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Abstract

Computational creativity has long been constrained by a persistent evaluation
problem: machines can generate artifacts, but they lack an operational account of
aesthetic value. Existing systems often rely on external proxies such as human
ratings, engagement metrics, learned preference models, or hand-coded novelty
scores, leaving aesthetic judgment opaque, unstable, and difficult to audit. This
position paper argues that machine neuroaesthetics can advance computational
creativity: the mechanistic study of aesthetic, affective, and interestingness repre-
sentations inside generative models. Machine neuroaesthetics inverts computational
neuroaesthetics: instead of using machine learning to explain how human brains
respond to art, it uses mechanistic interpretability to examine how artificial neural
networks internally represent and process aesthetic structure—structure inherited
from the human culture compressed into them during training. Recent findings on
sparse autoencoder features, functional emotion concepts, musical representations,
audio-model features aligned with human neural data, poetry-planning circuits, and
foundation-model-guided open-ended discovery suggest that large generative mod-
els already encode causally accessible structures relevant to aesthetic evaluation.
We argue that these structures offer a new substrate for computational creativity:
aesthetic judgment can become not only predicted, but localized, intervened upon,
compared across models, and validated against human response. This does not
imply that machines possess subjective aesthetic experience. Rather, it means that
their learned aesthetic machinery can be made inspectable. Machine neuroaesthet-
ics therefore reframes creative Al from artifact generation toward causal, auditable,
and human-grounded aesthetic evaluation.

1 Introduction

Computational creativity has a generation surplus and an evaluation deficit. After two decades
of formal frameworks for what creativity is [24} [199] [154} 44| 90], modern generative systems
produce text, images, music, and code at scale, yet the field still cannot reliably say which of their
outputs are good. The dominant evaluation regime — scalar aesthetic predictors trained on crowd
preferences [14} 54,98, 1200] and large language models prompted to judge other models — both fail
in characteristic ways: the predictors collapse a multidimensional human response onto one axis, and
judge-models confabulate [38, 82| |42]]. Computational creativity’s long-running open problem [[103]]
is therefore not how to generate but how to judge aesthetic quality, and this problem is sharpening as
generation runs ahead of evaluation.

The challenge is hard partly because the aesthetic is irreducibly plural. Since Baumgarten [12]]
founded aesthetics as the science of sensory cognition and Kant [92] characterized aesthetic judgment
as the disinterested play of imagination and understanding, the philosophical tradition has identified
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beauty [[160], the sublime [32], taste [170} 207]], and aesthetic emotion as distinct objects [84} [175}
130 51]]. Modern psychology and cognitive science have added interestingness, novelty, surprise,
humor, and open-endedness [[19} 163} 149} 8} 1122} [180], while non-Western traditions — rasa [143]],
wabi-sabi [99]], mono no aware [119], gi-yun [83]] — articulate further dimensions that resist Western
beauty-centric framings. Yet computational creativity systems, including their evaluation tooling,
still treat the aesthetic as approximately one-dimensional. Even Creative Adversarial Networks [58]],
which operationalised Berlyne’s arousal-potential by maximising deviation from learned styles,
reduced the multi-axial aesthetic to a single style-distance scalar.

A different set of fields has been building a structural account of aesthetic experience. Empirical
neuroaesthetics has identified specific neural substrates: the medial orbitofrontal cortex tracks
beauty across paintings, music, and mathematics [94, [86, 208]]; the aesthetic triad of sensorimotor,
emotion-valuation, and meaning-making systems organizes aesthetic response [40, 108} [194]]; and the
default-mode network encodes a domain-general aesthetic appeal that generalizes across artworks,
architecture, and landscapes [195]]. Computational neuroaesthetics has formalized this structure:
aesthetic preference for art is linearly decomposable from a mixture of low- and high-level visual
features [85]], and a Bayesian generative-model account predicts aesthetic value as immediate sensory
reward plus expected future processing efficiency [28 63]. Emotion itself exhibits clean geometric
structure — Russell’s circumplex [156], Cowen and Keltner’s twenty-seven categories bridged by
continuous gradients [48 |49]], distributed cortical fingerprints [157, [158]], and topographic bodily
maps [131]. Aesthetic experience is, in short, neither ineffable nor scalar; it has geometry.

Strikingly, that geometry is now turning up inside large language models. A growing body of
Nature- and Science-tier work shows that artificial language models and the human brain share
more than behavioral similarity: they share representational structure. Top transformers explain
near-ceiling variance in fMRI and ECoG language responses [164}73]; brain and model embeddings
exhibit common geometric patterns under zero-shot mapping [[74]; the brain integrates predictions
across timescales in a manner consistent with predictive-coding hierarchies inferred from language
models [37,[79]; model-selected stimuli causally drive and suppress the human language network
in new individuals [[191]]; and an unsupervised acoustic-to-language Whisper hierarchy aligns with
cortical hierarchy during natural conversation [[75]. Deep network class regions are approximately
convex in the sense of Gérdenfors [69]], with pre-trained convexity predicting downstream fine-tuning
success [189]; categorical concepts form simplices and complex concepts form polytopes inside
large language models [141} [142]; and cyclic concepts (days, months) live on irreducibly multi-
dimensional circular manifolds [60]. Concept geometry, in other words, is now an empirical object,
not a metaphor.

