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Abstract: Graphic visual art is undergoing a profound transformation driven by generative artificial intelligence (AI). This
transformation extends beyond technological innovation, reshaping the paradigms of artistic image creation. This paper
examines human-centered interactive systems for artistic image creation, aiming to bridge the gap between technology-oriented
and art-oriented research. We identify three core challenges in interactive generative art creation: controllability, integrity,
and creativity, and analyze in depth the underlying trade-offs among them. Building on this analysis, we systematically
review the evolution of generative models, approaches to integrating artistic knowledge, and the emergence of collaborative
agentic AI systems. Looking ahead, we emphasize the need to develop human–AI collaborative frameworks that offer greater
controllability, preserve human creative agency, and ensure regulatory compliance, while exploring a wide range of potential
applications. This study proposes a unified analytical framework that connects AI technologies, human–AI interaction processes,
and the integration and innovation of artistic image creation. It further outlines a task-oriented roadmap to guide future research
and the development of collaborative systems for artistic image creation.
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1 Introduction

1.1 Research background

Graphic visual art constitutes a central medium for hu-
man culture and emotional expression, playing an essential
role in fostering creativity, transmitting social narratives, and
driving economic and social innovation through industries such
as education, media, culture, and design. Throughout human
history, visual art has recorded the spirit of different eras, the
diversity of lived experience, and the evolution of human emo-
tions and ideas, serving as a cultural bridge connecting the
past, present, and the future (Avakri and Avakri, 2025; Li ZJ
et al., 2025; Oppenlaender et al., 2025).

Recent advances in generative artificial intelligence

https://www.academax.com/EITEE
https://www.engineering.org.cn
https://ieeexplore.ieee.org/xpl/RecentIssue.jsp?punumber=11344065
https://orcid.org/0000-0001-9712-8964


2 | ENGINEERING Inform Technol Electron Eng 2026 27(10):260124

(AI) have transformed the ways in which visual content
can be created and refined. Artists can now use mul-
timodal information such as text, sketches, and refer-
ence images to explore visual ideas and perform artis-
tic practice. For example, the 2022 Colorado State Fair
award received by Jason Allen’s Théâtre D’opéra Spatial
(https://www.jasonmallen.com/space-opera-theater) drew at-
tention to AI-assisted art making and to the role of human
selection and post-editing in the creative process. In this set-
ting, generative AI is not only a tool for producing images, but
also supports conceptual ideation and iterative refinement.

Existing surveys generally organize generative AI
by model architectures or general image-generation tasks
(Shahriar, 2022; Cao et al., 2024; Sengar et al., 2025). Within
visual art, work (Wang BY et al., 2025) reviews diffusion
model-based methods and identifies a shift towards more inter-
active and user-oriented systems. Although these existing per-
spectives are valuable for understanding technological progress,
they provide limited discussion of how generative AI partici-
pates in artistic workflows across different model families. This
review therefore examines interactive artistic image creation
through the broader issues of intention alignment, multimodal
interaction, creative agency, and responsible dissemination.

1.2 Conceptual clarifications

1. Image vs. artistic image. An image is a visual rep-
resentation that may present, record, and communicate infor-
mation. This broad category includes photographs, charts,
illustrations, and other visual forms. By contrast, the artistic
images examined in this study refer specifically to artworks
in painting and digital paintings. They not only share the
pixel structure of general digital images (e.g., color pixel ar-
rangement and resolution composition), but also embed com-
plete narrative structures and systematic artistic visual knowl-
edge (including intra-image and extra-image factors). Created
through distinctive artistic techniques and aesthetic expres-
sion, artistic images integrate personal emotion, conceptual
thinking, and narrative intent to evoke deep aesthetic experi-
ences and emotional resonance in viewers.

For example, Vincent van Gogh’s The Starry Night con-
structs a tri-layer narrative of natural turbulence, human tran-
quility, and vital tension through swirling skies, quiet villages,
and vertical cypresses. Its artistic visual knowledge includes
intra-image factors such as color contrast (deep blue vs. bright
yellow), rhythmic brushwork (vortex strokes evoking celestial
motion), and compositional balance. Extra-image factors in-
clude Van Gogh’s mental state and broader post-impressionist
artistic movements, which enrich the interpretive depth of the
work. This sharply contrasts with an ordinary photograph of
a night sky that lacks such narrative and artistic knowledge.
Artistic images prioritize aesthetic value and conceptual depth,
often employing symbolic, metaphorical, or stylized techniques
that integrate pixel structures, narrative structures, and artis-
tic visual knowledge to enable higher-level emotional and in-
tellectual expression.

2. Generation vs. creation. AI generation is primarily
driven by data and knowledge. By learning from large-scale
datasets, AI models acquire patterns that enable them to gen-

erate new content. In image generation, for instance, the model
analyzes numerous visual features and then produces corre-
sponding images based on user input. However, the model
lacks the emotional depth, intentionality, and subjectivity in-
herent to human creation; it merely outputs results following
predefined algorithms and learned patterns.

Creation, by contrast, is a human practice rooted in sub-
jective intention, emotional experience, and cultural context.
It is characterized by the dynamic integration of pictorial tech-
niques (e.g., color theory, linework, and composition) and non-
pictorial factors (e.g., personal experiences, emotional fluctu-
ations, creative intention, and prevailing aesthetic ideologies).
The unity of these elements allows artists to transform ab-
stract emotions and ideas into perceptible artistic forms. For
example, Picasso’s Guernica combines cubist deconstruction
and oppressive tonalities with anti-war sentiment and histori-
cal trauma to achieve profound expressive power.

3. Prompting vs. intelligent interaction. A dialogue
prompt is a one-way natural language command mechanism.
It follows a linear logic in which the user issues instructions
and the system executes them based on predefined rules. This
mechanism lacks multimodal fusion and bidirectional feedback,
limiting its capacity to interpret abstract intentions, regulate
generative uncertainty, or support collaborative creativity. It
is thus suitable only for low-complexity tasks and cannot meet
the demands of artistic creation, where intentions are nuanced
and multi-layered.

Intelligent interaction—the core operational pathway
of the “human–AI collaborative agent” paradigm—aims to
achieve intent alignment between creators and generative mod-
els. As a multimodal and deeply collaborative process, intel-
ligent interaction fulfills three key functions: first, translating
abstract intentions, namely, converting emotional, aesthetic,
and cultural information into structured, model-interpretable
conditions; second, regulating generative uncertainty, which
allows creators to iteratively refine and steer outputs toward
their envisioned direction; third, fostering co-creative emer-
gence that assists in simulating new creative ideas, enabling
outcomes unattainable by either party alone. In artistic scenar-
ios, creators may express intentions through speech, gesture,
sketching, or textual cues. The system continuously interprets
multimodal signals and optimizes outputs to achieve progres-
sive alignment with human intent.

