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Aesthetic taste remains an elusive phenomenon that has been 
comparatively underexplored in psychology. We argue that taste 
integrates four dimensions: sensitivity to fine-grained differences 
within a domain; valence, through which these differences come 
to matter affectively; orientation, the selective tendency to seek 
encounters that may further transform one’s sensibility; and 
normativity, through which judgments of taste become share-
able and contestable. These are not separate dimensions but 
faces of a single underlying capacity: continuously monitoring 
one’s grip on the world and letting that monitoring modulate what 
happens next. This makes human engagement non-uniform. 
Throughout, we use current artificial intelligence as a contrast 
case, exploring how far it can model or replicate human taste. 
Machines can be sensitive to fine-grained distinctions, predict 
human preferences, generate apparently tasteful outputs, and 
shape the environments in which human taste develops. But 
they do not yet possess taste in the full human sense, because 
they lack the stake that makes human processing non-uniform: 
self-directed exploration, online self-transformation, and 
genuine normative vulnerability. The upshot is a systematic 
framework for the study of human taste and for assessing how AI 
may transform its formation.
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Introduction
You and a friend walk into a Belgian beer bar. He looks at 
the list, shrugs, and orders whatever happens to be on 
tap: a gueuze, a tripel, a saison, or a witbier are more or 
less interchangeable to him. But you can tell the dry,

peppery profile of a saison from the softer fruit and spice 
of a tripel; you notice whether the coriander and orange 
peel in a witbier are in the right proportion. Small dif-

ferences in spice, sweetness, yeast, or serving temper-

ature please or displease you, and they guide what you 
notice, seek, avoid, and remember. Nor are these merely 
private evaluations: you could argue passionately about 
whether a beer is elegant or crude, over-spiced or 
beautifully integrated, faithful to a style or interestingly 
deviant from it.

This is what we ordinarily call taste: the ability to notice 
differences, feel them as pleasing or displeasing, use 
them to orient ourselves in the world, and treat them as 
reasons for judgments that can be shared, disputed, and 
defended. Of course, taste is not confined to the culi-

nary sphere: we have taste in the arts, in design, in social 
conduct, in scientific practice, and wherever we culti-

vate discriminating, affectively loaded, socially discuss-

able judgment. In this sense, taste differs from aesthetic 
preference, on which empirical aesthetics has mostly 
concentrated. Preference is a local and personal pattern 
of liking in a given encounter; taste is a broader and 
social phenomenon: a cultivated capacity to discrimi-

nate and feel in ways that guide action productively and 
can be justified to others. While preferences are readily 
measured and manipulated, taste is harder to study, and 
recognizing it in practice seems to presuppose the very 
capacity one is trying to capture. Philosophers, however, 
have long grappled with the thorny questions it raises: 
can taste be cultivated, or does it merely change? Is it 
grounded in feelings or reason? Is it merely subjective, 
or can it aspire to some form of shared validity [1]?

These questions acquire new urgency in the contem-

porary technological landscape. As generative AI floods 
the cultural environment, there is growing interest in 
whether its outputs may display something like taste 
[2—4], while AI systems are increasingly trained on 
human aesthetic evaluations and recommender systems 
rank and curate much of what we encounter [5,6]. 
Human-made artefacts are in turn submitted to, and 
optimized for, machine judgment [7,8]. Together, these 
developments create a feedback loop in which we train 
machines to model our taste, while they train our taste 
by structuring what we meet and make, raising concerns 
about algorithmic capture, homogenization, and the 
narrowing of our sensitivity [9,10].
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In this short theoretical contribution, we isolate four 
central components of taste (sensitivity, valence, 
orientation and normativity) and ask how they act 
together in human agents, drawing especially on pre-

dictive processing. We then argue that these compo-

nents are facets of an underlying capacity: self-

modulating, non-uniform engagement with the world. 
For each step, we use current AI as a contrast case, 
asking how far machines can capture, model, or replicate 
human taste. The result is a systematic framework for 
studying the nature and significance of taste in human 
life, and for assessing the growing impact of machine 
systems on its formation and exercise.

