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SUMMARY

In recent years, the use of generative artificial intelligence has proliferated across various domains, ranging 

from advertising and social media to the generation of visual artwork for presentation at esteemed art exhi

bitions and for sale on the art auction market. Despite its growing prevalence, empirical data show that peo

ple maintain a clear bias against AI-generated visual art when they are aware of its artificial origins. Here, we 

explore why this bias might exist and whether its existence dooms the eventual acceptance and even cele

bration of art generated by artificial means. We do this by bringing together recent empirical evidence from 

the disciplines of neuroaesthetics, social cognition, art history, and human-machine interaction to develop 

several new perspectives that are ripe for empirical evaluation. Given the growing momentum and outlook 

of AI-generated art, particularly image generation, in today’s society, our aim with this paper is to provide 

novel evidence-based propositions for understanding the relationship between visual art and artificial intel

ligence with a clear focus on social cognitive neuroscience perspectives.

BRIEF INTRODUCTION TO AESTHETIC EXPERIENCE OF 

AI-GENERATED ART

The media perspective: Insights from art historians, AI 

tool creators, the art market, and artists

Recent advances in AI tools for art generation have sparked 

passionate debates and deep discussions across a growing 

number of public domains. To date, AI terminology reflects a 

range of nuances and interpretations, largely shaped by the 

type of AI tools used and the degree of human involvement in 

the creative process. Across this paper, we adopt the general 

term AI-generated art to capture the broad-ranging discus

sions concerning biases against the use of AI in artistic creation 

and evaluation. These discussions have involved art historians 

questioning the role of AI in assessing the artistic value of art

works and AI developers defending their innovations. Similarly, 

the art market has advocated for the new economic opportu

nities these tools create, while both the general public and artists 

express a mixture of praise and concern regarding the impact of 

AI on artistic creativity.1,2 For example, Drimmer, an art histori

an,1 has argued that AI-generated art fails to promote knowledge 

growth or the development of new ideas, as it does not provide 

insights into the functions of art, the intentions of artists, or their 

creative processes. Instead, the increasing media attention on AI 

art tools is seen as fostering soft diplomacy for AI, rather than 

advancing art history research. Drimmer also argues that framing 

AI as a tool for art understanding primarily benefits scientific 

fields at the expense of the humanities, because it raises aware

ness and attracts funding for AI-related scientific research but 

risks reducing art to merely a ‘‘toy in the sandbox of scientists.’’1

Criticisms also extend to the ethical implications of generative AI, 

with Goetze3 arguing that such systems appropriate artists’ cre

ative work without consent or compensation. This constitutes 

‘‘labor theft’’ and reframes debates on AI art in terms of exploita

tion that requires redress, rather than technological novelty and 

innovation to be celebrated.

In contrast, the creators of the Artificial Intelligence Creative 

Adversarial Network (AICAN), which has been designed to pro

duce artificial art at Rutgers’ Art & AI Lab, have argued that 

AICAN was developed primarily for creative purposes. Mazzone 

and Elgammal4 have described AICAN as more of an autono

mous artist than a mere tool, highlighting its artistic role in gener

ating original artwork. The AICAN tool started to receive public 

recognition in 2017 when its art was showcased at venues 

across Frankfurt, Los Angeles, and New York. Across these 

events, the authors have noted viewers’ overwhelming 

positive appreciation responses to AI-generated art, with many 

people expressing disbelief that the featured artworks were 

generated by an AI algorithm rather than created by human art

ists. Furthermore, the AICAN tool has been featured across 

various media platforms, including daily newspapers (e.g., Bos

ton Globe) and TV networks (e.g., CBS or HBO). These media 

portrayals have framed AICAN as an intrinsically creative pro

cess, rather than a technological output intended for artistic 

acclaim in high-profile galleries or for financial gain at prominent 

art auction houses.4

From the art market’s perspective, AI-generated art has been 

recognized for its potential to create new business opportunities. 
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In 2018, the art auction market reported the first milestone, when 

the Portrait of Edmond Belamy, an artwork produced by a gener

ative adversarial network (GAN), was auctioned at Christie’s for 

$432,500.5 When discussing its own financial success in 

auctioning this piece, Christie’s highlighted the artwork’s non- 

human origins and the creative role of the algorithm.2 Media 

coverage, such as Reuters6 and NDTV7 collectively celebrated 

this event as a new era in art, marking its debut on the global 

art auction stage and highlighting changing perceptions of art’s 

role and value. While the art market has referred to generative 

AI art as a milestone in artistic and commercial possibilities, a re

view by Jiang et al.8 has highlighted clear harms reported by pro

fessional artists, with economic loss playing a central role along

side reputational damage, plagiarism, copyright risks, and moral 

fairness. This suggests that art market’s enthusiasm is counter

balanced by artists’ realistic and well-documented reasons of 

resistance.

