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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 understand how the mind works and how it is
implemented in its neural substrate. A popular strategy to this end 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 in cognitive neuroscience. 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 2024).

Recently, 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 neural organization (Friston 2009,
2010, 2013). 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.

PP has received enormous philosophical and scientific attention, mostly focused at discussing
its unificatory potential (e.g. Colombo & Wright 2017; Gtadziejewski 2019; Litwin &
Mitkowski 2020; Sun & Firestone 2020; Poth 2022), whether realism towards its theoretical
posits is warranted (e.g. Gtadziejewski 2016; Downey 2018; Colombo et al. 2021), and its
relationship with embodied cognition (Hohwy 2016; Clark 2017)." Less attention, however,

! These aren’t, of course, the only philosophical discussions surrounding PP. Indeed, PP has been involved in
virtually all the relevant debates of modern philosophy of mind and cognitive science. See (Hohwy 2020) for a
summary of those.
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has been paid to what PP entails for structure-function mappings in the brain, and for our
cognitive ontology. Our paper aims to fill in this gap.

The existence of such a gap is surprising. For, PP is deeply entangled with the debate over
cognitive ontology: one of the main architects of PP is a pioneer in the cognitive ontology
debate (Price & Friston 2005), and earlier incarnations of PP (e.g. Friston 2003) anticipated
current contextualist approaches to structure-function mappings (Klein 2012; Burnston
2016). But once properly considered, the impact of PP over cognitive ontology is even more
surprising. For, we shall argue that PP, in some of its popular incarnations, entails an
all-to-one structure-function mapping, which assigns the function of minimizing prediction
error to each and every neural structure. We further argue that this mapping 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 isn’t.

We won’t, however, claim that PP should be abandoned, or that it is of no value for cognitive
ontology. On the contrary, as neuroscientific practice shows, it can play a positive role -
provided other, more “traditional” (un-PP-esque), structure-function mappings are allowed
to mesh with PP. We argue, then, in favor of a rich and varied neuroscientific diet, in which
PP is one among many ingredients allowed to inform our cognitive ontology.

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 simply false. §5
examines and addresses some possible objections to our claim, concluding that PP is best
rescued by limiting its explanatory ambitions, and thus by combining it with more traditional,
non-PP-esque structure-function mappings. §6 substantiates this view by looking at the
neuroscientific practice, and showcasing that, as a matter of fact, scientists that deploy PP in

III

the lab do already allow “traditional” structure-function mappings to play such a relevant

role. Lastly, §7 offers a short conclusion of the paper.

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. The reference of “function” is similarly wide, as it designates
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cognitive constructs as different as psychological capacities (e.g. working memory, see for
example Curtis & D’Esposito 2003), neurocognitive processes (e.g. binding features, Dezfouli
et al. 2021) cognitive tasks (e.g. recognizing faces Kanwisher et al. 1997; Kanwisher & Yovel
2006) and even non-cognitive, physiological functions (e.g. monitoring oxygen blood levels,
see Haueis 2018). In this debate, then, “structure” and “function” are highly polysemous
terms - and we will follow this polysemous usage throughout the paper.

Notice also that such a talk of structure-function mapping bears no commitment to any naive
localizationism, according to which individual neural structures play a single, well defined
and context-invariant function. Or, otherwise put: in the relevant sense, structure-function
mappings need not be one-to-one contextless mappings. There are indeed good reasons 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 fusiform face area (FFA): a portion of the right temporal cortex that is
selectively activated during the observation of faces (Kanwisher et al. 1997; Kanwisher &
Yovel 2006). Its stimulation also 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 anatomical and
connectivity features of a structure should explain how neural functions are performed (cf.
Craver 2007; Bechtel 2008; Rathkopf 2013). Neural structures boast relevant anatomical
differences (e.g. in their histology, connectivity, and receptive fields), presumably
corresponding to different functional roles. It is thus 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.
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2018). It is also natural to do the inverse move, and appeal to different functions to explain
the difference between anatomical structures: 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 is 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
qguest 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; Bechtel & Richardson
2010; 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” (Bilali¢ 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 current formulations of
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 - and mental - phenomena
(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 (Gtadziejewski 2019; Litwin & Mitkowski 2020). And it strives to be complete,
in that it wants to offer an explanation of cognition covering all explanatory levels, from
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computation to physical implementation (Friston 2009; 2010; 2013). As such, PP (as we use
the term here) is different from the simple usage of predictive coding algorithms to explain
only some individual 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 usually
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 (Friston 2003, 2005). 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

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.