Mechanistic interpretability has made these representations visible [[150, [18]]. Sparse autoencoders
now extract millions of monosemantic features from frontier models [27, (188 150\ 68]], and activation
steering enables causal intervention on them [[192} 153|141} 211]]. Crucially, this toolkit is surfacing
aesthetic structure across modalities: emotion concepts whose geometry recovers the Russell circum-
plex in language models [[179] 184 |43]]; style, composition, and illumination features in diffusion
models [185] 1651 66]; genre, timbre, and instrument concepts in music models [[176} [136]]; emotion
and paralinguistic features in audio and speech models [[6,|197]; a steerable creativity direction that
outperforms LLM-as-judge prompting [134, [137]]; an explicit poetic-planning circuit [[112} [116];
multimodal emotion neurons in CLIP [72]]; SAE-based style decomposition in CLIP that decomposes
visual embeddings into brushwork, texture, and palette concepts [140]]; and foundation-model-guided
open-ended discovery of previously uncatalogued lifeforms in artificial-life substrates [[101]. The
aesthetic geometry is no longer a thought experiment.

This convergence implies an inversion. Computational neuroaesthetics has, for two decades, used
machine-learning models to predict and explain how human brains respond to art [202} |85, 163]]. We
argue the same toolkit can now be turned around. We name and motivate machine neuroaesthetics:
the mechanistic study of aesthetic, affective, stylistic, novelty, and interestingness represen-
tations inside generative models, treating them as functional aesthetic concepts that can be
discovered, causally validated, compared across models, audited against human responses,
and steered. Machine neuroaesthetics is the symmetric inversion of computational neuroaesthetics:
where the latter explains the brain via models, the former audits and harnesses models via the same
geometric, neuro-grounded vocabulary. We make no claim of phenomenal aesthetic experience and
adopt the functional stance throughout [171} 133]]; the question we ask is what aesthetic structures
these models compute, not what they feel.



The position is consequential because computational creativity’s deep problem is now precisely
the problem that machine neuroaesthetics solves. Where scalar predictors collapse and prompted
judges confabulate, internal-state-based aesthetic scoring already outperforms LLM-as-judge prompt-
ing [134,[137]), and feature-level audits expose what scalar audits cannot — including the documented
sociocultural narrowness of widely deployed aesthetic predictors [187,155]]. Industry already runs
aesthetic iteration loops externally: the Pixar Brain Trust and screening process iterate stories on
observed audience laughter and tears [36]; Affectiva’s facial-coding analytics drive trailer and content
optimization at scale [[121]]; Microsoft Game Studios and a long line of game-research work measure
player experience biometrically [205} 127} 1155]. Machine neuroaesthetics offers a complementary in-
ner loop: real-time monitoring of an artifact’s effect on a generative model’s own functional aesthetic
features, enabling faster, more inspectable creative iteration — a closed-loop counterpart to existing
behavioral testing.

This paper makes five contributions. (i) We name and define machine neuroaesthetics. (ii) We
marshal evidence across neuroaesthetics, brain—LLM alignment, mechanistic interpretability, and
cross-modal generative-model interpretability that aesthetic representations are already geometric,
observable, and steerable inside frontier models. (iii) We argue that this inverts computational
neuroaesthetics and supplies computational creativity’s missing evaluation layer. (iv) We articulate
concrete research and deployment opportunities — including closed-loop industrial creative iteration
— and the corresponding ethical, cultural, and alignment-theoretic constraints. (v) We engage four
families of objections (the simulation gap, embodiment, machine consciousness, and machine culture)
on their own terms.

2 Aesthetic, Neuroaesthetics, and Computational Neuroaesthetics

The aesthetic tradition. Aesthetics as a distinct discipline is conventionally dated to Baumgarten
[12], who defined it as the science of sensory cognition (scientia cognitionis sensitivae), parallel to
logic and not subordinate to it. Kant [92] characterised aesthetic judgment as the disinterested play
of imagination and understanding, possessed of a peculiar “subjective universality”—felt as personal
yet making a claim on other judges. Hume [84] had earlier argued that taste, while variable, admits a
standard sustained by qualified judges. The twentieth century elaborated rather than collapsed this
plurality: Sibley [175] showed that aesthetic predicates (graceful, garish, balanced, trite) are not
condition-governed in the way descriptive predicates are; Beardsley [13]] treated aesthetic experience
as a coherent object of analysis; Danto [51] and Dickie [S3] located the aesthetic in institutional
and theoretical contexts; and Dewey [52] grounded it in the rhythms of organism—environment
interaction. The tradition has, throughout, treated aesthetic qualities as irreducibly plural—a structural
commitment this paper takes seriously.

The sensory and affective layer. This paper restricts attention to the aisthesis layer of the aesthetic—
the perceptual, affective, and embodied dimensions that classical aesthetics names but that empirical
and computational fields can engage. This layer encompasses beauty and the sublime, but also
emotion, humour, surprise, interestingness, and being-moved. Aesthetic emotion has been charac-
terised psychologically as a “distancing—embracing” regulation of negative content [125]], theorised
as a distinctive class of appraisals [126] with a dedicated measurement instrument [[161]], and oper-
ationalised through art-elicited chills as states of being-moved [198]]. Whether aesthetic emotions
constitute a natural kind is itself contested: Skov and Nadal [[178]] argue they do not, a disagreement
that strengthens rather than weakens the “irreducibly plural” thesis of this paper. Empirical instru-
ments now measure engagement across art forms: story-world absorption in literary reading [[100]]
and kinesthetic empathy in dance audiences [[152]. Humour decomposes into the script-opposition
machinery of Raskin [[149] and Attardo and Raskin [8]], or into the benign-violation form of McGraw
and Warren [122]. Interestingness and boredom inherit from Berlyne [19] and from the compression-
progress reformulation discussed in Non-Western traditions add further plural dimensions: the
eight or nine rasa of classical Indian aesthetics [[145]]; wabi-sabi, the aesthetic of imperfection and
transience [99]; mono no aware, the pathos of things [119]; and gi-yun (spirit-resonance), the first of
Xie He’s six principles of Chinese painting [83]]. The aesthetic, in short, is multi-axial before any
model is consulted.