However, the general public has greeted AI-generated art with 

much more ambivalence. For example, a photography project by 

Mike Tyka titled ‘‘Portraits of Imaginary People’’ used GANs and 

Deep Dream and has received artistic acclaim at prominent 

venues, such as ARS Electronica, Christie’s, and the New Museum 

in Karuizawa, Japan.9 However, when Jason M. Allen won a digital 

art prize with assistance from the MidJourney AI tool in 2022, it led 

to accusations of cheating. Critics argued that the use of AI in 

creating his winning piece undermined the value of human crea

tivity, which, in the future, may put the artistic profession itself at 

risk.10 These examples illustrate some of the prevailing tensions 

and debates surrounding what role AI could or should play in cre

ative processes. While some welcome the creative potential of AI, 

others express concern about the loss of human artistry and the 

potential displacement of human artists.1,4,10,11

Research findings on the AI-generated art and aesthetic 

experience

In the domain of empirical research, studies exploring people’s 

perceptions of AI-generated art have uncovered mixed patterns 

of results. Investigations into art novices’ ability to distinguish 

between human-made art and AI-generated art have consis

tently demonstrated low accuracy rates in AI art detection.12–17

For example, a study by Gangadharbatla15 investigated people’s 

ability to accurately differentiate human-made art from AI-gener

ated art. The stimuli used were AI-generated and human-made 

artworks, including representational and abstract forms, all of 

which were taken from the internet. The results indicated that 

people, in general, were unable to accurately identify AI-gener

ated art and furthermore were more likely to associate represen

tational art with human-made art and abstract art with AI gener

ated. The authors interpreted this pattern of findings to mean 

that, in addition to the low accuracy of AI art detection, people’s 

confusion may also stem from the nature of the content depicted 

in the artworks. Specifically, the level of abstraction could be a 

contributing factor to this detection challenge.

Furthermore, the aesthetic valuation of AI-generated art ap

pears to be modulated by pre-existing biases regarding the cre

ative skills of AI. A recent study by Agudo et al.18 demonstrated 

that awareness of a musical piece as AI-generated led to 

reduced perceptions of its emotional depth and overall artistic 

quality. Similarly, findings by Hong et al.19 indicated that people 

who were open-minded and receptive to the idea of AI as a cre

ative entity were more likely to positively evaluate AI-composed 

music in terms of aesthetic appeal and craftsmanship. The idea 

that attitudes toward AI matter is further supported by recent 

work by Darda et al.13 The researchers found that, in instances 

where participants showed more favorable attitudes toward 

the overall utility of AI, they also assigned higher values to both 

AI-generated and human-produced texts. This suggests an as

sociation between positive attitudes toward AI and an increased 

acceptance of AI applications. These findings collectively sug

gest that preconceived notions and biases regarding AI’s artistic 

abilities impact the overall assessment of AI-generated art.

Moreover, across various artistic domains (e.g., visual art, 

dance, and music), research has demonstrated a clear aesthetic 

bias against AI-generated art when people are aware of an art

work’s AI origins.12–14,19–22 For example, Ragot et al.23 tested 

a large sample size (N > 565) to compare human-made art and 

AI-generated art across various aesthetic dimensions. The re

sults showed that human-made artworks were rated higher on 

different dimensions of liking, beauty, and novelty than AI-gener

ated art, suggesting a clear aesthetic preference for human art. 

Furthermore, recent work from our team attempted to tap into 

people’s judgments about morality and AI-generated art by 

combining explicit and implicit paradigms.24 Across three pre- 

registered experiments, our results yielded important insights 

into the moral and aesthetic dimensions of AI-generated art. 

Specifically, we found that: (1) providing factual information 

about AI systems consistently diminished both moral accept

ability and aesthetic evaluations of AI art, (2) moral acceptability 

of AI-generated art remains largely unaffected by different infor

mation doses about its success beyond the factual information 

about AI systems, and (3) implicit associations between human 

art and AI-generated art and their perceived attributes were 

similar. Our findings highlight the essential role that information 

about AI systems plays in shaping both moral evaluations and 

esthetic perceptions.

Overall, the body of research reviewed earlier suggests that, 

while people often find it challenging to distinguish between 

AI-generated and human-made art, knowledge about an art

work’s artificial origin tends to diminish perceptions of its crafts

manship, emotional value, and aesthetic appreciation. This 

could be linked to the idea that AI-generated art lacks the hu

man-like artistic and creative qualities necessary for building a 

meaningful and emotional connection between the viewer and 

the artwork. This perception is likely to contribute to the develop

ment of a general negative bias against AI-generated art. It is 

also important to highlight that these studies reflect public per

ceptions as they stand today. Given the rapidly evolving nature 

of AI generative tools in producing art, these perceptions are 

subject to continue to develop and change.

UNDERSTANDING THE BIAS AGAINST AI-GENERATED 

ART—THEORETICAL AND EMPIRICAL INSIGHTS

What is art?