4. AI-generated content. AI-assisted creation (AIAC) rep-
resents an emerging paradigm of human–AI collaboration in
creative practices, where AI functions as an intelligent assistant
rather than an autonomous creator. Within this paradigm, AI
contributes computational power, knowledge support, and gen-
erative capabilities, while human creators retain responsibility
for creative intent, aesthetic judgment, and decision-making.
By reducing the effort required for technical execution and
content generation, AIAC enables creators to focus more on
conceptual development, artistic exploration, and innovation.
However, the effectiveness of AIAC depends not only on the
capabilities of generative models but also on the extent to
which users can control, guide, and refine the creative process.
Therefore, enhancing controllability and supporting meaning-
ful human–AI interaction have become fundamental challenges
in the design of AI-assisted creative systems.

https://www.jasonmallen.com/space-opera-theater
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1.3 Literature review and current status

Current research on generative AI in visual art follows two
largely isolated trajectories, i.e., technology-oriented research
and art- and philosophy-oriented research:

Technology-oriented research focuses on models such as
StyleGAN3, DALL·E, Imagen, and Muse. While technically
insightful, such studies often overlook human–AI interaction,
authentic artistic workflows, and associated societal and ethical
issues.

Art- and philosophy-oriented research addresses the na-
ture of art, creativity, and human experience, questioning
whether AI can possess emotional depth or interpret cultural
context. However, these discussions often lack grounding in
underlying AI technologies and rarely offer actionable design
guidance.

This review aims to bridge these isolated paths by estab-
lishing an integrated analytical framework spanning technol-
ogy, interaction, art, and ethics, thereby offering a comprehen-
sive and practice-oriented perspective for this interdisciplinary
field.

1.4 Research scope and methodology

This study focuses on interactive generative systems for
artistic image creation, excluding general-purpose image gener-
ation and purely model-centric studies. The literature is drawn
primarily from major academic databases and representative
high-impact conferences, journals, and preprint repositories.
Included works must address at least two of the following as-
pects: artistic image creation, human–AI interaction, and iter-
ative or multimodal workflows. The paper is structured around
a dual framework consisting of a four-stage task workflow and
three core challenges.

Specifically, we examine interactive generative art cre-
ation in visual image contexts across three dimensions: core
tasks, key challenges, and future directions. Core tasks in-
clude multimodal inspiration generation, compositional pre-
visualization, aesthetic optimization, and mediated dissemi-
nation. Key challenges involve controllability, integrity, and
creativity, including improving compositional precision, estab-
lishing objective and quantifiable aesthetic evaluation metrics,
and addressing copyright, bias, and ethical compliance. The
study also outlines future development directions and potential
applications in domains such as education, media, and culture.

Methodologically, we employ:
(1) literature review, drawing from domestic and interna-

tional research to identify trends and current knowledge gaps,
and

(2) case analysis, examining representative interactive
generative art systems to highlight technical applications, in-
teraction modes, and practical challenges.

1.5 Research innovations

This study contributes to the interdisciplinary field of
AI-assisted artistic creation through three core innovations:

First, we propose an integrated analytical framework that
bridges technological and artistic research by systematically
combining generative AI technologies, human–AI interaction
processes, and artistic image fusion innovations. Second,

we construct a structured roadmap for research and develop-
ment that decomposes human–AI collaborative creation into
sequential tasks—multimodal inspiration, collaborative gener-
ation, and mediated dissemination—and summarizes advances
in intent modeling, cultural and aesthetic knowledge, and cre-
ative fusion.

Third, we identify core tensions and pathways forward,
where we analyze the triangular trade-offs among controlla-
bility, integrity, and creativity, and identify knowledge fusion,
model collaboration, and agentic AI as foundational technolo-
gies for future breakthroughs in dynamic and co-creative visual
art systems.

As shown in the structural framework of the paper in
Fig. 1, the remainder of this article is organized as follows: Sec-
tion 2 provides an in-depth discussion of interactive artistic im-
age generation tasks, including multimodal inspiration gener-
ation, compositional pre-visualization, aesthetic optimization,
and media-oriented dissemination. Section 3 examines the key
challenges related to controllability, integrity, and creativity.
Section 4 reviews the methodological landscape, covering vi-
sual generative models, representations of artistic knowledge,
intelligent creation systems, and agentic AI. Section 5 looks
ahead to the future development of intelligent interactive art
systems and their potential applications in education, media,
culture, design, and other domains. Finally, Section 6 con-
cludes the paper.

2 Interactive art image generation task

Image-based visual art creation, as a form of artistic ex-
pression, embodies both creativity and aesthetic value. Unlike
function-oriented image generation in industrial applications,
artistic creation places greater emphasis on symbolic meaning,
stylistic aesthetics, and the communication of subjective in-
tent. As illustrated in Fig. 2, by integrating perspectives from
visual studies, art theory, and media studies with the paradigm
of generative AI, we divide the workflow of interactive artis-
tic image creation into four interrelated stages: multimodal
ideation, progressive generation, aesthetic refinement, and me-
diated dissemination. This framework not only reflects the
cognitive progression inherent in artistic creation but also of-
fers a task-centered analytical lens for embedding interactive
creative AI into artistic practice (Han and Fussell, 2025).

1. Multimodal ideation. The creative process begins
with intention formation and associative exploration. In this
interactive stage, artists integrate narrative themes, symbolic
schemas, and stylistic priors—sourced from diverse multimodal
inputs—to construct an initial semantic concept. Such multi-
modal inputs may include text, reference images, and sample
materials. Through a collaborative feedback loop with an AI
system, the artist iteratively refines the initial idea and trans-
forms subjective inspiration into structured prompts. These
prompts serve as machine-interpretable constraints or condi-
tioning signals that guide generative models.

After an initial creative intention has been formed, the
ideation process enters a critical stage of semantic concretiza-
tion. At this stage, artists translate abstract themes, sym-
bolic concepts, and fragmented stylistic impressions into con-
crete visual elements and structural relationships that can be
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Fig. 1 Outline of this paper, which consists of four main components: art image generation tasks, key challenges,
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Fig. 2 Illustration of interactive art image generation task
that involves four sequential stages: multimodal ideation,
progressive generation, aesthetic refinement, and mediated
dissemination

interpreted and manipulated by generative models. This pro-
cess typically involves analysis, decomposition, and recombina-
tion of multimodal inputs. For instance, key concepts and af-
fective tones may be distilled from textual descriptions, compo-
sitional patterns, color palettes, or textures may be extracted
from reference images, and motion cues or material qualities
may be inferred from example materials. Importantly, this
process is not a simple aggregation or collage of heterogeneous

inputs. Instead, guided by the artist’s aesthetic judgment, a
coherent internal logic is gradually established among multiple
candidate elements. Through this process, dispersed sources
of inspiration are organized into a preliminary visual blueprint
with internal consistency. Subsequently, this emerging visual
blueprint is encoded and articulated in the form of textual
prompts. During this stage, artists often iteratively refine and
validate these prompt descriptions by observing whether the
generated outputs faithfully translate the intended creative
concepts. Such an exploratory feedback loop facilitates se-
mantic alignment between the artist’s internal vision and the
system’s visual outputs, thereby establishing a clear and itera-
tive foundation for the subsequent stage of fine-grained control
and generation (Cai et al., 2023; Tholander and Jonsson, 2023;
Adamkiewicz et al., 2025; Rafner et al., 2025; Satkunarajan
et al., 2025; Wang P et al., 2026).