Sensitivity
At its most basic level, taste requires the ability to make 
fine-grained discriminations within a specific domain. It 
may consist in detecting small amounts of seasoning in a 
dish, recognizing the difference between a well-cut 
garment and a clumsy imitation, or telling Debussy from 
Ravel after a few notes. This is Hume’s “delicacy of taste” 
[11,12]: the capacity, also described as discernment or 
perceptiveness, to be sensitive to subtle differences that 
others miss. The more cultivated one’s taste, the more 
numerous and fine-grained the differences to which one 
becomes sensitive. This sensitivity is a first layer and 
precondition of taste: it supplies the differences that we 
may then care about, evaluate, and discuss.

The sensitivity involved in taste can be understood 
through the idea, widespread in contemporary cognitive 
science, that agents like us embody a hierarchical 
generative model encoding the hidden causes of sensory 
inputs. The predictions of this model are then tested 
against incoming sensory signals and updated when 
discrepancies (prediction errors) arise, in a process that 
effectively amounts to gaining an increasing delicacy of 
taste. To stay with the beer example, a novice may first 
learn to explain a certain cluster of sensations (bitter-

ness, acidity, carbonation, aroma, colour, foam) as 
generated by the hidden cause “beer”. Exposure yields 
more granular sub-hypotheses (e.g., distinguishing 
“witbier” via subtle spice cues). Sensitivity thus in-

volves acquiring a richer model of a domain, one that 
affords increasingly fine-grained predictions about what 
one should encounter within it.

Do machines possess sensitivity in any comparable 
sense? There are certainly important functional analo-

gies. Trained on large datasets, neural networks acquire 
representations that grow more abstract across layers 
and are refined by error-driven optimization, matching 
or exceeding human discrimination benchmarks 
[13—15]. In the arts, they classify paintings by artist, 
genre and style, and even identify artists from features 
as subtle as hatching patterns [16—19]; generative sys-

tems reuse the same regularities to produce work

recognizably “in the style of X”, indicating that they 
have captured complex statistical properties associated 
with that style [20,21]. In discriminatory resolution 
alone, therefore, machine sensitivity already exceeds 
ours in some domains.

Yet comparable accuracy can conceal profound differ-

ences in the features on which human and machine 
classifications rely. Optimized to exploit whatever sup-

ports successful classification, neural networks may 
seize on correlations that are accidental, brittle, or un-

available to human perception, relying on local texture 
rather than global shape, breaking under imperceptible 
perturbations, or confidently classifying images mean-

ingless to us [22—26]. Despite their discrimination 
performance, machines remain sensitive to different, 
sometimes wholly irrelevant, features ― for us a key 
mark of tastelessness. To discriminate finely but indis-

criminately is not taste.

Valence
If someone is able to identify minute differences in the 
flavour of a beer but remains affectively indifferent to 
them, we would not say that they have taste in the full 
sense. As philosophers have long recognized, taste is a 
matter of reacting affectively to things, of being pleased 
or displeased, of approving or disapproving [27]. Having 
taste in a specific domain means more occasions for 
valenced experience. Hume captures this when he 
writes that “delicacy of taste has the same effect as 
delicacy of passion: it enlarges the sphere both of our 
happiness and misery, and makes us sensible to pains as 
well as pleasures, which escape the rest of mankind” 
[12, p. 4].