To identify the possible factors contributing to the current bias 

against AI-generated art, it is essential to first explore how the 
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concept of art has been historically conceptualized. Defining art 

is inherently complex and multifaceted. Acknowledging this, and 

to provide a clear and structured foundation for our discussion, 

we adopt working definitions grounded in intentionalism, 

formalism, and the expressive view of art. Throughout centuries, 

art has been defined as a uniquely human activity, created with 

intentional expression and creativity, using cultural and historical 

conventions, and conveying original ideas, emotions, and expe

riences.25–32 According to this intentionalist view, art is a form of 

communication in which the artist deliberately seeks to convey 

specific ideas or emotions, intentionally aiming for a meaningful 

connection with the audience.25,30 Furthermore, artistic expres

sion is typically shaped by cultural and historical traditions, 

including techniques, styles, and media of presentation, thus re

flecting the cultural and historical context, norms, and values of 

its time.28,33 More broadly, art is often seen as an expression of 

creativity and skill, to convey original ideas and emotions.29 In 

comparison, AI-generated art might be perceived as diverging 

from traditional artistic definitions, unless one considers that AI 

generative models are trained on extensive collections of hu

man-made art. Therefore, it could be argued that conventional 

art definitions may serve as a barrier to broader public accep

tance of AI-generated art.

Lewis Hyde’s The Gift,34 influential for over four decades, ex

amines how artists’ work is valued and monetized in our com

mercial society and provides a valuable lens for evaluating 

deeper assumptions about artistic value that underpin resis

tance to AI art. Hyde’s central distinction between gift and mar

ket economies directly addresses how we conceptualize 

artistic creation and worth. The intentionalist view of art intro

duced earlier implicitly assumes that art emerges from a gift 

relationship: the artist’s creative labor represents a form of giv

ing that creates social bonds and meaning between creator 

and audience. AI-generated art fundamentally challenges this 

framework by potentially commodifying the creative process it

self, raising critical questions about whether art can maintain its 

transformative social function when produced algorithmically. 

Hyde also conceptualizes the artist as a conduit through which 

cultural gifts flow rather than as their originating source, sug

gesting that, if human artists have always transmitted inherited 

cultural knowledge, AI might represent a new form of this trans

mission rather than a complete departure from artistic tradition. 

Finally, Hyde argues that gifts must be transformed and passed 

forward to maintain their vitality, prompting the question of 

whether algorithmic recombination constitutes the kind of 

meaningful transformation essential to art’s gift economy. Hy

de’s framework thus reveals how debates about AI-generated 

art extend beyond definitional concerns to fundamental ques

tions about the social and economic foundations of artistic 

practice.

Returning to empirical research, we can find further ideas 

about what might underpin the negative bias many people hold 

against AI-generated art. Some researchers suggest that the 

anti-AI bias may stem from concerns that AI could outperform 

and displace human artists by producing art more rapidly and 

with greater quality.21,35,36 For example, in Western art, painting 

has long been celebrated as one of the highest forms of human 

artistic expression, valued for its intricate interplay of visuospa

tial abilities, motor skills, cognitive reasoning, and creative abili

ties, all of which require a sophisticated level of expertise ac

quired through lengthy and repeated practice.37,38 In contrast, 

the idea that AI algorithms have the potential to create art 

more rapidly and with quality that rivals or surpasses human 

efforts may contribute to the negative perceptions surrounding 

AI-generated art.

Furthermore, some have argued that AI-generated art poses a 

fundamental challenge to our entrenched beliefs in human 

exceptionalism, questioning the assumed superiority of human 

creativity over that of machines.39–42 Consequently, it could 

be argued that people tend to downplay the artistic value of 

AI-generated art as a means of protecting their threatened 

anthropocentric perspective. Providing support for the human 

exceptionalism idea, Millet et al.40 found that artworks were 

less preferred when identified as AIgenerated rather than hu

manmade, primarily due to perceptions of diminished AI crea

tivity and its reduced capacity for emotional engagement. Inter

estingly, this bias was more pronounced among people with 

stronger anthropocentric beliefs about creativity. This suggests 

that the aesthetic bias against AI-generated art is influenced 

by an anthropocentric view that constrains creativity in humans.

Moreover, many art historians, artists, and educators have 

argued that the arts inherently involve physical engagement 

with our bodies-this is evident in the performing arts, such as 

dance, music, mime and theater, as well as in visual arts, such 

as painting and sculpture. Dewey,43 for example, emphasized 

the importance of artists’ hands and tactile involvement in the 

artistic process within the visual arts, arguing that art is funda

mentally a bodily experience. Climenhaga44 extended this idea 

when discussing Pina Bausch’s dance choreography, where 

the body acts as a medium for storytelling and emotional expres

sion. From an educational perspective, Lu45 has conducted in

terviews with art teachers to explore the perceptual differences 

between human-made and AI-generated art. This research re

vealed that art teachers often perceived AI-generated art 

as lacking emotional depth, attributing this to the absence of 

tactile (or bodily) engagement, which they saw as essential to 

traditional painting and artistic skills. Given the long-standing 

understanding of art as an embodied practice, the absence of 

immersive, embodied, and tactile experiences in AI-generated 

art may further contribute to the enduring negative biases people 

express against it.