A core challenge in this stage lies in the potential semantic
mismatch between multimodal prompts and visual outputs.
Continuous interaction is therefore required to achieve cross-
modal semantic alignment. The multimodal ideation phase
sets the foundational semantic boundaries for later decisions
on controllable generation and stylistic direction.

2. Progressive generation. A key turning point in the
workflow lies in translating creative intent into concrete visual
structures. This interactive process aims to convert abstract
ideas and inspirations into verifiable spatial compositions, such
as layout, form and posture, perspective and space, lighting,
color relationships, brushwork and texture, and edge relations
(Matsumoto et al., 2025). Based on artistic theory and prin-
ciples from Gestalt psychology, artists interact with the AI
system through structured inputs such as pose skeletons, seg-
mentation masks, depth maps, and edge sketches.
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To achieve the aforementioned level of controllability,
artists can employ several types of structured conditioning
signals, including the following:

(1) Pose and skeleton maps. Human keypoints or skeletal
representations enable precise control over the posture, move-
ment, and interaction relationships of characters or creatures
(Shi HY et al., 2022; Ju et al., 2023). Such signals provide a
structural foundation for narrative composition and dynamic
expression.

(2) Edge maps and line drawings. Extracted edges or
manually drawn sketches can strictly constrain object contours,
shapes, and major structural lines within the image, ensuring
that the generated content closely aligns with the intended
composition (Zhang TY et al., 2024; Shi WY et al., 2025).

(3) Depth maps. Depth information provides explicit
guidance on the spatial organization of the scene, enabling
clear control over foreground and background layers. This
facilitates the representation of perspective relationships and
enhances the perceived three-dimensionality of the generated
imagery.

(4) Semantic segmentation maps. Semantic labels are as-
signed to different regions of the image (e.g., sky, human, build-
ing, and tree), allowing precise control over the spatial layout,
positioning, and relative scale of different object categories
within the scene (Tan ZT et al., 2021).

(5) Reference-based style or structural transfer. The
stylistic characteristics or compositional structures of a ref-
erence image can be extracted and transferred to newly gener-
ated content, enabling the imitation or inheritance of stylistic
elements, color palettes, or layout patterns.

These control signals can be applied individually or flex-
ibly combined to form multi-level and multidimensional con-
straints. Through such mechanisms, artists are able to explore
the generative space within a more predictable and guided
framework, where serendipitous outcomes are increasingly sit-
uated within rational planning. This capability allows artists
to more effectively address challenges such as multi-object lay-
out, detail consistency, and overall semantic coherence in com-
plex scenes, gradually converging toward their original creative
intentions.

Conditional generative models (e.g., ControlNet (Zhang
L et al., 2023) and T2I-Adapter (Mou et al., 2024)) provide
feasible pathways to incorporate such structured signals. To
provide a more intuitive visual illustration, we present sev-
eral generation examples in Fig. 3 to demonstrate some of the
image-conditioned generation capabilities supported by Con-
trolNet. However, a central challenge remains: how to handle
multi-object layout, consistency, and semantic coherence in a
smooth and user-friendly way.

This stage directly relates to the core controllability chal-
lenge of the system: how can multimodal control signals enable
generative models to produce more reliable and interpretable
outputs? The issue is particularly critical in complex and
narrative-rich artistic scenarios.

3. Aesthetic refinement. The final value of an artwork
is often expressed through the subtlety of its stylistic quali-
ties and the coherence of its formal presentation. Once the
composition is established, this stage focuses on refining color
schemes, stylistic consistency, and the realism of local struc-

Canny

Pose

Scribble

Fig. 3 Illustration of two sets of generated results for
each of the different image conditions (Canny edges, hu-
man pose, and hand-drawn sketches from top to bottom)
from ControlNet. On the left side of each example is the in-
put control image, and on the right is the image generated
based on the corresponding condition. It can be seen that
ControlNet supports control with various structural inputs
while still producing high-quality images

tures. Artists leverage AI systems to perform color transfer,
style transfer, image inpainting or outpainting, detail enhance-
ment, and edge relation optimization. These refinements are
realized through a series of interactive editing operations, al-
lowing artists to adjust and perfect the artwork iteratively
(Huang YK et al., 2025) with the following approaches:

(1) Local redrawing and inpainting. Specific regions of an
already generated image (e.g., facial details, object textures,
or background elements) can be selectively masked and regen-
erated. This allows artists to correct artifacts, enrich local
details, or replace undesired content while maintaining visual
coherence with the surrounding context (Ju et al., 2024; Wang
RC et al., 2024; Xu ZY et al., 2025).

(2) Global outpainting. Based on the existing content
and stylistic characteristics of an image, the system can ex-
tend the canvas outward and generate additional visual con-
tent. This enables seamless scene completion or aspect-ratio
adjustments, providing greater flexibility for compositional re-
finement (Zhang SF et al., 2024).

(3) Global stylization. Deep learning-based style transfer
filters can be applied to impose specific artistic styles (e.g.,
oil painting, watercolor, or cartoon aesthetics) or emulate the
characteristic brushwork of particular artists. Such transfor-
mations can be applied globally or locally to reinforce stylistic
consistency across the image (Wang HF et al., 2024).

(4) Resolution enhancement and detail amplification.
Super-resolution models and detail synthesis methods can in-
crease the physical resolution of an image while intelligently
introducing or strengthening plausible fine-grained textures,
such as skin microstructures, fabric weaves, or leaf veins. This
ensures that the artwork maintains clarity and realism even
when enlarged.

Through iterative application of these techniques, artists
can progressively transform an initially “approximately
correct” generated draft into a refined final piece. This process
allows the artwork to gradually meet the creator’s expectations
in terms of stylistic coherence, color expressiveness, textural
realism, and overall completion quality, ultimately elevating it
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to a state suitable for presentation and dissemination.
As artistic aesthetics are inherently subjective and di-

verse, there is currently no unified standard for quantifying
the “aesthetic quality” of generative digital visual art. This
gap has prompted the convergence of human preference mod-
eling and automated aesthetic prediction metrics—together
offering more robust and reproducible evaluation methods to
guide interactive refinement. The challenges in this stage are
directly tied to aesthetics, as the objective is not merely to
achieve visual realism but to realize the expressive integrity of
an artistic form.

4. Mediated dissemination. The lifecycle of an artwork
does not end at its initial creation but extends into the
complex dynamics of mediated dissemination. Within the
“text–image–platform” ecosystem, artworks undergo reinter-
pretation, reframing, and recombination, with their mean-
ing progressively established through textual anchoring (ti-
tles and captions) and narrative transmission (sequencing and
commentary).

For works produced via human–AI collaboration, this
stage raises profound socio-technical questions, such as am-
biguous authorship in copyright determination and the need
for provenance tracking to document the history of generation
and editing. Addressing these issues requires AI systems to in-
corporate watermarking, blockchain technologies, and content
authenticity verification into the creative workflow, thereby
extending the interactive feedback loop into ethical and infras-
tructural dimensions.