To understand the roots of this valenced experience, we 
can return to the notion of generative model, but now 
emphasizing the existential significance it acquires in 
predictive processing. In this account, we do not merely 
embody models of the world: in an important sense, we 
are those models [28,29]. Modelling the world also 
means constituting ourselves as distinctive points of 
view on it and actively sampling or changing it in ways 
that preserve this perspective’s viability (a process often 
described as “self-evidencing” [30]). With Di Paolo 
[31], we can say that organisms conserve not only life, 
but their way of life, the perceptual and practical habits 
that have sustained them so far. For organisms like us, 
encounters are pleasant when they affirm our model’s 
viability and extend our grip, and unpleasant when that 
grip recedes [32]. Valence seems to track our predictive 
successes and failures across time [33—35]. Applied to 
taste, as to aesthetics more generally [36,37], this view 
helps us understand why we care about the differences 
we detect, and why extending our grasp of the world also 
extends the sphere of what can please and displease us.
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How do machines fare with respect to valence? They 
can certainly be trained to predict it: sentiment analysis 
and affective computing sort texts, faces, voices, and 
physiological signals into affective categories, and 
models can learn to predict human preferences for texts, 
sounds, images, and even beers from labelled data 
[38—43]. But predicting is not experiencing. Even 
setting experience aside, current AI is unlikely to 
implement anything akin to the functional role valence 
plays in taste. It lacks the kind of self-monitoring by 
which humans track whether their grip on the world is 
improving or deteriorating in ways tied to viability. 
Machines do have signals that register success or failure 
and guide the modification of their models. During 
training, their parameters are updated according to 
objective functions that minimize loss or prediction 
error. But these signals are defined by external “teach-

ers” and have no intrinsic significance. If a model’s loss 
increases, nothing is thereby threatened for the model 
itself. The loss matters solely because engineers use it 
for gradient descent, not because failure threatens the 
system’s viability: its continued existence as a modelling 
perspective. By contrast, in humans, the loss or predic-

tion error “makes a difference” [44] as information 
about how the system is faring over time, and how it will 
have to proceed.

Orientation
Taste is not just a retrospective response to inputs we 
receive. It is also a prospective disposition to seek 
out, sample, and attend to some things rather than 
others. Beer connoisseurs enjoy or dislike a witbier 
when they taste it, but they also choose which 
breweries to follow, which bottles to try, and which 
aspects of the flavour to attend to. As their taste 
changes, so does their way of sampling. In other 
words, tasteful agents selectively expose themselves 
to regions of the world, shaping their trajectories of 
development in ways that may further deepen their 
sensitivity. We can call this aspect orientation, to 
suggest both a selective interest toward things and an 
ability to find one’s way among them.

This aspect of taste follows naturally from the picture 
developed so far. If we are precarious models of the 
world, we will be drawn toward regions compatible with 
our continued activity of world-modelling and self-

formation: regions neither already modelled, nor 
impossible to model, but modellable. In computational 
accounts of intrinsic motivation and curiosity, this ap-

pears as a drive to seek reducible uncertainty, often 
formalised in terms of expected information gain or 
learning progress (i.e., maximum reduction of prediction 
errors) [45,46]. The tendency is already expressed in 
infants, who look longest at “Goldilocks” stimuli that are 
neither too predictable nor too surprising [47,48], and it 
becomes increasingly selective and domain-specific

across development. In the mature artist (or scientist), 
orientation can take the form of an educated sense for 
risky possibilities worth pursuing. Liu et al. [49], for 
instance, showed that influential “hot streaks” in the 
careers of artists and scientists are often preceded by 
increased exploration of topics or styles.

Importantly, orientation is closely related to sensitivity 
and valence. If sensitivity allows us to register increas-

ingly fine-grained differences and valence makes these 
differences affectively significant, orientation directs us 
toward encounters through which further sensitivity and 
valence can emerge. Taste is thus recursive: being 
touched by certain aspects of the world leads us to seek 
new encounters, which in turn transform what we are 
able to detect or care about. This is also why taste is 
inherently changeable. The very tendency to refine our 
sensibility precludes wholly fixed standards of taste 
[50]. This means that, while there are products of taste, 
taste itself can only be captured in trajectories, not 
snapshots (see Figure 1).