Dual perspectives on the imitation theory

To understand the factors contributing to the existing bias 

against AI-generated art, we propose two theoretically and 

empirically supported concepts—imitation in art and imitation 

in social cognitive neuroscience—as foundational frameworks 

for this analysis. From the arts perspective, it has been argued 

that the value of art is often assessed based on a balanced level 

of imitation of reality, with the highest-quality artworks achieving 

neither more nor less imitation of real life. In social cognitive 

neuroscience, imitation has been recognized as a fundamental 

mechanism through which people learn complex skills, socially 

engage with others, and establish affiliative bonds within groups. 

These insights together provide a valuable basis for understand

ing the persistence of the bias against AI-generated art today.
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Art and aesthetics

The imitation theory represents one of the most prominent 

theoretical frameworks for explaining art creation and art 

appreciation. While Aristotle provides us with one of the earliest 

formal discussions of imitation (or ‘‘mimesis’’) in his book Po

etics, which dates from the 4th century BCE,46 the conceptual 

meaning of imitation has changed over the centuries.47,48 In 

Antiquity, imitation was primarily understood as copying nature, 

whereas the Renaissance expanded upon this notion, providing 

more elaboration on the idea of imitation. During that time, 

imitation was conceptualized as being faithful to nature, espe

cially on the ideal aspects, such as the perfect physical beauty 

rather than the mundane and imperfect aspects of real life.47,49

In the 19th century, however, artistic movements such as 

Impressionism started to further diverge from the original the

ory by emphasizing the depiction of reality as perceived by 

the viewer.47,50 This shift in framing the concept of imitation 

culminated in the avant-garde movement, where art increas

ingly expressed concepts rather than direct representations 

or imitation of physical reality.51,52 In modern times, the theory 

has embraced a pluralistic perspective, acknowledging that art

works not only imitate reality but also convey the artist’s ideas, 

emotions, and experiences.

Traditionally, the assessment of artistic skill, art status, and 

aesthetic value of artworks has been closely linked to the con

ceptual framework of imitation. That means that the degree to 

which an artwork succeeds in faithfully representing visual re

ality or an established realistic art style had served as a 

benchmark in evaluating its artistic quality and aesthetic 

worth.48 For example, Leonardo da Vinci believed that the 

value of a painting was directly proportional to its fidelity in 

depicting its subject, while Gustave Courbet, centuries 

later, argued that painting could only achieve its purpose by 

faithfully representing reality.53,54 Moreover, depicting 

reality with fidelity was also fundamental to artists’ public 

acclaim. Their artworks were celebrated for achieving the right 

balance in capturing reality—neither less imitation, nor more— 

thereby meeting the standards of artistic excellence historical

ly valued (see Figure 1, human-made art, Figures 1D and 1E 

examples).

However, with Post-Impressionism, artists such as Paul 

Cézanne marked an important departure from realistic imita

tion of reality. Cézanne rejected the notion that painting 

should replicate nature, instead focusing on the construction 

of visual form.55 Cézanne famously stated he ‘‘renders nature 

through the cylinder, sphere, and cone,’’ emphasizing his 

focus to portray the inherent geometrical structures of nature 

rather than imitating its appearance. This novel approach led 

initially to severe criticism from contemporary art critics, 

who labeled Cézanne an ‘‘amateur’’ lacking artistic skill, and 

respect to artistic tradition.56 Over time, however, perceptions 

changed, with Cézanne eventually being celebrated by the 

Fauves and Cubists as ‘‘the father of us all’’.56 In the same 

vein, before Fauvism and Cubism gained acceptance as 

important movements in art history, they were initially met 

with criticism. Fauvism, with its non-naturalistic colors, simpli

fied forms, and spontaneous brushstrokes, and Cubism, 

known for its fragmented and multi-perspective approach, 

were viewed as radical deviations from established imitation 

artistic conventions57–59 (see Figure 1, human-made art 

Figures 1A–1C examples). It could be argued that this critical 

reception was rooted in a deep-seated belief that less imita

tion of nature, or the physical world, was equated with a defi

ciency in artistic craftsmanship. It is possible to see parallels 

between this historical perspective and contemporary 

biases against AI-generated art, which often shows low fidel

ity or less imitation of human-made art, potentially leading 

to similar perceptions of diminished artistic value and artistic 

skill.