Thus, this final stage closely links the artistic lifecycle
with regulatory and ethical considerations, establishing the
foundation for the responsible application of generative AI in
cultural production.

In summary, in this section, we have introduced four
stages of the interactive artistic image creation workflow. As
shown in Table 1, the pipeline systematically progresses from
multimodal ideation, through progressive generation and aes-
thetic refinement, to mediated dissemination, forming a co-
herent end-to-end creation paradigm. Each stage is charac-
terized by distinct user input modalities, task objectives, and
technical focuses, ranging from concept formation and struc-

ture construction to aesthetic enhancement and final content
dissemination.

3 Challenges

As AI continues to penetrate the domain of artistic cre-
ation, understanding model capabilities alone is no longer suf-
ficient. To move beyond the limitations of basic functionality,
it is essential to simultaneously account for cutting-edge re-
search progress and the practical needs of creative industries.
Against this backdrop (as shown in Fig. 4), we identify three
key challenges at the intersection of AI and the arts: con-
trollability (the precise transmission and dynamic adaptation
of multidimensional, cross-modal human intent), integrity (the
scientific understanding, systematic mining, and compliant ap-
plication of visual art heritage across cultures), and creativity
(the integrative and original generation of image-based art-
works that align with human aesthetic consensus and emo-
tional resonance). We further examine the inherent tensions
among these three challenges and explore how they shape the
future trajectory of AI-driven artistic creation. Table 2 sum-
marizes our analysis and key findings regarding controllability,
integrity, and creativity.

3.1 Controllability: accurate conveyance and
dynamic adaptation of human multidimensional
cross-modal intentions

In generative visual systems, controllability refers to the
ability of a model to generate or edit visual content according to
user-provided conditions. Unlike general image quality or text–
image alignment, controllability concerns whether users can
explicitly influence specific aspects of the generation process
and obtain predictable modifications. This capability becomes
increasingly important for interactive creation, where users
iteratively refine composition, semantics, structure, and local
details rather than relying solely on text prompts (Hertz et al.,
2022; Pan XG et al., 2023; Zhang L et al., 2023).

Existing research identifies three fundamental aspects
of controllability. First, condition fidelity refers to whether

Table 1 An overview of four stages of the interactive artistic image creation workflow

Stage Multimodal ideation Progressive generation Aesthetic refinement Mediated dissemination

Sub-task
Inspiration elicitation;
intent externalization

Layout control;
pose control;

structure-constrained rendering

Inpainting;
outpainting;

style unification

Provenance;
attribution;

release compliance

User input modality
Text;

reference image;
sketch

Pose;
edge;
depth;
mask

Goal Concept formation Structure creation Aesthetic quality
Artwork dissemination;

cultural production

Key challenge Semantic alignment
Reliability;
consistency

Subjective evaluation Authorship

Representative
method

Prompt engineering ControlNet
Interactive editing

operations
Watermarking

Evaluation cue
Semantic alignment;

user satisfaction
Control fidelity;

consistency

Edit locality;
style coherence;

preference

Watermark detectability;
traceability;

policy compliance
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Table 2 Compact comparison of controllability, integrity, and creativity

Challenge Metric Case Strength Limitation & trade-off

Controllability

CLIPScore (alignment);
IoU/mIoU (structure);
locality; multi-turn
consistency

ControlNet;
Prompt-to-Prompt;
DragGAN; GANPaint

Structured control;
layout/pose editing;
predictable steering

Reduced exploration;
creativity trade-off;
over-constrained edits;
prior-dependent

Integrity

Provenance (watermark,
metadata); fairness/bias;
cultural audit; style
similarity

C2PA; bias audits; Glaze;
cultural analysis

Traceability; compliance;
fairness awareness; artist
protection

Non-unified metrics;
usability trade-off;
reduced flexibility; limits
reuse

Creativity
FID/IS/KID; human

preference; editing
benchmarks; user studies

SketchRNN; GANCollage;
LatentCreative

Exploration; variation;
ideation support;
co-creation

Hard to quantify; output
bias; control trade-off;
integrity constraints

IoU: intersection over union; mIoU: mean intersection over union; IS: inception score; KID: kernel inception distance

Controllability

Integrity Creativity

Dynamic
balance

zone

Fig. 4 Illustration of three core challenges, i.e., control-
lability, aesthetic quality (creativity aspect), and integrity,
and their intricate triangular check-and-balance relation-
ships in an intelligent interactive art creation workflow

generated outputs accurately follow external guidance, includ-
ing textual descriptions, sketches, poses, depth information,
and semantic layouts (Zhang L et al., 2023; Zhao SH et al.,
2023). Second, targeted modification and preservation describe
the ability to introduce desired changes to specific attributes,
regions, or concepts while preserving unrelated visual content,
such as identity, structure, and style (Bau et al., 2019; Hertz
et al., 2022; Pan XG et al., 2023). Third, iterative consistency
concerns whether user intentions and previously established
visual elements can be maintained during successive genera-
tion and editing steps. This property is particularly important
in multi-turn generation and editing scenarios, where models
must adapt to new instructions while avoiding semantic drift
and unintended changes across interactions (Cheng et al., 2024;
Wang ZY et al., 2024).

Accordingly, controllability in interactive visual art cre-
ation can be understood as the capability of generative systems
to translate human intentions into controllable generation and
editing operations while maintaining semantic and visual con-
straints (Hertz et al., 2022; Pan XG et al., 2023; Zhang L et al.,
2023; Cheng et al., 2024).

3.1.1 Precise conditional control

A fundamental challenge of controllable visual generation
is enabling models to accurately follow diverse user-provided
conditions (Zhang L et al., 2023; Zhao SH et al., 2023). Early
text-to-image systems primarily relied on textual prompts as
high-level semantic guidance; however, artistic creation often
requires more explicit control over spatial structures, object ar-
rangements, poses, and visual attributes. Consequently, recent
research has explored additional conditioning signals, includ-
ing sketches, edge maps, depth information, human poses, and
semantic segmentation layouts, to provide more precise guid-
ance beyond natural language descriptions (Li YH et al., 2023;
Mou et al., 2024).

One major challenge in precise conditional control is the
alignment between heterogeneous conditions and the generated
visual content. Different modalities represent user intentions
at different abstraction levels: text typically conveys semantic
concepts, while sketches, layouts, and structural maps provide
spatial constraints (Huang LH et al., 2023; Zhang L et al.,
2023). When multiple conditions are jointly applied, conflicts
may occur because different modalities can provide inconsis-
tent or competing guidance. Existing approaches address this
issue through mechanisms such as modality-specific attention
alignment, adaptive condition weighting, and multi-stage con-
ditioning strategies, which aim to balance semantic informa-
tion and structural constraints during generation (Hertz et al.,
2022; Rombach et al., 2022; Hu et al., 2023).