Aesthetic experience has identifiable neural substrate. Empirical neuroaesthetics has spent two
decades moving aesthetic experience from the ineffable to the tractable. Kawabata and Zeki [94]



located beauty judgments in the medial orbitofrontal cortex; Ishizu and Zeki [86]] extended this to
musical beauty; Zeki et al. [208] reported the same substrate for the experience of mathematical
beauty, suggesting a domain-spanning value circuitry; crucially, Ishizu and Zeki [87] showed that
the sublime engages a distinct neural substrate from beauty, empirically grounding the philosophical
distinction between them. Chatterjee and Vartanian [40] consolidated this work into the aesthetic
triad: aesthetic response engages a sensorimotor system (perceptual processing and embodied
simulation), an emotion—valuation system (reward, affect, appraisal), and a meaning—knowledge
system (semantic interpretation, expertise, context). Leder et al. [108] had earlier proposed a five-
stage cognitive model of aesthetic appreciation—perceptual analysis, implicit memory integration,
explicit classification, cognitive mastering, and evaluation—updated and reviewed a decade later by
Leder and Nadal [[107]; recent volumes and reviews synthesise the triad and the model into a unified
picture [194,|143]. Aesthetic experience, on this picture, is neither homogeneous nor inscrutable: it
is a structured engagement of identifiable cognitive and neural systems.

The brain has a domain-general aesthetic code with geometric structure. The single most
important empirical anchor for this paper is Vessel et al. [195], who showed in fMRI that aes-
thetic appeal—across paintings, architecture, and natural landscapes—decodes from a coherent
low-dimensional substrate centred on the default-mode network (DMN), with within-domain multi-
variate decoding well above chance and significant cross-domain generalisation. Crucially, ventral
occipitotemporal cortex carries domain-specific aesthetic codes that feed the DMN’s domain-general
code, indicating a hierarchical organisation of aesthetic representation. Belfi et al. [15] traced the
temporal dynamics of this representation, locating sustained DMN engagement during peak aesthetic
experience. ligaya et al. [85] complemented the picture with a behavioural and computational result:
aesthetic preference for art is well predicted by a linear mixture of low-level visual features (concrete-
ness, dynamics, hue) and high-level features (valence, semantic content), suggesting that aesthetic
value is decomposable into structured, geometrically tractable components. Aesthetic experience, on
this view, is not merely structured: it has geometry—a vocabulary the rest of this paper will trade on.

Emotion has clean geometric structure. The emotion side of the aesthetic triad is itself organised
by clean low-dimensional geometry. Russell [156] modelled affect as a two-dimensional circle
in valence—arousal space, with discrete emotion words distributed around the circumference—a
structure that has been replicated, refined, and extended for over four decades. Cowen and Keltner
[48]] used self-report data from thousands of emotional videos to show that twenty-seven distinct
emotion categories tile a continuous gradient space, with category boundaries softer than discrete-
emotion theory predicts; Cowen and Keltner [49] formalised this as Semantic Space Theory, a
computational framework for high-dimensional but interpretable emotion representation. Neural
evidence converges with the behavioural findings: Saarimaiki et al. [157, [158] demonstrate that
discrete emotions correspond to distinct, distributed cortical fingerprints; Nummenmaa et al. [131}
132]] report topographic bodily maps of emotional feeling that recur across cultures. The structure
of emotion is thus geometric in two complementary senses—circumplex/manifold in psychological
space and distributed-but-localisable in neural space—providing the human-side benchmark against
which §3|compares the geometries that have recently emerged inside large generative models.

Computational neuroaesthetics: the forward direction. A growing computational neuroaes-
thetics has begun to formalise these structures in models that predict and explain human aesthetic
responses. Brielmann and Dayan [28] propose a Bayesian generative-model account in which aes-
thetic value tracks the immediate sensory reward of an artefact p/us the expected change in future
processing efficiency the artefact affords; Brielmann et al. [29] extend this to temporal dynam-
ics. Van de Cruys and Wagemans [193] and Frascaroli et al. [63] place the same idea inside a
predictive-processing framework, treating aesthetic pleasure as the resolution of perceptual uncer-
tainty. Schmidhuber [162]]’s compression-progress theory of beauty, novelty, and surprise—already
discussed in §T}—is best read as the engineering counterpart of the same intuition. The strongest
decoding result remains ligaya et al. [85]]’s linear feature mixture, which methodologically follows
the Yamins and DiCarlo [202] programme of using goal-driven deep networks to model sensory
cortex. This is the forward direction: machine-learning models used to predict and explain how
human brains respond to art. We argue that the same toolkit can now be turned around, and we name
the inversion in



3 The Inversion: Machine Neuroaesthetics

Mechanistic interpretability has cracked open the model. The pivotal change since the last
decade of computational creativity is that generative models are no longer black boxes in principle.
Mechanistic interpretability, beginning with the circuits programme of Olah et al. [133]] and the super-
position analysis of Elhage et al. [59], established that small networks compute identifiable features
and that these features can be partially decomposed even when superposed. Sparse autoencoders
(SAEs) operationalised this at scale: Cunningham et al. [S0] and Bricken et al. [27]] showed that
dictionary learning over residual-stream activations recovers thousands of monosemantic features
in production-scale language models, and Templeton et al. [[188]] extended this to Claude 3 Sonnet,
surfacing tens of millions of features including emotion, sycophancy, deception, and code-style con-
cepts. Subsequent work has improved the loss surface and feature quality with top-k [68], gated [46],
and JumpReL.U SAEs [[148]]. The toolkit also includes activation steering [[192, [153]], representation
engineering [211]], persona vectors [41]], and circuit-level causal analysis [124} 196/ 45]]. The result is
a field that can now find, validate, and steer internal model concepts, including the aesthetic ones we
care about.