Furthermore, the pursuit of high fidelity in mimicking 

nature has also attracted criticism. For example, the Photore

alism and Hyper-Realism movements have faced scrutiny 

for imitating the reality to such an extreme level that they 

are perceived as lacking authentic creative vision60,61 (see 

Figure 1, human-made art Figures 1F–1H examples). Contem

porary photorealism artists such as Richard Estes and Chuck 

Close aimed to reproduce photographs with exceptional 

exactitude in their paintings, using a highly technical and ma

chine-like precision. This emphasis on imitating reality as 

close as possible has been criticized for diminishing the art

ist’s personal interpretation and emotional input, as well as 

for prioritizing technical skill over artistic vision. For example, 

by focusing on rendering perceptions of the real world with as 

much mechanical accuracy as possible, such art often ne

glects the subjective and imaginative aspects that usually 

enrich artistic expression.60,61

While empirical research has yet to investigate whether the 

bias against AI-generated art may be explained by its level of 

imitation (e.g., less vs. more) compared to human-made art, 

historical parallels with human-made art might offer some 

valuable insights. For instance, when an AI algorithm fails to 

effectively imitate human art, that might be perceived as a 

lack of artistic skill (see Figure 1, AI-generated art - I, J, K ex

amples; see figure legend for reasons why each example rep

resents less imitation of human-created art). It could be 

argued that the current limitations of AI art algorithms, espe

cially those based on GANs or LLMs with embedded image 

generators in faithfully imitating human-made art may arise 

from technical issues in how AI systems render artistic visual 

elements, such as color, lighting, the tactile qualities of the 

canvas (e.g., layering of brushstrokes) or the organization of 

compositional space. Moreover, the limited ability of AI art al

gorithms to imitate human art may be attributed to a superfi

cial understanding of human culture, historical contexts, and 

artistic styles. This often leads to a less convincing narrative 

capacity when it comes to capturing and portraying historical 

figures, meaningful stories, or specific geographical locations. 

Furthermore, the typically reported emotional disconnection 

felt when viewing AI art compared to human-made art could 

indicate AI’s inability to evoke rich human-like emotions and 

meaningful experiences that resonate with viewers. On the 

other hand, more imitation of human art in AI-generated art 

might also be perceived as lacking authenticity, originality, 

and creative innovation, therefore failing to contribute mean

ingfully to the art world (see Figure 1, AI-generated art; 

Figures 1L–1N examples). More imitation could also be 
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interpreted as deceitful, potentially undermining the unique

ness and importance of genuine human-created artworks. 

Overall, we suggest that AI-generated art has not yet achieved 

an optimal balance between imitation and innovation and also 

that a clear consensus still does not exist on what this optimal 

balance should entail. This reflects an important gap in under

standing the sophisticated skillset that human artists have ac

quired and practiced through millennia. Highlighting the role of 

both imitation and innovation in human culture, Legare 

and Nielsen62 argued that our species’ remarkable cultural 

achievements are not solely the result of imitation. Rather, it 

is the interplay between imitation and innovation that drives 

the finest cultural human accomplishments.

Social cognitive neuroscience

The idea that less or more imitation of the world may be one 

important feature in the domain of art can be connected to the 

understanding of human social interactions. Indeed, imitation 

in the context of human social interactions—the copying of other 

people’s behaviors—has been studied extensively in psychol

ogy, as well as social and cognitive neuroscience.63–66 Imitative 

Figure 1. Shows a comparative analysis of imitation across the domains of art (human-made and AI-generated) to visualize how art value and 

art appreciation can be linked to different conceptions of imitation 

The continuous line along the bottom represents a spectrum of imitation, ranging from less imitation on the left to more imitation on the right and distinguishes 

between human-made art (upper panel) and AI-generated art (bottom panel). The human-made artworks show examples of what was considered less imitation of 

the physical world at the time of their creation (A, Guitar and Pipe by Juan Gris, 1913; B, Mont Sainte-Victoire by Paul Cezanne, c.1895; C, The Red Rocks by 

Armand Guillaumin, 1984), balanced imitation (D, Mona Lisa by Leonardo da Vinci, c.1503-1519; E, The Cliffs at Etretat by Gustave Courbet, 1869), and more 

imitation (F = Near Hunters Beach, Acadia National Park by Richard Estes, 2008; G = Woman Eating by Duane Hanson, 1971; H = Energy Apples by Audrey Flack, 

1980). The bottom panel shows AI-generated art examples taken from our recent work24 using the AI image generation platform DALL-E 3 (OpenAI) and prompts 

inspired by Joaquı́n Sorolla’s art. Here, the concept of imitation subsumes notions of reality as well as existing artistic styles. The initial outputs show less imitation 

of Sorolla’s artistic style. Image I demonstrates less imitation primarily due to the implausibly large crowd depicted on a beach during fish sorting, a scene that 

sharply contrasts with Sorolla’s historical depictions. In addition, the lack of spontaneity and emotional expressivity, combined with the standardized and 

stereotypical facial and bodily features, results in an overall mechanical impression. The landscape image (J) is exaggeratedly picturesque, with unnaturally 

vibrant colors that deviate entirely from Sorolla’s Impressionist style. Furthermore, (K) presents an overly idealized portrayal of youthful beauty, happiness, and 

sentimentality. On the opposite side of the imitative spectrum for AI-generated art, we find AI iterations with far more imitation, closely mimicking Sorolla’s style 

