cases of
prediction error minimization in which predictions are altered so as to fit the incoming
input. Indeed, the all-to-one structure function mapping fails to play the relevant
predictive, explanatory and heuristic role in such standard cases. Hence, the successes
of the all-to-one structure function mapping in playing these roles are exceptions, lying
on a fairly large pile of failures.

Consider, first, the predictive role structure-function mappings are generally supposed
to play. Knowing that a structure plays a given function should enable us to predict its
(differential) activation in given contexts or tasks. It should also allow us to revert the
inferential arrow, to infer what context or task most likely generated any activation
pattern.

However, according to PP each structure plays the same role any other structure plays.
So, it offers us no reason to predict that visual tasks should mainly activate visual
cortices, nor that activations of visual cortices will be strongly suggestive of the

® Though note that the agranularity of the motor cortex is not uncontroversial. See for example (Yamawaki
et al. 2014).
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execution of visual tasks. Indeed, PP offers us no reason to expect differential
activations at all. If really all structures perform the same function, we should expect
them to be equally active in every task. Thus, we shouldn't expect the task-specific
patterns of activation we factually observe.

PP does not fare better when it comes to the explanatory role structure-function
mappings are supposed to play. It is true that ascribing the function of minimizing
prediction error allows us to explain the inner organization of certain neural structures
in a more or less direct manner (as seen above with agranualr cortices). And it is also
true that PP may allow us to seamlessly explain the features of structures that are
repeated throughout the brain, such as cortical columns (Bastos et al. 2012; Shipp
2016). Yet, given that PP ascribes the same function to all neural areas, it's very difficult
to see how this function could explain the variety of neural structures we actually
observe. Broadman's brain parcellation for Homo sapiens listed more than 40
anatomically differentiated areas (Broadman 1909/2006), and modern counts number
around 180 anatomically differentiated areas per hemisphere (Glasser et al. 2016). This
sort of variety surely doesn't seem a negligible explanandum (cf. Rathkopf 2013, p. 12),
yet it is hard to see how PP can account for it. Why do we have so many different neural
structures, if they all perform the same role? And how can all these different structures
ultimately perform the same function? Relatedly, PP seems to make it mysterious why
neural activations are selective and task specific. Why, if all neural structures perform
the exact same function, are they selectively activated by specific tasks? As far as we
can see, PP leaves these questions unanswered. Hence the structure-function mapping
it entails seems unable to play the desired explanatory role.

PP does not fare better when it comes to the heuristic role. PP is often regarded as a
research programme which brought beneficial epistemic effect on the mind sciences
as a whole (see Sprevak 2024). It provided a heuristic framework weaving together
various distinct threads of research in a coherent and attractive picture (e.g. Clark 2016;
Allen & Friston 2018) and inspired various computational models in robotics, artificial
intelligence and the study of complex systems (cf. Tani 2016; Parr et al. 2022; Ramstead
et al. 2023). However, such beneficial epistemic effects have not yet yielded many fruits
in terms of working hypotheses of structure-function mappings. Recall (§2): to play the
relevant heuristic role, structure-function mappings should lead to the progressive
refinement of our functional and structural labels. But PP cannot refine the functional
labels it provides, as long as it remains in the grip of its comprehensive, unificatory
goals. And whilst PP is compatible with a variety of taxonomies of neural structures,
these taxonomies cannot interact in any interesting way with the functional labels PP
provides. For, no matter how neural structures are taxonomized, PP will project onto
each neural structure the same function of minimizing prediction error. Thus, it is again
hard to see how the all-to-one structure-function mapping PP entails may play the
desired heuristic role. To be comprehensive, unificatory and complete, PP can't provide
any functional tag other than prediction error minimization. But this single functional
tag interacts minimally with structural taxonomies, in a way that seems to prevent the
former from playing any heuristic role when it comes to discovering the latter. Nor new
functional taxonomies can refine PP, at least not without compromising its aspirations
of comprehensiveness, unification and completeness(see §6).
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So, the all-to-one structure-function mapping entailed by PP is not well suited to play
the heuristic roles structure-function mappings are supposed to play. Worse still, that
mapping paints a very problematic picture of the brain as a whole, as a massively
degenerate, and indeed equipotential, organ.

Degeneracy is the property of systems whereby a single function is played by
structurally different components (cf. Edelman & Gally 2001). The immune system is a
prime example of degeneracy: the elimination of virus and bacteria can be subserved
by various types of structurally distinct cells like phagocytes, lymphocytes, mastocytes
and other types of white blood cells.