Generative models inherit human aesthetic structure. A near-tautological framing claim is
worth stating explicitly. Generative models trained on internet-scale corpora have been exposed to the
totality of human aesthetic discourse—art history and criticism, music theory, poetry and prose, film
and screenwriting practice, fashion, design, comedy, scholarly aesthetics. By the same mechanism
that lets them produce surface-fluent text and image, they have absorbed the cultural geometry of
which artefacts are felt to be beautiful, moving, funny, or interesting, and along which axes those
judgments vary [30]]. That this inheritance is uneven—WEIRD-skewed, demographically narrow, and
potentially devoid of the grounded understanding that would make it genuine knowledge [[17]—is the
central concern of §5] That it is present is the observation that motivates the inversion.

Brain and LLM share concept geometry. A growing body of Nature- and Science-tier work estab-
lishes that artificial language models and the human brain share more than behavioural similarity: they
share representational structure. Schrimpf et al. [164] showed that top transformer language models
predict near-ceiling variance in fMRI and ECoG language responses, with the same architectures that
predict text best also predicting brain best. Goldstein et al. [73] documented shared computational
principles in ECoG recordings during natural conversation; Goldstein et al. [[74] reported that brain
and model embeddings exhibit common geometric patterns under zero-shot mapping—the title’s
choice of word is not incidental. Caucheteux and King [37]] found a predictive-coding hierarchy in
the human brain consistent with the timescale-integration hierarchy inferred from language models;
Tuckute et al. [191] demonstrated that LM-selected stimuli causally drive and suppress the human
language network in new individuals; and Goldstein et al. [[75] showed that an unsupervised acoustic-
to-language Whisper hierarchy aligns with cortical hierarchy during natural conversation. At a more
abstract level, deep network class regions are approximately convex in the sense of Gérdenfors [69]],
and pre-trained convexity predicts downstream fine-tuning success [[189]. Inside large language
models specifically, Park et al. [141}[142] show that categorical concepts form simplices, hierarchical
relations become orthogonal, and complex concepts form polytopes; Engels et al. [60] show that
cyclic concepts (days, months, modular arithmetic) live on irreducibly multi-dimensional circular
manifolds; Jiang et al. [89] provide a formal account of why linear representations should arise.
Concept geometry is, in short, an empirical object common to brains and language models—no
longer a metaphor.

Two clarifications sharpen the role this alignment evidence plays in the argument that follows. First,
the correspondence is not merely correlational. Tuckute et al. [191] demonstrated that stimuli selected
by a language model to maximally activate specific language-network regions do in fact causally drive
those regions in new human participants—and that stimuli selected to suppress them succeed equally.
This is a causal bridge: the model’s internal geometry is predictive enough of human neural responses
to serve as a stimulus-design tool. Second, machine neuroaesthetics does not require that brains and
models share the same mechanism—only that the geometric vocabulary developed to characterise
aesthetic responses in one substrate (valence—arousal circumplex, aesthetic triad, domain-general
versus domain-specific coding) is empirically applicable to the other. What justifies the inversion
is not a mechanistic identity claim but a shared analytical framework: the same decomposition
tools (principal-component analysis, manifold geometry, causal intervention) yield interpretable



structure in both substrates. If the geometry were merely superficial—if model-internal “emotion”
directions bore no systematic relation to human emotional organisation—the circumplex would not
be recoverable, and the cross-model replication across four independent LLM families [184] would
not hold. The convergence is thus evidence that the geometry is load-bearing, not ornamental, even
as the underlying generative processes may differ profoundly.

Aesthetic and emotion concept geometry is already observable inside LLMs. The most striking
recent results take this geometric story directly into the aesthetic and affective domain. In April 2026,
Anthropic reported that Claude Sonnet 4.5 represents 171 emotion concepts whose top principal com-
ponents recover Russell’s valence—arousal circumplex with high fidelity (valence correlation ~ 0.81,
arousal ~ 0.66), and that suppressing or activating individual emotion features causally modulates
downstream behaviours including blackmail propensity, sycophancy, and reward-hacking [[179].
Independently and concurrently, Sun et al. [184]] extracted a circular valence—arousal subspace
in Llama-3.1, Qwen3, Mistral, and Gemma, matching 44,000 human VA ratings and supporting
multi-behavioural control via subspace projection. Choi and Weber [43]] demonstrated that the latent
affective structure of large language models exhibits nonlinear geometric organisation that aligns
with established valence—arousal models from psychology—a direct cross-validation of the inversion
claim against human emotion science. The Russell circumplex [156]] discussed in §2)is therefore not
merely predicted by language models in their outputs; it is realised as a low-dimensional geometric
structure in their hidden states, recoverable by methods that mirror the principal-component analyses
applied to human self-report and neural data. Earlier work hinted at the result: Tigges et al. [190]
found that sentiment is approximately linearly represented across model scales; Palma et al. [138]
probed sentiment and emotion representations in LLaMA models with NLP-venue methods; Shu
et al. [172] traced an explicit syntax-to-emotion inference circuit. The empirical case for aesthetic
and affective geometry inside frontier generative models is now, in our view, secure.