(L, M, and N). In these examples, the level of imitation is more pronounced, suggesting a possible impersonation of Sorolla’s work, raising concerns about the 

distinction between inspiration and direct replication. The question mark in the middle part of the panel on AI-generated art suggests we do not yet have a firm 

conception of what balanced imitation might mean in the context of AI-generated art. This further suggests the potential for future AI-generated art to achieve an 

ideal balance of imitation and innovation. It also highlights the ongoing uncertainty regarding how this balance should be conceptualized and defined. Please note 

that, while our examples primarily focus on paintings and sculptures, the discussion could apply equally to other forms of visual art, including photography. The 

examples in Figure 1 are intended to illustrate a comparative analysis of imitation across human-made and AI-generated art and to depict positions along a less 

imitation—more imitation continuum rather than to empirically classify the degree of human or AI authorship. 

Note. (A–E): images reproduced from the public domain. Source: WikiArt; (F–H): images reproduced under fair use for scholarly purposes. Source: WikiArt.
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behavior is underpinned by a widespread and distributed set of 

interacting cognitive and brain systems67 and has been linked to 

a variety of key social functions, such as increased pro-social 

behavior and mutual liking.68–70 Moreover, imitation has 

been argued to have been evolutionarily advantageous, as early 

humans likely relied on imitating gestures and behaviors to 

form social bonds and secure their inclusion in broader social 

groups.71,72 Research on imitation has thus become central to 

our understanding of the cognitive and brain systems that 

orchestrate social life.

Rather than reviewing core features of imitation from the 

perspective of social and cognitive neuroscience in detail, 

what we focus on here are the parallels to the domain of art. 

Specifically, we focus on the idea that there could be a ‘‘sweet 

spot’’ of imitation, which is optimal in the sense that more or 

less imitation would be detrimental to social interactions. To start 

with, we quickly consider the extreme polar positions, which we 

feel are unlikely to facilitate social interactions. For instance, 

given what we know about the social benefits of imitation, a 

complete absence of imitation is likely to be suboptimal. Like

wise, copying everything someone else does—movements, 

words, mannerisms—like a child’s game, would quickly become 

tiring, annoying, and socially awkward. But, if we go beyond 

these extremes, we can consider research that relates to two 

more subtle ways in which the amount of imitative behavior 

may or may not be used in an optimal manner: (1) in terms of re

sponding to social contexts and (2) in terms of individual differ

ences across the population. Figure 2 illustrates a comparative 

evaluation of imitation across social behaviors.

First, we consider more or less imitation, in terms of respond

ing to social context. For example, research from develop

mental psychology has demonstrated that, in some situations, 

children show a strong tendency to over-imitate.64,73,74 It has 

been proposed that children over-imitate to affiliate and 

emulate in-group members, as shown by their tendency to 

copy in-group rather than out-group members.74,75 Adults 

also over-imitate, and it has been proposed to signal allegiance 

to a group, to foster a sense of unity and pro-social behavior.76

Research has also shown that 5-year-old children display 

increased mimicry of facial expressions following the observa

tion of third-party ostracism.77 As such, it has been argued that 

ostracism represents an important contextual factor that might 

increase the tendency to mimic the behaviors of others to re

gain social inclusion.78 Imitation also encourages empathic ca

pacity toward other individuals,79,80 suggesting that imitating 

others fosters greater understanding of others’ feelings, which 

in turn can strengthen interpersonal relationships and promote 

social cohesion. In summary, the ability to flexibly up-regulate 

imitative behavior in a manner dependent on the social context 

appears to be important for the building, maintaining, and 

restoring social relationships. Consequently, failure to up-regu

late imitative behavior—that is, to provide less imitation, given 

the context—may weaken social bonds with our interaction 

partners.

A second way in which we can consider the impacts of less or 

more imitation is in terms of individual differences across the 

population. Various studies across different contexts and with 

different stimuli, populations (e.g., clinical vs. non-clinical), and 

age groups consistently report that individuals with autism 

show a diminished ability for imitating social gestures and 

postures, such as blowing a kiss or waving goodbye compared 

to neurotypical individuals.81–83 Given the social functions 

that appear to be served by imitation, reductions in imitative abil

ities among individuals may have important implications for 

social interpersonal connectedness, potentially hindering 

their ability to effectively engage in and interpret social interac

tions. As before, it also seems likely that more imitation, 

such as instances of Echolalia or echopraxia, could also be 

detrimental to social exchanges. While it is common to consider 

such variation in imitative abilities in relation to individuals that 

have received a clinical diagnosis, such as individuals with 

autism,67,84 there are important reasons to avoid these categor

ical approaches.85,86 A more general way to consider variation in 

imitation behavior would be as a general ability that could vary 

across the entire population, like other social skills and behav

iors. As such, we might anticipate that some people are better 

than others at imitating ‘‘the optimal way’’ and thereby receiving 

the resultant social benefits.