Some degeneracy makes good biological sense, for it allows a system to be robust. We
survive most pathogens because the immune system has various different “defense
mechanisms” which may compensate for the deficiencies of each other. A pathogen
unscathed by phagocytes may be eradicated by lymphocytes, and vice-versa.

Yet, in the picture PP proposes, the brain is not just degenerate - it is entirely and
massively degenerate: all structurally different components do exactly the same thing.
And this makes less biological sense.

A first problem concerns the metabolic cost of our brains. Whilst the PP algorithm is
metabolically efficient (Ali et al. 2022; Hechler et al 2023), human brains are still
metabolically pricey, accounting for about 20% of bodily energy consumption (Raichle
2006). Having a brain like ours, then, is a significant metabolic investment, which
requires some sort of justification (see Sterling & Laughlin 2015). Such a justification
can be easily provided by theories of brain functioning allowing different neural
structures to play different functional roles: humans need to spend about 20% of their
metabolic budget in their big brain because a big brain can be anatomically
differentiated, which makes them able to play all the different cognitive functions
humans need to execute to thrive. PP, however, cannot provide this answer, as it does
not allow for different cognitive functions to be assigned to neural areas. So, how can it
justify the metabolic investment in big brains? As far as we can see, this question is left
unanswered in the PP literature.

Massive degeneracy also makes it mysterious why our brains are constituted by
anatomically different structures. Anatomical differentiation is often an indicator of
functional differentiation: organs whose cells all play the same functional roles, such as
the liver, tend not to be internally partitioned in different anatomical structures
(McCaffrey 2015). According to PP, however, our neural structures are not functionally
differentiated: they only play exactly the same functional role. So, PP would lead us to
expect the brain to be a homogeneous organ with no appreciable internal structure -
which it clearly isn't.

Relatedly: why if the anatomically different structures composing the brain have the
same function, they do not equally participate in all cognitive functions? Why do we see
diversified, task- and function- specific patterns of activation in the brain? Why, if the
V1 and the supplementary motor area (SMA) play exactly the same functional role, does
it never happen that V1is selectively recruited in motor tasks and the SMA is recruited
to perform visual tasks? These questions are easily answered if we assume that V1and
SMA play different functional roles. But how can this question be answered, if we
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assume that V1 and SMA have the same function? Sadly, as far as we can see, PP leaves
us with no guidance on this matter.

This last point, we think, should be urgently addressed by defenders of PP. For, as
things stand, it is hard not to conclude that, from the point of view PP offers, the brain
is an equipotential organ. Not only PP does not predict the task-specific differential
patterns of activation we in fact observe, it also predicts unspecific activations of all
neural structures in all tasks. And this is precisely the core prediction of
equipotentialism (Flourens & Nadel 1824).

But equipotentialism is simply wrong. Sure, the brain is plastic: the functional role of
many neural structures is not set in stone, and many neural structures often reorganize
themselves either to perform their function better or to acquire some novel function.’
But plasticity does not offer any foothold to either all-to-one mappings nor to
equipotentialism. Plasticity allows neural structures to play diverse functions, opposing
the all-to-one structure-function mapping. And neural plasticity is constrained by
several structural and anatomical features. It is not the case that any neural structure
can assume any function with any arbitrary degree of success. So, for example, whilst
rewiring the visual cortex to the auditory thalamus in newborn ferrets allows the visual
cortex to reorganize as a make-shift auditory cortex and forces the thalamus to take up
the role of the visual cortex (Sharma et al. 2000), the thalamus cannot completely
substitute for the visual cortex, as it is, for example, unable to perform the
discriminations needed to determine the orientation of stimuli (von Melchener et al.
2000).

The all-to-one structure-function mapping suggested by PP thus appears to fail to play
the desired epistemic roles structure-function mappings are supposed to play (§2).
Worse still, it suggests an equipotential picture of the brain, a picture that we know is
factually wrong.®

This seems like a hard blow to PP. A fatal blow, perhaps? Let us consider some of the
ways in which defenders of PP might react to our claim.

5 - Is the threat to PP real?

Some defenders of PP may wish to resist our analysis. Let us consider some possible
lines of resistance, and show that they do not really shield PP from our worries.

’See, however, (Makin & Krakauer 2023) for a powerful argument to the contrary.