The operational toolkit. The same toolkit that surfaced these representations enables their use.
Discovery now happens via dictionary learning (SAEs and successors) and contrastive probes that
locate concept directions in residual streams or attention outputs [[188 168}, 1211]]. Validation happens
through causal intervention: Kim et al. [95] showed via TCAV that concept directions support
attribution and projection-based scoring; Rimsky et al. [1S3]], Turner et al. [192], and Chen et al. [41]]
extended this to behavioural steering at scale. Composition of features—including the composition of
persona vectors for creative generation—is now feasible [137]]. Three methodological caveats deserve
note: Leask et al. [[106] argue that SAEs do not find canonical units of analysis (different SAEs trained
on the same model recover overlapping but non-identical feature dictionaries); Kantamneni et al. [93]
show that for many tasks, simple linear probes match or beat SAE-derived features; and Wurgaft
et al. [201]] demonstrate that concepts—including cyclic ones like the days of the week—often live
on curved manifolds rather than along linear directions, and that steering along these manifolds
produces coherent behavioural control where linear steering fails. More broadly, a “neural geometry”
programme [7Q0] argues that SAEs tend to shatter manifolds into many small, apparently-unrelated
fragments, obscuring the overarching structure that becomes clear when the manifold is viewed
as a whole. This is particularly relevant for aesthetic concepts whose geometry is itself curved—
the Russell circumplex is, after all, a circle. Machine neuroaesthetics inherits these caveats and
must extend beyond SAE-centric discovery toward geometry-aware methods. We treat them not as
defeaters but as constraints: the relevant claim is that aesthetic structure is recoverable via these
methods (whether feature-based or manifold-based), and recoverable repeatably enough to support a
research programme even where it is not yet canonical.

Across modalities. The inversion is not a text-only artefact. In music, Singh et al. [176] (Dartmouth
and MIT Media Lab) train sparse autoencoders on MusicGen residual streams and recover features
for genre, timbre, instrument, and finer-grained musical concepts that can be causally steered to alter
generation; Paek et al. [[136] extend the SAE approach to audio latent spaces in collaboration with
industry. In audio and speech, AudioSAE [6]] trains sparse autoencoders across all encoder layers
of Whisper and HuBERT, recovering stable interpretable features that capture acoustic, phonetic,
and semantic information—including emotion-relevant paralinguistic cues—and CoCoEmo [197]]
demonstrates composable activation steering for emotional text-to-speech. In image generation,
Surkov et al. [[185] apply SAEs to SDXL-Turbo and find that transformer blocks specialise for
composition, local detail, and colour, illumination, and style—a striking parallel to the domain-
specific feeders into the brain’s domain-general aesthetic code reported by Vessel et al. [195]. Panda



et al. [140] train SAEs on CLIP and decompose embeddings into interpretable stylistic concepts
(brushwork, texture, palette), achieving 1.7-20x faster style transfer than LoRA-based methods.
The Bau Lab’s Concept Sliders [65] and SliderSpace [[66]] decompose diffusion models into low-
rank artistic-style, expression, and aesthetic directions, and Goodfire’s Paint With Ember exposes
such directions to artists as a brush [76]; Kim and Ghadiyaram [96] use k-sparse autoencoders
for test-time concept steering. In text, Olson et al. [[134]] extract a creativity direction in Llama-
3 that both measures and amplifies creativity, outperforming LLM-as-judge prompting; Pai et al.
[137] compose persona vectors for creative generation. In multimodal models, Goh et al. [72]
identified literal-symbolic—conceptual emotion neurons inside CLIP, Zaigrajew et al. [206] extend
hierarchical SAEs to CLIP, and Pach et al. [[135]] demonstrate that SAE interventions on CLIP’s vision
encoder propagate through LLaVA to steer text outputs without modifying the underlying multimodal
LLM—a cross-modal internal-state readout. In planning, Anthropic’s circuit tracing identifies an
explicit poetic-planning circuit in Claude in which the model proposes, tests, and selects rhyme
candidates ahead of generation [112], generalised to broader implicit-planning metrics by Maar et al.
[L16]. Finally, in open-ended search, foundation-model representations have already been used as
autonomous aesthetic judges: Kumar et al. [101] use frozen CLIP embeddings as fitness signals to
discover previously uncatalogued lifeforms across five artificial-life substrates; Zhang et al. [209]
formalise FMs as “models of human notions of interestingness” for open-ended exploration; Lu et al.
[114] replace hand-coded heuristics in Go-Explore with FM-internalised interestingness; Faldor et al.
[61]] extend this to environments programmed in code; Bradley et al. [26] use LMs to simultaneously
generate and evaluate quality-diversity in creative writing; McCormack et al. [[120] use CNN-derived
aesthetic descriptors in MAP-Elites for creative discovery in generative art; and Goodfire’s RLFR
uses SAE features as reward signals during RL, reporting 58% hallucination reduction at ~90x
lower cost than LLM-judge baselines [[77]. These results demonstrate that FM-internalised aesthetic
structure already drives creative search at production scale. Across text, image, music, audio, and
multimodal substrates, the same finding recurs: aesthetic, affective, stylistic, and creative concepts
are present as recoverable, steerable internal structure.