Despite substantial progress, precise conditional control
remains challenging because stronger adherence to external
constraints does not always guarantee visually coherent or aes-
thetically desirable results (Rezwana and Maher, 2023; Zhang
L et al., 2023; Zhao SH et al., 2023). For example, enforcing
strict structural conditions may limit the flexibility of gener-
ation, while weak constraints may lead to semantic drift or
insufficient control. Therefore, effective controllable genera-
tion requires not only following individual conditions, but also
balancing different forms of guidance according to the require-
ments of the creative task.

3.1.2 Human–AI interaction and workflow adaptation

Beyond the ability to follow conditions, controllable visual
systems must support effective interaction between human cre-
ators and generative models. In artistic workflows, users rarely
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provide a complete specification at the beginning; instead, they
progressively explore ideas, evaluate intermediate results, and
refine outputs through repeated interactions. Therefore, con-
trollability depends not only on generation accuracy, but also
on whether users can understand, adjust, and revise model be-
haviors during the creative process (Frich et al., 2019; Rezwana
and Maher, 2023).

Recent interactive generation systems have moved beyond
prompt-only interfaces by incorporating multimodal interac-
tion mechanisms, including sketches, masks, point-based ma-
nipulation, and structured editing operations (Avrahami et al.,
2022; Pan XG et al., 2023). These interfaces allow users to di-
rectly express spatial or semantic intentions that are difficult
to describe through language alone. Studies on human–AI
co-creative systems suggest that effective interaction requires
users to maintain a sense of agency, receive interpretable feed-
back, and iteratively refine outputs rather than repeatedly re-
generate images through trial and error (Shneiderman, 2022).

The integration of generative models into existing cre-
ative workflows further introduces challenges in maintaining
consistency between user actions and system responses. Prac-
tical tools increasingly adopt interactive editing paradigms,
where generation and modification are combined into a con-
tinuous process rather than isolated operations. For example,
instruction-based editing and direct manipulation approaches
demonstrate that controllable systems can better support cre-
ative workflows when users can selectively modify generated
content while preserving previously accepted results (Hertz
et al., 2022; Pan XG et al., 2023). Thus, human–AI interac-
tion in visual creation requires not only controllable generation
techniques, but also interfaces and workflows that enable effi-
cient communication of intent and incremental refinement.

3.1.3 Generation consistency: spatial, temporal, and
multi-turn

Maintaining consistency during generation and editing
is essential for interactive visual creation, where users often
expect modifications to preserve previously established con-
tent. At the spatial level, consistency requires that different
regions within an image remain coherent in terms of identity,
structure, and visual style, while local edits should avoid un-
intended changes to unrelated areas. Image editing studies
demonstrate that preserving non-target regions during mod-
ification remains a key challenge for controllable generation
systems (Hertz et al., 2022; Mokady et al., 2023).

Beyond individual images, temporal consistency becomes
critical in applications such as visual storytelling, animation,
and video generation. Generated sequences must maintain sta-
ble identities, environments, and stylistic characteristics across
frames. Early research on story-based image generation high-
lighted the importance of maintaining both local image coher-
ence and global narrative consistency, while subsequent video
generation studies further investigated mechanisms for preserv-
ing object appearance and motion continuity across time (Li
YT et al., 2019; Blattmann et al., 2023; Wu JZ et al., 2023).

Multi-turn interaction introduces an additional consis-
tency requirement because users progressively refine their in-
tentions through successive instructions. In such scenarios,
the system must incorporate new modifications while preserv-

ing previously confirmed elements and avoiding accumulated
semantic drift. Recent studies on interactive image genera-
tion show that models may fail to maintain subject attributes
or contextual information across multiple turns, motivating
approaches that incorporate dialogue history and contextual
representations for more consistent generation (Cheng et al.,
2024; Wang ZY et al., 2024; Yang ZY et al., 2024).

Therefore, generation consistency extends controllability
from single-step condition following to long-term interaction.
A controllable visual system should not only respond to current
user inputs, but also maintain the continuity of visual content
and user intentions throughout iterative generation and editing
processes.

3.2 Integrity: cultural fidelity, rights
protection, and responsible application

Integrity is a prerequisite for the sustainable development
of interactive AI art. It concerns two overarching goals: pre-
serving the cultural and representational foundations of human
visual art and ensuring that generative systems are used in a
traceable, fair, and rights-compliant manner. Operationally,
these goals involve four coupled dimensions. Cultural integrity
concerns whether artistic symbols, styles, and conventions are
represented with sufficient contextual fidelity; representational
integrity concerns whether generated outputs avoid systematic
demographic distortion and harmful stereotypes; provenance
integrity concerns whether the origin and editing history of an
artwork can be reliably traced; rights-related integrity concerns
unauthorized reproduction, training-sample memorization, au-
thorship, and artist-specific style mimicry. These dimensions
are particularly important in interactive creation, where im-
ages are repeatedly generated, edited, recombined, and dis-
seminated across different platforms (Coalition for Content
Provenance and Authenticity, 2024; AlDahoul et al., 2025;
U.S. Copyright Office, 2025a; Vice et al., 2026).

3.2.1 Cultural and representational integrity

Improving cultural integrity requires coordinated inter-
vention at the data, representation, knowledge, and governance
levels. At the data level, Western-art-centered collections
should be supplemented with geographically, historically, and
linguistically diverse images, art-historical documents, creative
contexts, and community interpretations, since current text-
to-image models exhibit substantial disparities in representing
culturally specific architecture, clothing, food, and implicit cul-
tural expectations (Bayramli et al., 2025; Nayak et al., 2025).
At the representation and knowledge levels, multimodal mod-
els, art-historical ontologies, and knowledge graphs can connect
visible properties—including materials, composition, iconog-
raphy, and brushwork—with historical conditions, aesthetic
principles, and symbolic meanings. Because such structures
may reproduce exclusions and classificatory assumptions of
their sources, they should preserve attribution, uncertainty, al-
ternative interpretations, and community-specific terminology
rather than presenting culture as a fixed canonical taxonomy.

These technical measures should be complemented by par-
ticipatory practices in which artists, curators, historians, an-
thropologists, tradition bearers, and represented communities
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contribute to data selection, annotation, concept definition,
and output review. This approach is consistent with UNESCO
frameworks requiring the participation of communities that
create and transmit living heritage and recommending multi-
cultural and inclusive assessment throughout the AI life cycle
(UNESCO, 2003, 2021). Cultural integrity therefore cannot
be established solely through visual similarity or benchmark
optimization, particularly because automatic evaluation met-
rics remain weak proxies for human judgments of explicit and
implicit cultural expectations (Nayak et al., 2025).

Representational integrity extends this concern to demo-
graphic and social portrayals. Text-to-image systems can re-
produce associations involving gender, race, age, authority,
and occupation, as demonstrated by open-set and occupation-
oriented audits of contemporary generators (D’Incà et al.,
2024; Klassert et al., 2026). However, the magnitude and
direction of measured bias depend on the model, prompt lan-
guage, sampling procedure, and demographic classifier. Claims
of amplification require particular caution, because apparent
gender–occupation amplification can decrease substantially af-
ter distributional differences between training captions and
evaluation prompts are controlled (Seshadri et al., 2024).
Quantitative measures of representation, diversity, stereotypes,
and group-conditioned reliability should therefore be com-
bined with curator review, community audit, and contextual-
appropriateness assessment.