Just as imitation theory in art suggests that artistic stan

dards have traditionally relied on fairly accurately rendering 

reality rather than actively warping it, in social contexts, 

imitating others in a mostly naturalistic manner may appear 

crucial for effective social functioning. While there are sub

stantial differences between the fields of arts and human 

neuroscience, both recognize the importance of imitating be

haviors in shaping creativity, learning, and understanding of 

the social world. Finally, a few more parallels can be drawn 

between a balanced level of imitation in AI art and in human 

art and how this might influence how AI art is evaluated and 

accepted in human society. Humans learn through imitation, 

with generative learning theories suggesting that knowledge 

evolves through iteration and adaptation. Artmaking also in

volves iterative processes similar to those called upon during 

social and cognitive development.87 AI generates data based 

on what it has been asked to create and produces a type of 

‘‘cultural evolution.’’88 As David Marx89 puts it, ‘‘trends arise 

from cultural imitation’’-imitation is not a static but a dynamic 

process that contributes to cultural transmission and evolu

tion. In social contexts, humans imitate behaviors, which 

then evolve as they are passed from one generation to 

another.90,91 Similarly, AI art is based on learning from 

human art that has evolved over a period of time, and, in 

this sense, AI art perpetuates artistic traditions. Much like 

human artists who iterate and re-interpret cultural norms to 

push boundaries, AI art can also contribute to the evolution 

of these traditions. Indeed, humans tend to appreciate art 

that draws upon and reimagines past traditions. AI can, in a 

way, pass down or perpetuate styles and conventions 

through its output, allowing new generations (both human 

and AI) to interact with and re-interpret past artistic forms. 

Just as cultural evolution in humans involves a blend of tradi

tion and innovation, AI art might evolve by ‘‘imitating’’ past hu

man creations while introducing new, unanticipated elements. 

These innovations might eventually influence human art, clos

ing the loop between AI-generated culture and human cultural 

transmission.
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CHARTING THE PATH FORWARD

Embracing AI as a collaborator rather than casting as an 

enemy—Historical and contemporary perspectives

Across different domains, whether in the arts or social 

behavior, human learning, development, and performance 

are deeply rooted in imitation. This fundamental ability to 

imitate not only has been essential to human social evolution 

but also plays a critical role in shaping how we create and 

interact with tools and technologies. Some of the tools used 

in artistic practices, as briefly discussed in the following, 

have been designed to further enable artists to achieve the 

‘‘optimal’’ level of imitation of the world without compromising 

their artistic talent and creative originality. That said, AI tools 

are not only present in the arts today but are likely to stay 

and play an increasingly important role in the future. There

fore, it is essential to shift the focus from conflict and opposi

tion to the potential benefits of collaboration between AI tools 

and human creativity. Historically, new technologies in art 

have often been met with skepticism and resistance; however, 

many of these once distrusted innovations have eventually 

become essential to artistic progress and have markedly 

advanced and enriched the arts.

Since rendering reality with fidelity has historically been a 

central tenet of art, Leonardo da Vinci in the 16th century is 

credited with providing the first detailed written description of 

the camera obscura, a device that allowed artists to capture na

ture with remarkable precision, almost to the point of illusion47

(Figure 3). Among the most famous users of the camera obscura 

was the Dutch artist, Johannes Vermeer. Art historians, such as 

Hockney92 and Steadman,93 have argued that many of Ver

meer’s masterpieces were created with the assistance of this 

tool. Despite some controversy over its aesthetic implica

tions—with critics such as Kemp94 deeming its use as similar 

to ‘‘cheating’’—the prevailing view among the art historians is 

more conciliatory. Gussow95 has argued that the use of camera 

obscura should be regarded as a legitimate artistic tool rather 

than a substitute that undermines artistic talent. Supporting 

this view, a research study by Hantula et al.96 has found that 

knowledge of Vermeer’s use of the camera obscura did not 

diminish his art appreciation but contributed to an enhanced 

awareness of his creative process. This suggests that the use 

of camera obscura in the visual arts aligns with the long-standing 

tradition, where artists aimed to closely reproduce nature. By 

including the camera obscura into their practice, artists were 

able to effectively bridge the gap between more and less imita

tion. This also highlights that the integration of technology in cre

ative processes should be regarded as an evolution of artistic 

methods rather than a compromise of authenticity.