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.

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

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



7

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 signals 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,
2024). 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 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 2016). 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

> 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).

6 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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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 - be it 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. Thus PP does not “just” claim that the brain as a whole has the function of
minimizing prediction error (as in Williams 2022). It claims something more: that the brain
decomposes in functional units or mechanisms’ all performing the same function - that of
minimizing prediction error. Defenders of PP are clear about this point:

The theory promises not only to radically reconceptualize who we are and how aspects of our
mental lives fit into the world. It unifies these themes under one idea: we minimize the error
between the hypotheses generated on the basis of our model of the world and the sensory
deliverances coming from the world. A single type of mechanism, reiterated throughout the brain,
manages everything. The mechanism uses an assortment of standard statistical tools to minimize
error and in doing so gives rise to perception, action, and attention, and explains puzzling aspects
of these phenomena.

(Hohwy, 2013, p. 2, emphasis added)

Sometimes PP is introduced using sweeping notions, like the claim that prediction error
minimization is “all the brain ever does”(see, e.g., Hohwy, 2013, p. 7). Although potentially true at
some level of abstraction, such claims seem limited in their explanatory power.[...] In other words,
there may be many distinct, at least partially independent mechanisms responsible for distinct
phenomena, with each of them consisting of a hierarchical model (or a single level within such a
model) minimizing the prediction error.

(Gtadziejewski 2019, pp. 665-666, emphasis added)

The explanatory power of this framework, exemplified in simulations of PP that readily account for
phenomena ranging from V1 neuron response properties to bistable perception to perceptual
illusions has led some to argue that everything the brain does can ultimately be explained in terms of
prediction error minimization.

(Walsh et al. 2020, p. 261 emphasis added)

Thus, advocates of PP argue for an all-to-one structure-function mapping: “at the end of the
day”, they claim “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 as 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,

” These mechanisms can, but need not be, cognitive (Fodor 1983), anatomical (Colthart 2001) or topological
(Sporns 2016) modules. For a discussion of PP and cognitive modularity, see (Drayson 2017)
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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; Dimakou et al. 2025). Relatedly, it assigns a clear functional role to top-down
connections between neural areas, namely that of transmitting prediction to the lower
hierarchical layers (Friston 2005; Mesulam 2008; Bastos 2012 et al.). PP also accounts for the
intrinsic connections within single neural structures, in that it explains the organization of the
cortical column (Bastos 2012), thereby assigning relevant functional roles to individual neural
populations, so as to explain how neural structures carry out prediction error minimization
(see Mumford 1992; Shipp et al. 2013; Shipp 2016, 2024). Additionally, the multilayered
nature of the generative model also captures the hierarchical structure of the cortex - which
should thus come to resemble, at an abstract level, the structure of the environment.® For
example, since the identity of objects and their location are independent causes of our
sensory inputs, our generative model should keep them separated, processing and
representing them through different and independent variables. This, Friston (2013) argues,
is reflected in the division between where and what pathways in the visual cortex (Milner &
Goodale 1995); that is, in the presence of two anatomically different (and segregated)
pathways for the location and identity of visual objects.

These explanations, however, concern some global anatomical or functional feature of the
brain as a whole. That is not our focus. Nor are we here concerned with the view that the
function of the whole brain (or other entire biological systems) is that of minimizing
prediction error (e.g. Friston 2013b, 2019; Tschantz et al. 2020). We are concerned with
different, more local questions, namely questions concerning the individual neural structures
constituting the brain, and the assignment of the function of minimizing prediction error to
these structures. How does PP fare in this regard?

Sometimes, 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

& At least, assuming that the generative model is at least approximately correct. On the similarity between
generative models and the surrounding environment, see (Gladziejeweski 2016; Williams 2018. See also
Facchin 2021; Tschantz et al. 2020 for pushback)
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architecture® - that is, why the fourth cortical layer retrocedes in the motor cortex and
basically disappears in the primary motor cortex M1. The basis of the explanation is centered
around the fact that the neurons in the fourth or “granular” layer are supposed to encode
the prediction errors. Generally, then, the IV layer is “wired” to the other cortical layers in a
way such that the prediction errors it encodes “travel upwards” in the cortical hierarchy, and
are thus forwarded to higher cortical areas to revise their predictions. But this, crucially,
should not happen in the motor cortex. For, in the context of PP, it would cause the revision
of the agent’s predictions about movement, thereby impeding movement (Shipp et al. 2013).
To enable movement, the motor cortex needs a different mechanism to get rid of prediction
error, which is provided by the spinal cord and the prediction-confirming movement it
enables (Adams et al. 2013). In this way, PP casts the absence of the IV layer from the
primary motor cortex (and its thinning in motor areas) in terms of a movement enabling
feature of the motor cortex, which concretely allows it to control and generate movements.
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 wherein predictions are altered so as to fit the incoming input.
PP’s ability to provide structure-function mappings playing the relevant predictive,
explanatory and heuristic roles, then, is in an important sense exceptional. Let us illustrate.