Do we see orientation in machines? Current generative 
AI can capture and reuse the statistics of human taste 
outputs but it still lacks the self-directed environmental 
selection through which taste evolves in human agents. 
Its input spaces and optimisation objectives are selected 
for it, and it learns from traces of human activity rather 
than from the consequences of its own interventions 
[52,53]. Moreover, current LLMs do not learn online 
once trained. There is no explicit mechanism to notice 
“this is where my model strains” or “this is where I can 
fruitfully expand my model of the world”.

And yet, denying that LLMs and other generative AI 
systems possess taste because they lack orientation feels 
increasingly strained. At times, they produce genuinely 
interesting or tasteful outputs that do not merely seem 
to ape what already exists. Still, it is a taste without 
appetite. An AI system can generate behaviour that 
looks curiosity-driven, by recognizing from its training 
which sequences people found worth continuing. Ask 
that same system to choose which of several data 
streams to keep watching, analogously to looking-time 
experiments in infants, and it prefers noise instead of 
learnable inputs. The ability to generate what appears 
interesting therefore comes apart from the motivation to 
seek or discover it. Seeking requires moment-to-

moment tracking of where one’s own understanding is 
improving and the capacity to steer accordingly. Work in 
developmental robotics does attempt such online 
monitoring, with agents that sample environments by 
expected learning progress or empowerment [46,54,55], 
but current LLMs lack it.

The lack of orientation in AI systems does not prevent 
them from shaping human orientation. They increasingly
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determine what we encounter, and so what we can come 
to understand, value, and pursue. If taste involves 
selecting the regions of the world through which our 
sensitivities can expand, then delegating that selection is 
not neutral: it may support discovery, or it may build 
niches in which our capacity to find new ways of experi-

encing and remaking the world gradually atrophies [56].

Normativity
If taste is an orientation, expressed in an ever-shifting 
frontier, it may seem merely subjective, grounded in 
the particular trajectory of an agent pioneering new ways 
of perceiving and acting [57]. But taste is not just a 
matter of individual inclinations: the person with taste 
evangelizes and argues, treating their taste as more than

Figure 1

Career trajectories of artists, from Karjus et al. [51], who scored successive artworks for aesthetic temporal resemblance against a historical corpus of 
predominantly Western art. The examples illustrate qualitatively different career-trajectory shapes. Negative values indicate greater resemblance to past 
art. Positive values indicate that a work is more similar to works not yet created (‘pioneering’). A trajectory remaining near zero does not imply a static 
style, however; an artist may change in parallel with their contemporaries. Note that the measure may miss important dimensions of artistic change, 
capturing only those represented by the underlying (here, compression-based) visual similarity measure. Reproduced with permission from Fig. 5 of the 
preprint version of Karjus et al. [51].
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subjective preference. We tend to think that taste can 
be improved, and that some people have better taste 
than others. Judgments of taste therefore carry norma-

tive weight: they are claims about how things ought to 
be experienced, for me and for others. This social 
character of taste gives rise to the phenomena of 
belonging, distinction, and exclusion familiar to the so-

ciology of art [58].

From the outside, the stringent norms of taste commu-

nities are often seen as elitist policing or social signalling. 
This does happen, but it is often a mark of tastelessness: 
the beer snob’s pure mimesis is a shallow copy of taste 
talk without the merit of experience. From inside a taste 
community, however, taste talk is often driven by the 
desire to share the delight of disclosing new ways of 
perceiving, understanding, and acting. The “ought” 
functions as a speech act of inviting or demanding 
convergence: “come and see it this way”. Its object-

directed grammar (“the saison is over-spiced”) is the 
natural form of such an invitation: you point at the shared 
thing and ask the other to align their perception with 
yours. This normativity is also expressed by asymmetric 
deference: the novice treats the expert’s discriminations 
as revealing something they have yet to perceive, not 
merely as a different preference. But a mentor who cor-

rects the novice’s palate is still risking their own. They 
are staking their standing as someone who can taste, 
exposing their own model to the possibility that the 
novice is right and they have calcified. The mutual 
exposure is why deference here is not mere submission.