8 These problems are even thornier for embodied readings of PP (e.g. Clark 2016, Kersten forthcoming)
and views of PP closer to the expansive framework of the free-energy principle (e.g. Friston & Stephan
2007). Embodied readings of PP argue that, at least at times, non-neural bodily structures play the role of
minimizing prediction error. When it comes to the free-energy principle, one core claim is that everything
an organism does (from cognizing to eating) minimizes free-energy, which is (under certain assumptions)
an upper bound of prediction error. These readings make the link between structure and function even
more tenuous, and the issue of degeneracy even more pressing. Why, if non-neural structures have the
function of minimizing prediction error/free-energy too, do we have brains at all? Wouldn't non-neuronal
tissue be enough? And how do non-cognitive functions help us understand the structure of our
non-neural organs, if these organs too are just in the task of minimizing free-energy?
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A first objection contends that we have attacked a strawman because our
reconstruction of PP is misguided. PP simply does not really assign the same function
to all neural structures - and so the problems we've diagnosed are simply not real.

Sure, some applications of predictive coding are limited to only some neural functions
or structures (e.g. Rao & Ballard 1999). But we are not talking about those. We are
talking about PP, which strives for comprehensiveness, unity and completeness. For
example Clark wrote:

Matter, when organized so that it cannot help but try (and try, and try again) to
successfully predict the complex plays of energies that are washing across its
energy-sensitive surfaces, has many interesting properties. Matter, thus
organized, turns out, as we'll see, to be ideally positioned to perceive, to
understand, to dream, to imagine, and (most importantly of all) to act.
Perceiving, imagining, understanding, and acting are now bundled together,
emerging as different aspects and manifestations of the same underlying
prediction-driven, uncertainty-sensitive, machinery. (Clark 2016, p xiv, emphasis
added)

It is natural to read Clark as claiming that many (if not all, as the book seems to suggest)
cognitive functions boil down just to prediction error minimization, and so that it is
sufficient for the brain to minimize prediction error to give rise to our mental life. That
is, Clark is claiming that many (maybe all) different neural structures need only to
perform that single function; he's suggesting an all-to-one mapping.

Similarly Spratling (2016) relies on PP to model cognition in general, Friston (2009; 2010)
offers it as an “unified theory” of brain and cognition, and Hohwy (2015) explicitly states
that PP is set off to explain the mind in its globality. It's hard to see how these proclaims
could coherently be read without also endorsing the view that all the brain does is to
minimize prediction error, and the consequent all-to-one mapping.

Moreover, defenders of PP appear keen to downplay or even neglect functional
differences in cortical areas:

The primary motor cortex is no more or less a motor cortical area than striate
(visual) cortex. The only difference between the motor cortex and visual cortex
is that one predicts retinotopic input while the other predicts proprioceptive

inputs from the motor plant (Friston, Mattout and Kilner 2011: 138).

A natural (literal) and charitable interpretation of this passage is that it denies any
functional difference between motor and visual areas. Indeed, the passage suggests
that they both have the function of predicting certain inputs and minimizing the error
relative to these predictions. The same function has also been assigned to structures in
the “emotional brain” such as the insula and the amygdala(cf. Seth 2015; Seth & Friston
2016; Barrett & Simmons 2017). The only difference between all these various neural
structures seems only the sensory origin of the prediction error they minimize. So, we
are not attacking a strawman here.

A second objection claims that we have been using a functional taxonomy that is too
coarse-grained. PP does not claim that neural structures have the function of
minimizing prediction error in general. Rather, it claims that neural structures have the
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function of minimizing specific streams of prediction error. For example, the visual
cortices have the function of minimizing visual prediction error, whereas auditory ones
minimize auditory prediction error, and the motor and somatosensory cortices
minimize somatosensory prediction errors, and so forth. This allows PP to have a form
of functional differentiation (avoiding the problems connected with the all-to-one
mapping) while maintaining comprehensiveness and unity unaltered.

In reply, we note two flaws of this move. One is that the move still does not offer enough
functional differentiation. V1, V2, the FFA would all be assigned the same function of
minimizing visual prediction error. But how can that function explain their anatomical
differences, or predict the specific task-dependent patterns of activation we observe?
Why is the FFA rather than V1 differentially activated by faces? Why are V1and the FFA
anatomically distinct, if they perform the same function? We are back to confronting
the problems we highlighted above, only at a smaller, modality-specific scale. Moreover,
what sort of function would be assigned to non-sensory, associative cortices such as
the prefrontal cortex? Such cortices do not seem to minimize any specific stream of
sensory prediction error. The second flaw is instead that even primary sensory motor
areas do not appear to deal with signals coming only from one modality (see for
example Bell et al. 2019; Heimler & Amedi 2020; Rosemblun et al 2016; Murray et al 2016;
Ghazanfar & Schroeder 2008). But if so, then it seems we have no good reason to claim,
say, that the visual cortices minimize visual prediction errors. We are thus left only with
the original, “coarse-grained” all-to-one structure function mapping.