Consider, first, the predictive role structure-function mappings are generally supposed to
play. Knowing that a structure plays a given (set of) function(s) should enable us to predict its
(differential) activation(s) 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.

° Though note that the agranularity of the motor cortex is not uncontroversial. See for example (Yamawaki et
al. 2014).
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However, according to PP each structure plays the same role any other structure plays - they
all minimize prediction errors. 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 execution of visual tasks. Indeed, insofar all structures are assigned the
same function, 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 agranular 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 fruitful hypotheses
concerning 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
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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.

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 other's deficiencies. 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.®

0 At times, it is suggested that the message passing algorithm described by PP is more metabolically efficient
than alternative ones, since it allows the brain to propagate only prediction errors, rather than the entire
sensory signal and transformation thereof (e.g. Jamadar et al. 2025). It is tempting to call upon such a view to
explain why every component of a big brain must function as described by PP. We find this move quite puzzling.
As Cao (2020) notices, coding efficiency does not automatically translate into metabolic efficiency. Additionally,
the top-down flow of predictions does propagate the sensory signal (and transformation thereof) downward in
the cortical hierarchy. And once this flow is taken into account, it is no longer obvious that PP is more (coding
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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 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 V1 is selectively recruited in motor tasks and the SMA is recruited to perform
visual tasks? These questions are easily answered if we assume that V1 and SMA play
different functional roles. But how can this question be answered, if we 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 give us pause. For, it suggests that PP offers a view of the
brain as 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 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).

or metabolically) efficient than any alternative message passing scheme that takes into account the role of
top-down connections.
" See, however, (Makin & Krakauer 2023) for a call to caution on this matter.



14

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)."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’s ambition of comprehensiveness, unity and completeness
- and indeed, to PP as a whole.

But is it? Let us consider some of the ways in which defenders of PP might react to our claim.

5 -Is the threat to PP real?

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.
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 (see §3). We are
talking about mainstream formulation of 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. [...] 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).

A natural reading of Clark’s claim is that virtually all 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. And this brings us the all-to-one mapping we have
identified: the neural machinery is indeed, functionally speaking, always the same.

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.

Defenders of PP are also 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. See
also the quotes in §2).

2 These problems are even thornier for embodied readings of PP (e.g. Clark 2016, Kersten 2025), and the
expansive framework of the free energy principle (Friston & Stephan 2007), wherein prediction error
minimization is at times subserved by extra-neural components.
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A natural 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. Rather, it claims that neural structures have the 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.

We don’t think this objection successfully addresses the substance of the problems we
raised. Sure, adding the function of minimizing modality specific prediction errors does
indeed prevent PP from entailing an all-to-one structure-function mappings and the related
charge of equipotentiality. However, there are only so many modalities, and thus only few
functions are added to the picture. At best, PP would end up entailing an all-to-few
structure-function mapping, which gives rise to modality specific variants of the problems
we’ve highlighted above.

To understand what we mean, consider, for example, primarily visual areas such as V1 and
V2. They all receive input from the visual sensory periphery - hence, on the view we are
discussing, they are all assigned the function of minimizing visual prediction error. Citing this
fact may account for the differences between them and, say, Al - the primary auditory area
whose function would be to minimize auditory prediction error. But what about the
difference between V1 and V2? In this case, they would both be assigned the function of
minimizing visual prediction error - a function that, being shared, is unable to explain their
different structural features, and their different patterns of activation.