The predictive processing logic behind this aspect of 
taste is that convergence among models expands the 
predictability of a world that includes other people. 
Generative models are not detached representations of 
the world; they have a normative status, as they specify 
“what ought to be the case, given the kind of creature 
that I am” [29]. Phenomenologically, “the coriander is 
overbearing” feels like perceiving an objective state of 
affairs, not an invitation to an experience that can 
diverge. What is acquired in interaction gets located in 
the world rather than in the interaction: it presents itself 
as a discovery, and that is what makes it feel binding. Yet 
a viable model is always provisional: the world might 
change under one’s feet, which is why we have the 
openness to new ways of perceiving the world and 
expanding predictability (orientation). Within a taste 
community, norms are never final: they are resting 
points, a stable basis from which to reach further ex-

periences. Norms in this way enable the very orientation 
that breaks them, by making change manageable for 
precarious agents.

What aspects of this normativity can machines capture, 
influence, or replicate? AI systems can come to represent 
in statistical form how things are supposed to be ac-

cording to a given style or taste. Their statements can

take the shape of normative claims and play that role for 
us, standing in for the generalized other or, when 
prompted, for a specific (though never concrete) expert. 
But insofar as they are an other-on-demand, their 
perspective remains anchored to the user’s own views. As 
such, AI can sycophantically reinforce preconceptions or 
stereotypes [59,60], while suppressing precisely the 
frictions and minority trajectories through which taste 
develops. Trained on human data corpora, AI systems can 
come to capture human interest exceptionally well, 
optimizing for our engagement rather than our (taste) 
development. An AI agent can be configured to push back 
stubbornly (and shape our taste doing so). But the 
pushback does not come from a perspective that risks 
being shown to be wrong, being changed, or losing 
standing in the encounter. In human mentor—mentee 
relations, vulnerability is symmetrical, even if expertise 
is not. Without this, the friction is fabricated: it may 
produce an effect on the user, and may be taken as 
authoritative, but no perspective-in-the-world is at stake.

The stake behind taste: self-modulation 
and non-uniform processing
Sensitivity, valence, orientation, and normativity are 
faces of a single capacity: monitoring one’s grip on the 
world and letting that monitoring modulate what hap-

pens next. This explains why an AI system can say how 
surprising, interesting, or challenging something is 
generally considered to be, but cannot find itself actu-

ally surprised, interested, or challenged in the moment. 
Give an LLM a “problem” and it does not experience 
the impasse, because it has no stake in resolving any-

thing. Completing a hard problem and completing a 
trivial sentence are the same act of prediction, differing 
only in which continuation is likely.

But what constitutes a stake? We think it is the contin-

uous evaluation of one’s own processing: a meta-loop 
monitoring the rising and falling prediction error. This 
loop modulates what the system does next: redirecting 
attention or switching the mode of engagement, as 
emotions do [61]. Processing a trivial sentence, a hard 
problem, or an outright threat does not involve the same 
operation at different intensities but different regimes, 
and the signal that moves a system between regimes is 
second-order: it tracks whether grip is extending or 
receding, not just how things currently stand. Valence is 
the affective experience of this signal. Sensitivity con-

sists in the discriminations that matter, because they are 
what bend subsequent processing. Orientation is the 
same modulation extended across time, biasing which 
encounters get sought at all. Normativity is the negoti-

ation of these developmental trajectories within a social 
world. Human processing is, in this sense, non-uniform.

LLMs show no such discontinuity: next-token predic-

tion runs at the same intensity regardless of prompt, and
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output varies with the statistics of the input, not with 
any endogenous signal that this, now, matters. One 
might object that models do allocate more computation 
to inputs statistically associated with “hard problems”, 
and call that their form of error-monitoring. But this 
difficulty estimate is amortized: it is built once from 
training data, reporting where problems are hard in 
general, not whether this system is struggling here and 
now. Yet that difference from human error monitoring 
will likely narrow as context and test-time compute 
grow. In-context, a long enough episode lets the model 
condition on its own recent outputs.