A related objection contends that PP assigns a single function to all brain areas only at a
very high, and unhelpful, level of abstraction. At an appropriate level of abstraction PP
would assign different functions to different neural structures. Compare: in very
general terms, we can say that all cells in our body have the function of maximizing our
fitness. This does not mean, of course, that that is their only function, nor the most
relevant one in understanding what different types of cells do and how they do keep us
alive.

The analogy, however, doesn't really add up: surely, we can say that all our cells do is
maximizing our fitness, and we agree that this is far fromilluminating. And in fact, as far
as we know, no biologist is proposing that as a framework to understand cell function
and structure. Defenders of PP, however, do claim that observing the brain and brain
structures through the lenses of prediction-error minimization is genuinely illuminating
(see, for example, Friston 2009, 2010; Howhy 2013, 2015; Clark 2013, 2016, 2023). So
reading their claims as pitched at such a high level of abstraction seems to trivialize
them.

At this point, the objector would likely argue that - at least in the free-energy variants of
PP - the prediction error minimization has been unpacked in a variety of different
computational operation, such as, for example, complexity/accuracy trade offs in the
internal model servicing learning, risk/uncertainty trade offs servicing exploratory
behaviors, and the minimization of a new, related quantity called expected free-energy
(see Friston et al. 2023 for a global view of these changes). So, it is no longer true that
the only relevant function is prediction error (or free-energy) minimization.
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These developments are, for us, a step in the right direction, and do something to
ameliorate the problems we have canvassed above. In particular, they are in and by
themselves sufficient to avoid the all-to-one structure-function mapping, and thus the
charge of equipotentialism. Still, PP would be left with a handful of functions to be
paired to about 180 cortical areas and subcortical structures. There is little hope that
these few functions will allow us to appropriately explain and highlight the diversity of
neural structures. And in any case, in order to be psychologically meaningful, these
functional labels will still have to be reconnected with a behaviorally transparent
redescription of phenomena (Francken & Slors 2017; Klein 2012).

Another objection attacks our (general) commitment to localizationism. Perhaps we
shouldnt try to assign functions to neural structures at all. Perhaps we should do
something different. We might, for example, try to assign each structure a “working”
(that is, an intrinsic computational profile) and then investigate how these “workings”
enable the structure to partake, together with other structures, in the execution of
various cognitive processes (Bergeron 2007; Anderson 2010). Or we could, to give
another example, assign each structure a different “propensity” or “personality” making
it more or less apt to cooperate with other structures in the execution of cognitive
tasks (Anderson 2014).

Now, it could seem that abandoning localizationism offers a straightforward solution to
our problem. If we altogether abandon the idea of structure-function mappings, we
also, eo ipso, abandon the problems the all-to-one mappings generate. Yet the escape
from these problems is, alas, only illusory. Non-localizationist proposals still need to
call upon different “workings” or “propensities” to account for the anatomical
differences in brain structures, and to explain why neural structures are selectively
recruited in various tasks. Yet, it is far from clear whether predictive processing can
provide those. If “workings” are the intrinsic computational profile of neural structures,
then it's hard to see how PP can avoid to claim that all structures have the same
“working’, as they all minimize prediction error according to the same algorithm. Maybe
PP could assign differently, empirically determined, “propensities” to various neural
structures (based, for example, on their response profile). But this move would come at
a high price, as it hinders the completeness and comprehensiveness. Completeness
would be under threat because PP would need an account of how algorithmically
identical prediction error minimization units end up having different “propensities”; that
is PP would need a novel way to relate the algorithmic level of prediction error
minimization to the implementation level of “propensities”. Comprehensiveness would
be under threat because a comprehensive neurocognitive account would have to
mention the relevant “propensities”, that are not part PP.

In sum, it seems that, in order to escape our argument, defenders of PP have to
withdraw from its bolder ambitions of comprehensiveness, unity and/or completeness.
Is that a price worth paying? As we will argue in the next and final section, probably so.

6 - Conclusions: prediction without comprehensiveness, unity and completeness

We have argued that the structure-function mapping entailed by PP is unable to play
the epistemic roles structure-function mappings are supposed to play. Indeed, PP
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paints a puzzling picture of the brain as a massively degenerate, equipotential organ - a
picture we have excellent reasons to believe is false.

It's important to notice, however, that the problems we have been diagnosing do not
strictly speaking come from the theoretical constructs PP deploys to explain the brain
and cognition. These problems are not rooted in prediction error minimization per se.
Rather, they stem from PP's aspiration to comprehensive, unity and completeness. It is
because PP has these aspirations that it is forced to ascribe all neural areas the same
function, and thus in putting forth its all-to-one mapping.