3.2.2 Provenance, authorship, and rights-related integrity

Rights-related integrity concerns the provenance of train-
ing data, the reproduction of protected expression, and the con-
ditions under which artist-specific materials are used. Because
web-scale corpora often obscure individual sources, licenses,
and rights reservations, the legality of training depends on ju-
risdiction, applicable exceptions, licensing arrangements, and
case-specific facts rather than on data collection alone (U.S.
Copyright Office, 2025b; Royal Courts of Justice, 2025; United
States District Court for the Northern District of California,
2026). Nevertheless, experiments extracting training examples
from diffusion models demonstrate that near-duplicate repro-
duction and prompt-triggered memorization are measurable
risks rather than merely hypothetical concerns (Carlini et al.,
2023; Chen C et al., 2024; Ma et al., 2025). Rights-related
evaluation should consequently distinguish general stylistic or
semantic learning from dataset duplication, memorized repro-
duction, and substantial similarity to particular sources.

Artist-specific style imitation is related to, but distinct
from, the reproduction of protected works. Although stylis-
tic similarity alone does not automatically establish copyright
infringement, artist-specific fine-tuning can affect consent, at-
tribution, professional identity, and market substitution, moti-
vating defensive mechanisms such as style cloaking (Shan et al.,
2023). Accordingly, style mimicry should be assessed through
artist-centered and market-contextual evidence without treat-
ing every instance of stylistic influence, reference, or homage
as legally equivalent.

Authorship likewise requires a contribution-specific anal-
ysis. U.S. law requires human authorship and excludes works
identified as autonomously generated by a machine, as af-
firmed in Thaler v. Perlmutter (United States Court of Ap-

peals for the District of Columbia Circuit, 2025). AI-assisted
works may nevertheless receive protection when humans de-
termine sufficiently expressive elements through selection, ar-
rangement, modification, compositing, or other creative con-
tributions, whereas prompts alone will not ordinarily establish
authorship of the resulting expression (U.S. Copyright Office,
2025a). Workflow records can make these human and ma-
chine contributions more identifiable, but they provide evi-
dence for, rather than automatically determine, authorship
and ownership.

Provenance technologies make parts of this workflow in-
spectable. Coalition for Content Provenance and Authenticity
(C2PA) content credentials can cryptographically bind asser-
tions about origin, ingredients, and modification history to an
asset, while fingerprints and watermarks can support recov-
ery after metadata loss (Coalition for Content Provenance and
Authenticity, 2026b). Their evidentiary scope remains limited:
they verify the association and integrity of recorded assertions,
not their completeness, factual truth, legality, fairness, or cul-
tural appropriateness (Coalition for Content Provenance and
Authenticity, 2026a). Provenance robustness should therefore
be assessed through manifest validity, edit-chain completeness,
signer trust, metadata survival, and recovery capability, in
combination with licensing records, memorization analysis, and
artist-centered review.

3.2.3 Governance and multidimensional evaluation

Regulatory frameworks increasingly translate selected in-
tegrity concerns into life-cycle obligations. The European
Union (EU) requires general-purpose AI providers to maintain
a copyright-compliance policy and publish a summary of train-
ing content, while China requires explicit and implicit labels
in specified generation and dissemination contexts (European
Union, 2024; Cyberspace Administration of China, 2025; Eu-
ropean Commission, 2025). U.S. policy and case law similarly
distinguish copyrightability, human authorship, and the legal-
ity of generative-AI training (U.S. Copyright Office, 2025a,
2025b; United States Court of Appeals for the District of
Columbia Circuit, 2025). These frameworks collectively sup-
port greater transparency and traceability, but their different
legal bases, scopes, and enforcement mechanisms should not
be presented as interchangeable.

Integrity should consequently be evaluated as a structured
profile rather than a single scalar score. Provenance metrics
assess origin and edit-history claims; fairness audits assess de-
mographic distributions, stereotypes, and group-conditioned
reliability; cultural review assesses historically situated mean-
ing; rights-related analysis assesses licensing, reproduction,
memorization, and mimicry. These dimensions are not directly
commensurable: a system may preserve valid provenance while
producing stereotypes, or improve demographic diversity while
introducing historical inaccuracies (Wan et al., 2024a). Eval-
uation should therefore report at least provenance robustness,
demographic fairness and reliability, cultural-context appro-
priateness, and rights-related reproduction and mimicry risks,
together with their uncertainty and responsible reviewers.

This profile should include evidence concerning the fi-
nal image as well as the data, inputs, human edits, model
changes, review, and dissemination. Integrity safeguards may
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strengthen accountability but can also impose documentation
burdens, visual perturbations, latency, or creative restrictions.
Their protective effects and costs to controllability, accessi-
bility, and exploratory creation should therefore be evalu-
ated explicitly. Where living heritage is involved, the ac-
ceptable balance should be determined with the participation
of represented communities rather than exclusively through
developer-defined or aggregate benchmark criteria (UNESCO,
2003, 2021).

Perceived creativity depends partly on whether audiences
attribute meaningful intention and creative agency to the pro-
cess that produced the work. Experimental studies show that
identical or comparable works tend to receive lower evalua-
tions when attributed to AI, particularly in perceived creativ-
ity, sensitivity, awe, and aesthetic value (Chamberlain et al.,
2018; Agudo et al., 2022; Millet et al., 2023). These effects are
not determined by visual form alone: they are moderated by
viewers’ beliefs about whether creativity is a uniquely human
capacity and by the degree of intentional agency they attribute
to the creator (Jucker et al., 2014; Millet et al., 2023).

Another important artistic challenge concerns emotional
resonance. Artistic interpretation is often shaped not only
by visible form but also by contextual information concerning
the artist, production process, intended meaning, and histor-
ical setting (Leder et al., 2004; Jucker et al., 2014; Darda
and Chatterjee, 2023). Contemporary image generators, by
contrast, produce outputs by sampling from learned statistical
representations conditioned on prompts or other inputs rather
than by drawing on autobiographical experience in the human
sense (Ho et al., 2020; Rombach et al., 2022). This difference
contributes to the perception that AI-generated art lacks emo-
tional depth or expressive intention, especially when viewers
are explicitly informed of AI authorship (Agudo et al., 2022;
Millet et al., 2023).

Emotional responses to AI art should nevertheless be eval-
uated empirically rather than assumed to be impossible. In
a 2 × 2 experiment, Demmer et al. (2023) found that view-
ers reported emotions and attributed intentionality to both
computer- and human-created artworks, although the actu-
ally human-created works elicited stronger reported emotions
under the tested conditions. Taken together, these findings
support a relational account in which emotional resonance
emerges from the interaction among the perceptual proper-
ties of an artwork, viewers’ expectations and prior beliefs, and
contextual information about authorship and intention (Leder
et al., 2004; Demmer et al., 2023; Millet et al., 2023).