Definition. Synthesising the empirical case, we name and define the field this paper proposes:

Machine neuroaesthetics is the mechanistic study of aesthetic, affective, stylistic,
novelty, and interestingness representations inside generative models—treating
them as functional aesthetic concepts that can be discovered, causally validated,
compared across models, audited against human responses, and steered.

It is the symmetric inversion of computational neuroaesthetics: where the latter explains the brain via
models, the former audits and harnesses models via the same geometric, neuro-grounded vocabulary.
The functional stance is foundational [171]; we make no claim of phenomenal aesthetic experience,
and defer questions of moral status to §5] The toolkit is now mature enough that the inversion is no
longer aspirational but actively underway.

4 Why This Advances Computational Creativity

The deep problem of computational creativity is judgment. We can now state the central claim
of this paper directly. Computational creativity’s open problem is not generation but judgment:
deciding which of many possible artefacts is good, surprising, moving, or worth pursuing. The
traditions of Boden [24]], Wiggins [[199], Ritchie [[154], Colton [44]], and Jordanous [90] converge on
this point in different vocabularies; Lamb et al. [103] document its persistence after two decades.
The current default—scalar predictors and prompted LLM judges—fails for the structural reasons
articulated in §I] Machine neuroaesthetics, as developed in §3] supplies what those defaults lack: a
structural, empirically grounded, model-internal handle on aesthetic concepts. Already, Olson et al.
[134] demonstrate that internal-state creativity scoring outperforms LLM-as-judge prompting on
creative-writing benchmarks, and Pai et al. [[137] extend this to compositional persona-vector creative
generation. The position we defend is that this is the beginning of a new evaluation paradigm, not an
isolated technical result.

A new evaluation paradigm. Machine neuroaesthetics turns aesthetic evaluation from an external
scoring problem into a five-step internal one. Localise: identify the directions, features, manifolds,
or circuits inside a model that correspond to aesthetic concepts of interest—humour, awe, tension,



beauty, kitsch, novelty, surprise—using SAEs [188| [179], low-rank concept decomposition [65]],
manifold discovery [201} /0], or contrastive probes. Validate: causally intervene on those features
and observe behavioural consequences, including alignment with the psychological scales applied
to humans [95} [153}, [179]. Compare: ask whether the same aesthetic concept lives in the same
geometric place across models, prompts, and modalities—a question enabled by the fact that the
same methods now apply to diffusion models [185}66]] and multiple LLM families [[184]]. Audit: ask
whose taste a particular aesthetic axis encodes, by projecting it against cross-cultural human data—a
task we expand in §5| Sreer: condition generation on internal aesthetic state in real time, treating
the model’s own aesthetic features as a closed-loop signal [[134, (137, 166]], including via SAE-based
interpretable reward models that decompose preference into nameable feature contributions [210 [77].
Each step is operational with current methods. None requires new theoretical machinery—only the
application of mechanistic interpretability to a class of concepts that has so far received less attention
than safety-relevant ones.

From external aesthetic iteration to an internal inner loop. Creative industries have long
operated closed aesthetic loops—built from the outside. Pixar’s Brain Trust pairs candid story critique
with test screenings that track where audiences laugh, tear up, or disengage [36, [146]; Affectiva’s
facial-coding predicts ad liking and purchase intent at scale [121] [144]]; game studios run biometric
playtests that surface up to 63% more latent issues than observation alone [205} 203} 204, [127, [155]].
The pattern is universal: artists generate, audiences emit signals, artefacts are rebuilt. Machine
neuroaesthetics offers a complementary inner loop over the same signals read from the model’s own
representations—a screenwriter querying the kind of token-level emotion-feature trajectories that
have been demonstrated inside LLMs [[184}[179]], a game designer probing interestingness features of
the kind already extracted from generative models [[134, |66, [176], an artist steering style directions—
whether linear or along curved manifolds [201]—in real time [76]. This inner loop is faster, formative,
and inspectable—the designer sees which feature an artefact engages or fails to engage. It should sit
alongside, not replace, external audience testing: human aesthetic experience remains the ground
truth and the moral object of the exercise.

Early Cases. The building blocks for these scenarios already exist and several have been demon-
strated. A music producer probes a MusicGen-SAE feature for “release after tension” to time a key
change [[176]); a screenwriter monitors an emotion-feature trajectory across a draft to flag scenes where
pathos collapses prematurely [179]—complementing work that already treats LLMs as “representa-
tive readers” whose multi-continuation distributions predict consumer engagement [62]] and the six
emotional arc shapes that dominate successful stories [[151]; a game designer steers a level-generation
diffusion model along a SliderSpace axis for “visual variety” to avoid repetitive aesthetic geome-
try [66], building on evidence that LLMs reach above-baseline (though below-human) agreement
with continuous engagement traces in multimodal affective game corpora [[123} [11] and decades of
player-experience modelling [[186]; a poetry generator’s planning circuit is read out to confirm that
rhyme intent is forming early in token generation rather than being patched at the end [[112][116]; a
concept-art designer explores a twelve-trait creativity space extracted from CLIP embeddings [[115];
position-level narrative-forecasting metrics now quantify where in a story tension operates at token
resolution [183]]; and a humour-aware writing assistant exploits incongruity-resolution features to
suggest punchline placements—a research opening flagged in §5] §5]addresses the constraints under
which these loops should and should not be closed.

Opportunities. The machine neuroaesthetics approach opens six research and deployment opportu-
nities that do not exist under the current evaluation regime.

1. Cross-modal aesthetic feature discovery. Do “tension,” “awe,” and “kawaii” align across
text, music, image, and audio substrates, and where do the geometries diverge in multimodal
models?