Additionally, the assignment of the function to minimize modality specific prediction errors
becomes increasingly hard the more one departs from (primary) sensory cortices. Massively
associative areas like the prefrontal cortex receive information from almost everywhere in
the brain, and thus appear to elude any functional characterization in terms of modality
specific prediction error minimization. When it comes to these areas, then, it seems that the
best we can do is to say that they minimize (generic) prediction errors. But this brings about
the exact same problems for structure-function mappings we highlighted in §4.
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Notice further that we have thus far assumed that primary sensorimotor cortices deal with
information coming from a single modality. But this assumption is increasingly questioned,
on empirical grounds. For example, visual cortices are selectively active even when localizing
sound in absence of any visual input (e.g. Leclerc et al. 2005; Poirier et al. 2006), visual inputs
can cause the activation of olfactory areas (e.g. Gonzalez et al. 2006), and large chunks of the
auditory cortex respond to non-auditory inputs (King et al. 2019). But if these, and similar
studies (see Bell et al. 2019; Heimler & Amedi 2020; Rosemblun et al 2016; Murray et al
2016; Ghazanfar & Schroeder 2006; Calzavarini 2024) are on the right track, then it becomes
really hard to assign the function of minimizing modality specific prediction error to any
cortical area. And if that were the case, then this second objection to our analysis would
simply be a non-starter.

A third 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 from illuminating. But no biologist
proposes 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). Thus the claim does not seem pitched at the
same unhelpfully high level of abstraction - or at least, defenders of PP do not seem to think
itis.

A variant of this third objection may replace the quite generic notion of “level of abstraction”
with something more specific, such as, for example, Marr’s (2010/1982) explanatory levels,
or a similarly regimented hierarchy of explanatory levels. Thus for example, Spratling (2013)
and Clark (2016, p. 2) describe PP as an “intermediate level” theory, sitting in between the
psychological/behavioral level and the biophysical (implementational) level. As such, PP is
not in and by itself speaking of its physical (neural) implementation, and indeed it allows for
a variety of different implementational schemes. Indeed, it seems reasonable to presume
that robotic implementations of PP (e.g. Tani 2016) significantly differ from neural ones.

This objection, we are happy to concede, gets something right. Yet, it remains ultimately
unconvincing. To start, whilst some researchers do conceive of PP as only an “intermediate

I”

level” theory, others assign it a wider scope. For example, Millidge and colleague present PP

as follows:
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Predictive coding encompasses all three layers of Marr’s hierarchy by providing a
well-characterised and empirically supported view of ‘what the brain is doing’ at all of the
computational, algorithmic, and implementational levels (Millidge et al. 2021).

Similarly, Friston presents PP as an explanation “of a remarkable range of facts about the
brain structure and function” (Friston 2009, p. 293, emphasis added). He further argues that
considering the brain as a generative model provides us with a “powerful explanation for
neuroanatomy and neurophysiology” (Friston 2013, p. 213, emphasis added). Surely
structural, neuroanatomical aspects of the brain pertain to the implementation level, rather

I”

than any “intermediate level” above the implementation level.

IlI

But - and this is our second point of response - even if PP were only an “intermediate leve

III

theory, that would not really affect our argument. For, “intermediate level” theories do
ascribe functions to neural structures - they only pass under silence how these functions are
materially realized. This can be seen by looking at Marr’s (2010/ 1982) book on vision,
wherein he performed a number of functional ascriptions at various levels of depth and
grain. For example, he ascribed the visual system the function of locating what is where, and
ascribed the retina the function of convolving a Laplacian operator with a Gaussian operator.
And he did so without exploring how such functions are materially carried out by the
neuronal hardware. Theories at "higher" and "intermediate" levels, then, do perform
functional ascriptions. Hence, insofar the function ascribed at the “intermediate level” is only
the function of minimizing prediction error, all the problems we raised in (§4) persist
unsolved.

III

What “intermediate level” readings of PP often highlight, however - and what, we think, they
doubtlessly get right - is the flexibility of the main processing operation described by PP. This
flexibility can be seen at the level of implementation, where different implementation
schemes remain possible (Spratling 2013). But it can also be seen at higher levels, where
prediction error minimization can be unpacked in terms of many different computational
operations 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). Doesn’t this flexibility at “higher levels” solve the
problem with all-to-one mappings, allowing PP theorists to assign different functions to
neural structures?

Only partially. Sure, that flexibility is sufficient to avoid the all-to-one structure-function
mapping, and thus the charge of equipotentialism. Still, PP would be left with only 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
staggering diversity and variety of neural structures.
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Another objection attacks our (general) commitment to localizationism. In fact, some
defenders of PP have, in fact, voiced some discontent with traditional structure-function
mappings (Westlin et al. 2023). Perhaps we shouldn’t 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. Most 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.

A last objection contends that our claim is, strictly speaking, false. For, PP assigns different
functional roles to the elements within each hierarchical layer. Within the hierarchy for
example, there are units in the task of managing precision, updating the predictions,
computing prediction errors, and so forth. So, there is a sense in which PP does not assign
the same function to all neural structures in the brain.