This means that, from the perspective of PP, our conclusions really are a mixed bag. On
the one hand we have repeatedly noticed that PP can do - and in fact often does - some
relevant explanatory work. It can, for example, explain why certain cortices boast an
agranular structure (Shipp et al. 2013). PP seems also well positioned to explain
recurrent computational motifs throughout the brain, such as the presence of cortical
columns(Bastos et al. 2012; Shipp 2016). These explanations are real and important, and
testify nicely that the explanatory tools of PP can prove useful in the mind sciences.

However, we wish to insist that these tools alone do not provide a global, unified
explanation of the brain and cognitive processing. Indeed, as we've argued, when used
alone and applied indiscriminately, the explanatory tools of PP yield a picture of the
brain as an equipotential organ - a picture we know is false.

The natural moral to draw, then, is that PP, useful as it may be, cannot be the grand
unified theory of the brain and cognition it aspires to be: its goals of
comprehensiveness, unity and completeness are beyond its own epistemic reach.

This isn't, in and by itself, a novel conclusion. Following independent lines of arguments,
other scholars (e.g. Colombo & Wright 2017; Litwin & Mitkowski 2020) have also
highlighted that PP falls short of being the comprehensive, unificatory theory it
promises to be. Our work diagnoses the same problem from a new, previously
unexplored, angle. That several researchers reached the same conclusion walking
different paths suggest that this conclusion is robust: there are several, theoretically
independent, reasons to think that PP can't be the complete, comprehensive and
unificatory theory it is typically publicized to be. Suppose, now, that PP renounces its
ambitions as a comprehensive, unificatory and complete theory of cognition. What
would follow for structure-function mappings? We think that the answer is, minimally, a
form of functional pluralism (McCaffrey & Wright 2022). We can still continue to assign
each and every neural structure the function of minimizing prediction error (supposing,
for the sake of discussion, that all neural structures do minimize prediction error); but,
in addition to that, we must also assign differentiated, specialized functions to
individual neural structures which clarifies how they contribute to behavior. Notice
that, in principle, there is nothing puzzling about this sort of assignment of functions.
Each component of an internal combustion engine has the function of making the car
go (see Klein 2012). But each component also has some individual function that is
uniquely played by that component (e.g. only the igniter has the function of igniting the
fuel).

Such a pluralistic assignment of functions could allow us to dodge the problems we
have highlighted above. For, the individualized functions (or functional propensities, if
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you prefer) assigned to each neural structure are in and by themselves sufficient to
avoid casting the brain as an equipotential organ, to avoid massive degeneracy, and to
play the epistemic roles of structure-functions mapping. Equipotentiality and massive
degeneracy are avoided because neural structures are assigned (also) different
functions. And the mapping from individual neural structures to specific functions does
play the epistemic roles structure-function mappings are supposed to play as well as
any other structure function mapping, given that, PP aside, all structure-function
mappings map individual neural structures on different functions (even if the mapping
is often many-to-many, see McCaffrey 2023, Westlin et al. 2023).

It is worth noticing, in closing, that PP itself is developing in a way that requires novel,
different functional assignments. For example, to explain exploratory behaviors and
curiosity within a PP framework, Kiverstein et al (2019) are forced to call upon a
mechanism tracking the rate of prediction error minimization. Such a mechanism has
not yet been mapped on any neural structure, but its mere presence within the
theoretical apparatus of PP already introduces the need to assign functions other than
prediction error minimization to at least some neural structures. Similarly, as noticed
above, free-energy variants of PP have introduced a second quantity to minimize
(so-called expected free-energy) and thus a second function that needs to be mapped
on neural tissue. An analogous need for multiple functional assignments is emerging
also from less theory-driven considerations. For example, Hull (2020) has recently
reviewed the functionality of the cerebellum from a predictive processing perspective.
Whilst the review takes the cerebellum as a predictor of sorts, the functions (plural)
that are invoked in the review go well beyond just prediction error minimization. For
example, Hull argues that the cerebellum minimizes reward prediction error, which is
distinct from the sensory prediction error minimized in the cortex.? Similarly, whilst the
cerebellum is cast as a forward (generative) model busy predicting the sensory
consequences of our movements, cerebellar predictions are described as based on
motor commands computed by the motor cortex, which is thus assigned a function
other than prediction error minimization.” The cerebellum is also said to learn
according to a non-trivial range of learning rules, which, again, go beyond the account
of learning based exclusively on prediction error minimization that PP offers.

Thus it seems that our claim that PP (in its current form) is not a comprehensive,
unifying and complete theory of the brain and cognition, and our consequent call for a
form of functional pluralism, is less inimical to the actual development of predictive
processing than the “official” PP rhetoric may suggest.
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