The key difference is in the organization (see Figure 2): 
the model’s difficulty estimate is a first-order claim 
about the input (“this is hard”), while the human signal 
is second-order, about the modeller (“my grip is 
receding”). The system’s actual viability can never be 
computed ― it depends on an open future, only 
answerable in death ― so the second-order signal can 
only be a proxy for it. But it is a good proxy because it is 
self-referential, tracking the system’s own predictive 
capacity rather than any particular slice of the world. 
Instantaneous (prediction) error, by contrast, is ambig-

uous [36]: a spike can mean “I’m falling apart” or 
“there’s something rich here to learn”. But the second-

order signal, the evolving dynamics of error, is direc-

tionally linked to viability and is forward-looking. It is 
the right object of control: it tells the system, for 
example, that errors will continue to rise until it does 
something. That self-signal, wired back into the system

― not just its presence as a self-representation ― is 
what makes the stake, and what renders processing non-

uniform: even a model that can accurately represent itself 
as a contingent entity being trained, deployed, and 
eventually terminated [62,63] would still only be 
reporting a fact about its situation. It is not (yet) a 
system that self-monitors and self-modulates at 
each step.

Conclusion
Taste is where our core mental faculties ― perception, 
emotion, agency, social cognition ― intersect. The 
sensitivity, valence, orientation, and normativity 
involved in taste, we have argued, are faces of one pro-

cess: one in which a system whose grip on the world is 
genuinely at stake continuously monitors that grip, and 
that monitoring modulates what the system does next.

Current machines can mimic and recognize the outputs 
of taste, but they do not yet develop a taste of their own. 
What is missing is a stake: an architecture that makes 
their processing non-uniform, driven from within. 
Lacking anything to lose, they have nothing that must 
bend when the world pushes back. Whether machines 
could come to have such a stake, nothing we’ve argued 
here rules out, but it will likely not arrive by scale alone.
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Figure 2

Schematic representation of how a stake is (or is not) implemented. Both humans and machines run a first-order predictive loop that adapts online: the 
organism updates its generative model, while an LLM, with frozen weights, adapts within its context window (in-context learning), which has been 
modelled as implicit inference over latent tasks [64]. Only the organism has a second-order signal that tracks how its own grip is changing. This signal is 
felt as pleasant or unpleasant (valence), feeds back into which differences matter (sensitivity) and what is sampled (orientation), and provides cues for 
negotiating our normative framework in the social world (normativity). The LLM’s explicit error signal exists only in training and is computed outside the 
system. In-context adaptation is first-order (about the task, not the modeller) and transient, so its processing stays uniform.
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. Evaluates multimodal foundation models on the classic Visual
Aesthetic Sensitivity Test (VAST), demonstrating that models can
replicate human-normed aesthetic classifications without genuine 
perceptual discernment.
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* * 
. Provides one of the most comprehensive recent discussions of how
generative AI transforms aesthetic production, evaluation, and taste.
Especially useful for framing machine taste not simply as autonomous 
aesthetic agency, but as part of broader human–machine systems that 
externalize, automate, and reshape human aesthetic judgment.
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* * 
. Argues that engagement-optimised recommenders narrow explo-
ration and erode aesthetic autonomy — the philosophical case
behind this paper’s opening worry about algorithmic capture and 
diminished agency.

36
*
. Develops an active-inference account of aesthetic experience as 
a balance between order and change, providing the central 
theoretical background for linking sensitivity, valence, and orien-
tation in the present paper.

52
* * 
. Contrasts passive deep-learning architectures with embodied
active inference agents, articulating why genuine intentionality
and meaning require precarious self-maintenance and closed 
action–perception loops.

59
*
. In a 557-participant study, unbiased AI feedback raised correct-
discovery rates fivefold over standard sycophantic LLM behaviour
— formal evidence that flattering feedback inflates confidence 
without moving users toward truth.
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