We can’t but acknowledge that the above is strictly speaking correct. But we don’t think it
successfully shields the proponent of PP from the worries we have raised. For example, it
leaves the charge of equipotentiality entirely untouched: after all, the macro component of
the brain (e.g. areas, circuits, networks) would all still have the same functional role.
Similarly, if hierarchical layers are identified with cortical areas (e.g. Friston 2005; Markov et
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al. 2014), assigning them all the same function will do little to explain their different
structural features, or to predict their differential activations.

In sum, it seems that there is no way (or at least, no immediate, easy way) for PP to retain its
all-to-one mapping, and thus to reach its goals of comprehensiveness, unity and unification.
Is this a price defenders of PP should pay? Yes - and indeed, neuroscientists working with PP
“in the lab” have already paid it, as we shall now illustrate.

6 - PP in the lab, (already) beyond comprehensiveness, unity and completeness

Thus far, our discussion focused on PP’s doctrine and theoretical ambitions. We shall now
divert our gaze to PP’s role in the lab, looking at how PP actually bears upon
structure-function mappings in the actual neuroscientific practice.*

To do so, consider first a paradigmatic instance of functional ascription to a neural structure,
such as the ascription of the function of representing faces to the FFA (Fusiform Face Area,
see Kanwisher et al. 1997; Kanwisher & Yovel 2006). More in detail, the FFA is said to
perform the function of representing individual faces, after receiving signals from the OFA
(Occipital Face Area), whose task is detecting face-like stimuli (see Haxby et al. 2000).

How does PP interface with this (textbook) functional ascription to a neural structure?
Looking at the empirical practice of neuroscientists interested in PP and the functional
partnership between FFA and OFA, what emerges is PP’s role in further specifying the
pre-existing, independently made functional ascriptions.

For example, the fact that the FFA responds less to face stimuli when they are more
predictable (Summerfield et al. 2008; Egner et al. 2010) suggests that the FFA predicts faces:
After all, the more faces are predictable, the less the FFA will have to “work” to predict them.
Further, the fact that the FFA response reduces as we get acquainted with individual faces
(no matter the specific orientation or perspective from which they are seen) suggests that
the FFA role is that of predicting individual faces, presumably on the basis of contextual cues.
The emerging story, then, doesn’t see the FFA as matching individual identities to the “face
stimuli” detected by the OFA and coming from the bottom-up. Rather, the FFA predicts
individual faces, and sends these predictions “downwards” to the OFA to make it match the
best prediction to the “face stimulus” actually detected (Apps & Tsrakiris 2013).

What is the moral of the story we sketched? There are many potential morals, for example
concerning the flexibility of PP and its ability to recontextualize previous bits of knowledge
and experimental data. The moral we wish to highlight, however, is that, in the story above,
PP functional ascriptions worked in tandem with “traditional”, un-PP-esque, functional
ascriptions. The novel, presumably more precise, functional ascriptions to the FFA and the
OFA as respectively a predictor of individual faces and a comparator of predicted faces with

3 Notice that we will not enter in the vexata quaestio of the empirical support for PP (see Walsh et al. 2020;
Westerberg et al. 2025 for discussion).
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actual input make sense only given our previous empirical knowledge concerning the
selectivity of the FFA and the OFA for faces, and their previous functional ascriptions as areas
to represent faces and detect face-like stimuli. Subtract that knowledge, and the novel
functional ascriptions seem entirely arbitrary. Indeed, even the experimental designs of the
studies mentioned above become hardly intelligible. For, what could explain the fact that all
these studies on the FFA deployed faces as relevant stimuli, if not the fact that the FFA is
ascribed the function of representing faces?

And indeed, virtually all PP-inspired research on repetition suppression in the FFA use faces
as stimuli (e.g. Grotheer & Kovacs 2014; Pajani et al. 2017; Vinken et al. 2018). It is natural to
justify this choice of stimuli by citing the FFA function of representing (or predicting) faces.
We simply do not see how it could be intelligibly justified by citing the FFA function of
minimizing prediction error.

In the lab, then, PP-esque ascriptions do not play the totalizing, unique explanatory role that
PP’s doctrine assigns them. Rather, they co-exist, pluralistically with other, “traditional”
un-PP-esque functional ascription - with which they may mingle, as a result of neuroscientific
advancements. But this means they are both relevant tools in the neuroscientists’ toolbox, in
a way that directly contradicts PP’s ambitions of comprehensiveness, completeness and

unification: something distinctively un-PP-esque is needed too.