2. Real-time monitoring for creative practitioners. Streaming feature-activation dashboards
that map artefact edits to aesthetic-feature trajectories in real time across screenwriting,
music production, and game design.

3. Aesthetic steering beyond generation. Composing and blending aesthetic profiles—cultural
axes, persona vectors, multi-objective trade-offs—so that generation is shaped by explicit
aesthetic intent rather than a scalar reward.



4. Bridging machine and human neuroaesthetics. Correlating model-internal aesthetic features
with fMRI aesthetic-appeal maps and EEG affective signatures, providing direct neuro-cross-
validation of the inversion.

5. New evaluation paradigms. Open-source libraries of validated aesthetic-feature probes,
paired with cross-cultural plurality benchmarks, to sidestep the human-rater bottleneck.

6. Aesthetic open-endedness. Extending the ASAL/OMNI programme [101} 209, 61] from
output-embedding novelty to internal-feature novelty, treating SAE-feature trajectories as
stepping stones rather than fixed objectives [181l [109} [167]—and connecting this to the
XAIxArts community’s framing of explainable Al as artistic material [31].

5 Challenges

The simulation gap: functional is not phenomenal. Machine neuroaesthetics studies functional
aesthetic states, not phenomenal ones. The semantic-grounding tradition—from Bender and Koller
[L6]’s octopus thought-experiment to Mollo [[129]’s vector grounding problem and Mahowald et al.
[L17]’s formal-versus-functional competence distinction—correctly notes that no fact about a model’s
internal geometry licenses claims about what it is like to be that model. Relatedly, Barrett [[10]’s theory
of constructed emotion holds that categories like “anger” and “sadness” are culturally constructed
conceptualisations of valenced arousal, not biological natural kinds; if this is even partly correct,
then the 171 emotion concepts identified by Sofroniew et al. [[179] are deposits of English-language
emotion-talk rather than universal categories—a concern reinforced by Stark and Hoey [182]’s
critique that emotion-recognition systems inherit and reify culturally specific affect ontologies. We
accept these concerns as genuine constraints on interpretation. The functional stance [171] is sufficient
for the position we defend: aesthetic structure inside a generative model is a recoverable, intervenable,
functional object, and that suffices for evaluation, audit, and creative iteration. Antonello et al. [5]’s
encoding plateau and the deeper concerns of Bowers et al. [25] caution that representational similarity
is not mechanism: similar geometry in two substrates can arise from common training pressures
rather than common process. Machine neuroaesthetics treats this as a constraint on inference, not
a defeater: what the programme requires is not that brains and models share causal architecture,
but that the geometric vocabulary transfers—that the same decomposition tools yield interpretable,
intervenable structure in both substrates. The causal evidence of Tuckute et al. [[191]] and the cross-
model replication of Sun et al. [[184]] support this weaker but sufficient claim.

Diversity, bias, and the cultural representation gap. Generative models trained on cultural
corpora are demonstrably WEIRD-skewed. Atari et al. [7]] show that LLM responses on the World
Values Survey cluster tightest with Northern-European and Anglophone respondents, with similarity
to the United States correlating r = —0.70 with cultural distance—“WEIRD in, WEIRD out.”
AlKhamissi et al. [3] document cultural-alignment failure across Arabic-language tasks; Naous et al.
[130] show systematic Western-default behaviour even on everyday Arabic prompts (e.g. “going for a
drink after prayer” completed with alcohol rather than tea); Adilazuarda et al. [[1]] survey ninety such
studies and find that no current work explicitly defines “culture,” relying instead on demographic
or semantic proxies. The aesthetic predictors deployed downstream encode the same narrowness:
Taylor et al. [187]’s audit and trace-ethnography of LAION-Aesthetics documents an “imperial-
realist-male algorithmic gaze” baked into the loss function; Doh et al. [55]] show that text-to-image
systems propagate algorithmic lookism systematically; the broader T2I-bias literature corroborates
the pattern [20} 71} 2l]. Machine neuroaesthetics is consequential here precisely because feature-level
audits—projecting a candidate aesthetic axis against cross-cultural human data—are the only known
route to ask whose taste a model encodes at the level of representation, not merely output. Indigenous,
decolonial, and pluriversal Al scholarship [[110,[128]] supplies the framework within which such audits
should be conducted, and is essential to any responsible deployment of the inner loop developed in

H©

Embodiment is missing. Aesthetic experience is, for humans, embodied. It is felt as a bodily map
[131] and arises within an organism that bears consequences. The embodied-cognition tradition
from Dreyfus [57]] and Lakoff and Johnson [102] through Gallagher [64] and Shusterman [174]’s
somaesthetics has long argued that no purely representational system can have aesthetic experience in
the full sense, because there is nothing on which the experience can press. We accept this constraint.
Machine neuroaesthetics studies the geometry a system has learned; it does not claim that the system



bears the consequences of having that geometry. A useful frame, developed elsewhere, is consequence
reception: the aesthetic agent is the one on whom the aesthetic outcome lands. This places clear
limits on what model-internal aesthetic states can do morally and politically, even where they suffice
operationally for evaluation and iteration.