3.3 Creativity: fusion-based innovation, human
perception, and evaluation

Creativity is a central objective of interactive AI art sys-
tems, but it should not be equated with visual fidelity, prompt
compliance, or stylistic novelty alone. A widely adopted def-
inition characterizes creativity as the production of outcomes
that are both original and effective, where effectiveness may in-
volve usefulness, appropriateness, or value within a particular
context (Runco and Jaeger, 2012). This definition is especially
relevant to AI-assisted art: an unexpected image is not neces-
sarily creative if its novelty results from incoherence or error,

while a technically polished imitation may remain insufficiently
original. Creativity in interactive generation should therefore
be understood as a situated property involving the generated
artifact, human creative process, and social interpretation of
the result (Rhodes, 1961; Amabile, 1982).

3.3.1 Technological perspective: quantifying artistic value and
enabling cultural fusion

A central technological challenge is that commonly used
automatic metrics capture only partial aspects of artistic cre-
ativity. Fréchet inception distance (FID) estimates distri-
butional similarity between generated and reference images
(Heusel et al., 2017); CLIPScore measures compatibility be-
tween an image and a textual description (Hessel et al., 2021);
preference datasets such as the Pick-a-Pic model comparative
user choices (Kirstain et al., 2023). These measures can provide
evidence about realism, distributional coverage, text–image
alignment, or aggregate preference. However, none directly
determines whether an artwork is simultaneously original, co-
herent, meaningful, and contextually valuable. Comparative
studies further show that rankings produced by generative-
model evaluation metrics can diverge substantially from hu-
man judgments (Stein et al., 2023). Automatic metrics should
therefore be treated as complementary diagnostic instruments
rather than stand-alone measures of artistic creativity.

Human evaluation remains necessary because judgments
of creativity depend on disciplinary conventions, audience
knowledge, and the purpose of the creative task. The con-
sensual assessment technique evaluates creativity through in-
dependent judgments by domain-relevant experts instead of
relying on a universal formal definition (Amabile, 1982). The
creative product semantic scale (CPSS) similarly separates
product creativity into novelty, resolution, and elaboration–
synthesis, showing that originality and technical or conceptual
appropriateness are distinguishable dimensions (O’Quin and
Besemer, 1989). These methods provide stronger conceptual
grounding than evaluations based only on attractiveness or
realism, although their dependence on human judges makes
repeated and large-scale assessment comparatively demanding.

Beyond quantification, a second technological challenge
concerns the support of meaningful conceptual and cultural fu-
sion. Boden (2004) described combinational creativity as the
production of new ideas through unfamiliar combinations of
existing concepts. In culturally situated generation, however,
meaningful combination requires more than placing recogniz-
able motifs from different traditions in the same image. Cul-
tural coherence may depend on relationships among symbols,
materials, colors, compositional conventions, ritual functions,
and historical contexts.

Recent benchmarks provide empirical evidence for this
limitation. CULTDIFF finds that text-to-image models fre-
quently fail to reproduce culturally specific artifacts in cat-
egories such as architecture, clothing, and food, with more
pronounced limitations for underrepresented regions (Bayra-
mli et al., 2025). CulturalFrames similarly reports substantial
failures in satisfying explicit and implicit cultural expectations
and finds that existing automatic metrics correlate poorly with
human judgments of cultural alignment (Nayak et al., 2025).
Consequently, an image that combines Dunhuang imagery with
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Cyberpunk elements should not be considered creative merely
because both visual vocabularies are recognizable. Its creativ-
ity also depends on whether the relationship between those vo-
cabularies is visually intelligible, conceptually motivated, and
culturally defensible.

Structured cultural knowledge offers a possible, although
not yet conclusive, response to this problem. Art-specific
knowledge graphs have been used to encode relationships
among artists, artistic schools, historical periods, and other
attributes, improving classification and cross-modal retrieval
in automatic art analysis (Garcia et al., 2019). Retrieval-
based grounding can likewise improve the representation of
underrepresented cultural concepts. Culture-TRIP, for exam-
ple, retrieves contextual and visual information about cultur-
ally specific concepts and iteratively refines prompts; its user
study reports improved alignment between generated images
and underrepresented culture nouns (Jeong et al., 2025).

These findings support the narrower claim that explicit re-
lational knowledge can improve contextual grounding. They do
not yet demonstrate that knowledge graphs, retrieval systems,
or prompt-refinement methods can autonomously produce cul-
turally meaningful artistic innovation. Whether such repre-
sentations can support novel relationships between cultural
elements without simplifying, decontextualizing, or stereotyp-
ing their source traditions therefore remains an open research
problem.

3.3.2 Artistic perspective: audience perception and
emotional resonance

From an artistic perspective, creativity is not determined
exclusively by the formal properties of the generated image.
Judgments of artistic value are also influenced by what audi-
ences believe about the creator, the creative process, and the
intentions behind the work. Experiments in art perception
show that contextual information about an artist’s intentions
can change how viewers interpret and evaluate an artwork
(Jucker et al., 2014). The perceived presence of intention
therefore contributes to artistic reception even when the visi-
ble properties of the artifact remain unchanged.

Studies comparing human- and AI-attributed art provide
further evidence for this effect. AI authorship labels can re-
duce evaluations of creativity, aesthetic value, or emotional
significance even when the visual stimulus is held constant
or closely controlled (Chamberlain et al., 2018; Millet et al.,
2023). These effects are not uniform, however. They vary ac-
cording to viewers’ prior beliefs about machine creativity, their
attitudes toward human uniqueness, and the formal qualities
of the artwork. It is therefore more accurate to conclude that
the reception of AI-generated art is partly mediated by per-
ceived human intention, effort, and agency than to claim that
audiences categorically reject AI authorship.

The emotional value of AI-generated art requires similar
qualification. Contemporary generative models learn statisti-
cal regularities from training data and do not possess autobi-
ographical experience or artistic intention in the ordinary hu-
man sense. Nevertheless, the absence of human-like subjective
experience does not imply that their outputs cannot produce
emotional responses. Controlled studies report emotional and
intentionality-related responses to both human- and computer-

generated artworks, while also identifying differences in the
strength of those responses and in the intentions attributed to
their creators (Demmer et al., 2023).

Emotional resonance should therefore be understood re-
lationally rather than as an intrinsic property guaranteed by
either human or machine authorship. It emerges through the
interaction among the formal properties of the artifact, the
viewer’s interpretation, contextual information about its pro-
duction, and the role attributed to human collaborators. For
interactive AI art systems, this means that preserving visi-
ble human choices, revisions, and intentions may affect not
only the user’s sense of authorship but also the way in which
audiences interpret the resulting work.