Isn’t this just a variant of the second objection discussed in (§5)? There, the idea was that PP
could be rescued from our problems just by making its functional ascriptions more precise.
And what is the above, if not a precisification of one such functional ascription?

However, whilst the above surely is such a precisification, it has little in common with what
the second objection was suggesting. For one thing, such a precisification does nothing to
address the worries we raised when replying to the objection. But most importantly, the
move the second objection was attempting was to modestly boost the functional variety in
PP to preserve its goals of comprehensiveness, unification and completeness. But in the case
at hand, something quite different is taking place. The PP functional ascription is cooperating
with a “traditional”, un-PP-esque one. From the point of view of PP, we are introducing novel,
extraneous ingredients - ingredients that come straight from the bottom up,
feature-detection based view of the brain PP allegedly replaces (e.g. Clark 2015). And, to
apply the same recipe for functional precisification at large would be to introduce all the
functional dishomogeneity present in current, un-PP-esque, descriptions of the brain. PP’s
claim to unity, then, would be in shambles. And, given how comprehensiveness and
completeness are tied to unity, these claims would be under hard pressure too - and let us
stress this is good news, given that PP’s portrait of the brain as an equipotential organ hinged
over these.

So, when observing the relevant neuroscientific practices, it seems that neuroscientists
interested in PP have already abandoned PP’s claims to comprehensiveness, unity and
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completeness, relying on an array of functional ascriptions that’s larger than the one licensed
by PP alone.

This suggests, as our conclusion should now briefly articulate, that the worries we raised in
(§4) do not inescapably plague any variety of PP, but rather to an overly inflated and
exclusive picture of its explanatory prowess.

7- Conclusions: prediction without comprehensiveness, unity and completeness

We have argued that, in its current mainstream formulation presenting it as a
neurocomputational framework aiming at providing a comprehensive, unitary and complete
understanding of the mind/brain, PP ends up delivering a very unhelpful set of functional
ascriptions - one that fails the desiderata structure-function mappings are widely supposed
to meet - leading to a false image of the brain as an equipotential organ.

As our analysis of the neuroscientific practice revealed, however, these undesirable
outcomes are not the unavoidable consequence of PP’s theoretical machinery. Rather, they
seem to depend on an overly restrictive and exclusive reliance on PP. For, when properly
conjoined with un-PP-esque components, PP can play a genuinely positive role for our
structure-function mappings.

The moral to be learned, then, is not that PP should be thrown away, but rather that its
aspirations to comprehensiveness, unity and completeness should be abandoned. A similar
verdict has been reached - through other means - by other scholars, such as (Colombo &
Wright 2017;Litwin & Mitkowski 2020). This suggests that our 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.

We thus recommend that PP theorists renounce their ambitions of comprehensiveness and
unification, and allow some 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 can (and often must) also assign differentiated, specialized
functions to individual neural structures - and at time, we can combine the two in a "hybrid"
function, as in (§6).

Such a pluralism is by itself sufficient to dodge the problems we have highlighted above. For,
the individualized functions (or functional propensities, if 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
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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 even certain “purely theoretical” developments of PP are
pushing it in this direction.For example, to explain exploratory behaviors and curiosity within
a PP framework, Kiverstein et al (2019) postulated a mechanism to keep track of the rate at
which prediction error is minimized. This already is a distinctively PP mechanism which is
assigned a function other than prediction error minimization - shattering, at least in part, the
unity (and thus comprehensiveness and completeness) of PP. Similarly, in a theoretical
review of the cerebellum’s function in PP terms, Hull (2020) makes ample use of un-PP-esque
functional assignments. For example, he claims that the cerebellum minimizes reward
prediction error, which is not the kind of prediction error PP focuses on (cf. Sprevak 2024).
Additionally, he casts the cerebellum as a forward model: a computational device whose
function is that mapping motor commands onto predictions of the sensory consequences of
movement (McNamee & Wolpert 2019). This not only assigns a distinctively un-PP-esque
function to the cerebellum, but also to the motor cortex too. For, presumably, motor
commands are the outputs the motor cortex has the function to produce, in direct
opposition to PP’s claim that the motor cortex is just in the task of minimizing proprioceptive
prediction error (Adams et al. 2013; Pickering & Clark 2014).

In sum: PP has in practice and - at least partially in theory - moved into some form of
functional pluralism, abandoning its dreams of completeness, comprehensiveness and
unification. We hope this paper contributes to speeding up this process.
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