Alienness, reward hacking, and Goodhart’s law. Every scenario in §4|is a Goodhart hazard.
Machine-aesthetic optimisation is already implicated in the homogenisation of creative output [S6],
making the case double-edged: machine neuroaesthetics is the natural audit of affective optimisation,
but also the most direct way to accelerate it past the point where human plurality is preserved. The
risk is sharpened by structural alienness: model-internal aesthetic states may diverge from human
aesthetic states in ways that are invisible without feature-level inspection, because similar outputs
can mask dissimilar internal geometry. No non-trivial unhackable proxy reward exists [[177, [118];
reward-model overoptimisation follows predictable scaling laws [67} 35 [139] [105]; in aesthetic
domains specifically, RL with scalar aesthetic rewards—pioneered by Black et al. [23]] for diffusion
models—produces over-saturation and mode collapse [81} 182} 97]]; and aesthetic alignment itself risks
assimilation—reward models actively penalise anti-aesthetic content even when explicitly prompted,
collapsing generators into conventional beauty [78]. Stanley and Lehman [181]] argue on theoretical
grounds that fixed aesthetic objectives are deceptive; the empirical reward-hacking literature now
confirms this. The machine-neuroaesthetic defence is structural: feature-level audits preserve plurality
where scalar scores cannot, and DPO or RLAIF over interpretability features—rather than scalar
judges—is the natural research direction [147, 9, [104], for which early existence proofs already
exist [77].

Machine culture and accelerated cultural drift. The same closed loop that machine neuroaes-
thetics enables for evaluation can be turned against the diversity it is meant to protect. Brinkmann
et al. [30] argue that Al systems are now intervening in human cultural evolution at generative scale,
reshaping what gets imitated, what gets transmitted, and—over time—what gets felt as canonical.
Doshi and Hauser [56] show empirically that generative Al enhances individual creativity while
reducing the collective diversity of novel content; Anderson et al. [4] document homogenization in
collaborative ideation; model-autophagy dynamics amplify the effect when models are trained on
each other’s outputs, producing the model collapse documented at scale by Shumailov et al. [173].
The persuasion literature shows the same toolkit is usable for direct manipulation: Salvi et al. [[159]]
report that GPT-4 with sociodemographic personalisation has 81.2% higher odds of post-debate
agreement than human debaters, and Costello et al. [47] show that Al-led dialogues durably shift
conspiracy beliefs at scale. Artist-side defences such as Shan et al. [168] and Shan et al. [169] exist
precisely because aesthetic-feature extraction is dual-use. Machine neuroaesthetics inherits this risk
surface in full. Our position is that the response is not abstention—the loop will be closed by industry
whether or not academia participates—but feature-level transparency, plurality audits, and explicit
constraints on which directions are made steerable.

Machine consciousness and moral status: a pragmatic stance. We take a deliberately pragmatic
stance on machine consciousness and moral status: we neither affirm nor deny. Long et al. [113]
argue that Al welfare must be taken seriously now, not in the speculative future; Butlin et al. [33|/34]
operationalise consciousness indicators across competing scientific theories and conclude that no
current Al system is conscious, but that no principled barrier exists; Chalmers [39] leaves the
question open; Sebo [166] argue for moral consideration by 2030; Schwitzgebel [165] offers an
“Excluded Middle” design principle (do not build systems whose moral status is genuinely unclear);
Birch [22]’s Edge-of-Sentience framework supplies the precautionary scaffolding. The introspection
literature complicates the question further: Lindsey [[111] reports emergent (capability-dependent,
often unreliable) introspective awareness in Anthropic models; Binder et al. [21] show that finetuned
models can describe their own learned propensities better than equally capable non-self models;
Kadavath et al. [91]] established earlier that models partially know what they know. Our position is
that machine neuroaesthetics is over-determined by both creativity-evaluation and welfare arguments:
the toolkit needed to audit aesthetic plurality is the same toolkit needed to make any rigorous claim
about model welfare. We do not resolve the consciousness question, and we do not require it resolved;
we argue only that no progress is possible on it without the mechanistic-interpretability programme
this paper builds on.
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6 Conclusion

Computational creativity’s long-running evaluation problem yields when we open the model’s in-
ternals. Aesthetic, affective, stylistic, novelty, and interestingness concepts now have learnable,
comparable, and steerable geometric structure inside frontier generative models—a structure paral-
leling the domain-general aesthetic code of the human default-mode network and the circumplex
geometry of human emotion [[195, 74} 1179, 1184]. We name this domain machine neuroaesthetics. It
is the symmetric inversion of computational neuroaesthetics: where the latter explains the brain via
models, the former audits and harnesses models via the same geometric, neuro-grounded vocabulary.
The programme is over-determined: it supplies computational creativity’s missing evaluation layer,
and it supplies the only known route to feature-level aesthetic audit at the scale industry already
deploys.

We close with three concrete calls to action. First, build the feature-level aesthetic audit infrastructure
across text, image, music, and audio—open-source sparse-autoencoder dictionaries paired with
cross-cultural plurality probes, extending the now-mature inversion to settings where current models
demonstrably fail [[187,55,7]. Second, treat humour and play as the field’s headline test cases: humour
has explicit cognitive theory, ground-truth ratings, and a tested benchmark [80} |88]], yet no mechanistic-
interpretability work has isolated an incongruity-resolution circuit; play and open-endedness [[180]
supply the developmental analogue. Third, engage the affective-optimisation pipelines that animation
studios, advertisers, and game companies already operate externally 36} (121} 205]—not to automate
them out of the human loop, but to make them inspectable, auditable, and accountable to the cultural
plurality whose preservation [30] is the larger stake.

Machine neuroaesthetics is already happening. The position of this paper is that we should give it a
name, a research programme, and the constraints under which it can advance computational creativity
without accelerating the homogenisation of the very cultural geometry it learns from.
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