Photography represents another successful integration of 

technology into the arts, starting in the 19th century. From its in

vention, photography captivated artists by providing a means to 

capture details beyond the capability of the human eye, pro

foundly impacting the trajectory of artistic styles.97,98 Initially re

garded as an educational tool, photography provided unparal

leled accuracy in portraiture, especially for commissioned 

portrait works. Artists such as Delacroix, Courbet, Cézanne, 

Toulouse-Lautrec, and Munch have used photography to create 

portraits of historical figures.99 Furthermore, photography 

inspired new and more daring composition styles, characterized 

by contorted poses, radical cropping, and unconventional per

spectives, as seen in the works of artists such as Mary Cassatt, 

Degas, and Caillebotte. It has also served as a valuable resource 

and inspiration for painters of exotic subject matters, such as 

Henri Rousseau and Paul Gauguin.97–99 Today, photography 

has evolved into a respected art form in its own right, demon

strating the enduring impact of technological innovation on 

artistic expression. Furthermore, the example of photography 

Figure 2. Shows a comparative evaluation of imitation across social behavior 

The panel illustrates examples of imitation or mimicry in social settings, ranging from what might be less, suggestive of socially unresponsive behavior (image A) to 

more, as awkward, literal social mirroring (image D), with illustrations of what might be more optimal or appropriate levels of imitation shown in images (B) and (C). 

The continuous line along the bottom represents the spectrum of imitation, ranging from less imitation on the left to more imitation on the right. 

Note. (A–C): images reproduced under the Pexels Free-Use License. Source: Pexels (cottonbro studio); D: image reproduced under a standard royalty-free 

license from iStock/Getty Images (Asset ID: 57421583, Image Source/iStock/Getty Images).
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strengthens the idea that artistic tools serve as instruments that 

enable artists to achieve their goal of imitating the observable 

world while maintaining both authenticity and creative originality. 

Through the use of tools such as photography, artists aimed to 

achieve the right balance in imitation—capturing sufficient ele

ments of the real world to convey its essence, yet not too 

much as to compromise their original artistic individuality.

One example of AI being used as a collaborative tool in the arts is 

the work of Mario Klingemann, who is considered a pioneer in the 

application of neural networks within artistic practice. Klinge

mann’s art explores broad themes of creativity, culture, and 

perception through the lens of machine learning and AI. His work 

has been successfully exhibited at prominent venues, such as 

the Ars Electronica Festival, the Metropolitan Museum of Modern 

Art in New York, the Photographers’ Gallery in London, and the 

Center Pompidou in Paris. Klingemann’s work highlights the po

tential of AI in expanding the scope of human creativity.100 In a 

similar vein, Steve DiPaola’s work algorithmically simulates brush

strokes, composition, and lighting effects, drawing on theories of 

human creativity and further illustrating how AI can serve as a 

collaborative tool in artistic practice.101 Taken together, these 

ideas suggest that technological tools such as the camera obscura 

and photography have consistently played an important role in the 

arts, not by diminishing artistic talent but by expanding the possi

bilities for creative expression. The broader implication is that the 

integration of technology into artistic practices should be seen 

as an evolution of artistic practices. However, especially regarding 

the AI art tools, as these become more sophisticated, it is also 

Figure 3. Shows early examples of optical 

and photographic technologies used to 

enhance imitation in visual art 

(A) Presents an example of James Ayscough’s 

1750 illustration of a Camera Obscura Room. 

(B) Shows the first known photography camera, the 

Daguerreotype, by Louis Daguerre in 1838. 

(C) Illustrates one of the earliest photographs, 

Boulevard du Temple, Paris, by Louis Daguerre in 

1838. 

Note. (A): image reproduced under the 

Creative Commons Attribution 4.0 license. Source: 

Wellcome Library/Wikimedia Commons; (B and C): 

images reproduced from the public domain. 

Source: Wikimedia Commons.

essential that they are used responsibly. 

Artists and creators should ensure that 

their use of technology respects the stan

dards of authenticity, fairness, and trans

parency in their work, balancing innovation 

with ethical considerations.

FUTURE DIRECTIONS

As AI technologies become increasingly 

integrated into society, facilitating access 

to education and knowledge dissemina

tion for artists, students, researchers, and 

the general public will be essential for future development. Specif

ically, AI-generated art presents a unique opportunity for interdis

ciplinary collaboration between artists and scientists. Such part

nerships could explore biases toward AI-generated art and 

address the ethical challenges related to authorship, ownership, 

and cultural appropriation. Building on some existing research, 

and addressing clear gaps, in the following, we highlight several 

key research questions to advance understanding at the intersec

tion of psychology, cognitive neuroscience, and the evolving role 

of AI in art and education.

(1) To what extent does the negative bias against AI technolo

gies impact individuals’ judgments regarding the legitimacy 

and fairness of AI-generated art,24 especially concerning in

tellectual property rights, creative ownership,102 and the po

tential for exploitation or misuse of human cultural heritage?

(2) To what extent do factors such as mere exposure, famil

iarity, knowledge of AI systems, and previous expertise 

with traditional art shape aesthetic preferences for AI- 

generated versus human-made art?

(3) What are the neural correlates of emotional responses to 

AI-generated art in comparison to traditional art, and how 

do these responses vary across different professions, age 

groups, and cultural backgrounds?
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