3.3.3 Evaluation perspective: creative products and human
creative processes

A defensible evaluation framework should distinguish the
creativity of the resulting product from the system’s support
for the human creative process. At the product level, eval-
uation can combine the general criteria of originality and ef-
fectiveness (Runco and Jaeger, 2012) with the CPSS dimen-
sions of novelty, resolution, and elaboration–synthesis (O’Quin
and Besemer, 1989). Novelty concerns the extent to which
the work departs from familiar solutions; resolution concerns
whether the work functions coherently in relation to its pur-
pose; elaboration–synthesis concerns how successfully its ele-
ments are integrated into a complete and intelligible artifact.

For fusion-based AI art, these product dimensions should
be supplemented by relational coherence. This criterion asks
whether combined elements establish a perceptible concep-
tual, stylistic, or cultural relationship rather than merely co-
occurring in the same composition. Under this framework, un-
usual visual noise would not qualify as creative simply because
it is statistically novel, and a polished reproduction would
not qualify merely because it is coherent. A persuasive cre-
ative product must balance difference with intelligibility and
contextual appropriateness. Automatic measures of diversity,
alignment, and realism may supplement this assessment, but
they cannot replace context-sensitive human judgment (Stein
et al., 2023; Nayak et al., 2025).

Product evaluation alone, however, cannot determine
whether an interactive system supports human creativity.
Rhodes’s distinction among person, process, product, and press
indicates that creativity involves not only an artifact but also
the individual, the acts through which it is produced, and
the surrounding social environment (Rhodes, 1961). Corre-
spondingly, the evaluation of computational co-creative sys-
tems should specify who or what is being evaluated, when the
evaluation takes place, which aspects of the interaction are
considered, and whose judgment provides the evidence (Maher
et al., 2018).

Relevant process-level evidence includes the range of al-
ternatives explored, the diversity of generated directions, the
extent and direction of revision, and the user’s ability to reject,
appropriate, or substantially transform system suggestions. It
should also examine whether the users retain decision-making
agency and can identify the resulting work as an expression
of their own creative intentions. These dimensions distinguish
a system that merely produces an impressive image from one
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that supports exploration, reflection, revision, and sustained
creative inquiry.

This distinction is particularly important because genera-
tive assistance can facilitate ideation while also constraining it.
In a controlled visual-ideation study, exposure to generative-
AI examples increased design fixation and was associated with
fewer, less varied, and less original ideas (Wadinambiarachchi
et al., 2024). This result should be interpreted within the spe-
cific experimental task and should not be generalized to every
form of AI-assisted creation. Nevertheless, it demonstrates
that polished outputs and rapid generation are insufficient ev-
idence of creativity support. An interactive system should
also be evaluated according to whether it expands or narrows
the user’s search space, encourages meaningful revision, and
enables departure from the model’s initial proposals.

Accordingly, creativity in interactive AI art generation is
best evaluated across three connected levels. The technological
level concerns whether the system can represent and manip-
ulate meaningful conceptual and cultural relationships rather
than optimize only fidelity or alignment. The artistic level con-
cerns how human intention, authorship, and production con-
text shape audience interpretation and emotional resonance.
The evaluation level concerns whether the resulting artifact is
original, effective, and relationally coherent and whether the
interaction supports exploration, revision, agency, and human
creative ownership. This integrated perspective avoids treat-
ing visual polish as equivalent to creativity and provides a
stronger basis for comparing systems intended not only to gen-
erate images but also to participate in human creative practice.

To further illustrate the difference in creativity between
an original artwork and AI-generated images, Fig. 5 compares
Xu Beihong’s The Foolish Old Man Removes the Mountains
with images generated by the Kling and Jimeng platforms

with the same text prompt. The original work in Fig. 5 fea-
tures varied figures, expressive gestures, and a coherent spatial
organization. The picture has distinct layers and harmonious
spatial relationships, achieving an organic integration of realis-
tic modeling and the brushwork language of traditional Chinese
ink painting.

Kling’s result in Fig. 5b retains the general theme ele-
ments of the original artwork, but shows a lower aesthetic qual-
ity, e.g., discontinuities between figures and the background,
repetitive poses, and limited stylistic consistency with the orig-
inal ink-painting language. Jimeng’s result in Fig. 5c provides
richer figure variation and stronger overall visual coherence.
However, local distortions in faces and clothing remain, and
some figure arrangements do not clearly support the narrative
of collective labor.

These examples suggest that current models can repro-
duce broad visual elements from the prompt, but may still
struggle to preserve compositional coherence, narrative rela-
tionships, and culturally specific artistic expression. The com-
parison is intended as a qualitative illustration rather than a
quantitative evaluation.

3.4 Dynamic trade-offs among controllability,
integrity, and creativity

The preceding sections have treated controllability, in-
tegrity, and creativity as distinct but complementary chal-
lenges. In interactive artistic creation, however, they are
tightly coupled. Conditions that improve the predictability of
generation may restrict exploratory variation; integrity safe-
guards may introduce constraints into user interaction and
model outputs; greater generative autonomy may increase se-
mantic drift and integrity-related risks. The objective is there-
fore not to maximize any single dimension or to identify a uni-

A panoramic group of laborers and peasants engaged in 
traditional rural work... The figures have distinct, realistic 
anatomical features and expressive faces, rendered with a 
combination of strength and earthiness. Traditional 
Chinese ink and wash painting style (Guohua), with 
characteristics of early 20th-century realism...

(a)

(b) 

(c)

Fig. 5 Comparison between Xu Beihong’s original artwork The Foolish Old Man Removes the Mountains and AI-
generated images: (a) the original Chinese ink painting; (b) an image generated by Kling; (c) an image generated by
Jimeng. Images in (b) and (c) were generated using the same text prompt derived from the original artwork
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versal optimum, but to establish a dynamic equilibrium that
varies with the creator’s intention, the stage of the creative
process, and the social and legal context of the task.

1. Controllability and creativity. Controllability enables
creators to communicate semantic, structural, and stylistic in-
tentions through prompts, sketches, layouts, masks, and other
conditioning signals (Pan XG et al., 2023; Zhang L et al., 2023;
Mou et al., 2024). Stronger conditions can improve fidelity and
support targeted modification, but excessive specification may
narrow the model’s exploration space and reduce its contribu-
tion beyond the execution of predetermined instructions. This
concern is consistent with evidence that exposure to highly
developed AI-generated examples can, under some ideation
conditions, increase fixation and reduce the variety of sub-
sequent ideas (Wadinambiarachchi et al., 2024). Conversely,
insufficient guidance can produce semantic drift, unintended
changes, and repeated trial-and-error generation, weakening
the creator’s sense of agency (Shneiderman, 2022; Rezwana
and Maher, 2023). Interactive systems should therefore rep-
resent control as a user-steerable continuum between precise
realization and exploratory variation. Multimodal conditions
should be available when fidelity is required but remain op-
tional when users seek broader ideation, while selective editing
and preservation mechanisms should allow creators to retain
accepted elements as they explore alternatives (Hertz et al.,
2022; Pan XG et al., 2023).

2. Integrity and controllability. Integrity safeguards con-
strain not only final outputs but also prompts, reference ma-
terials, editing operations, and model resources through which
users exercise control. Such safeguards are necessary for ad-
dressing representational harm, unauthorized reproduction,
provenance, and regulatory compliance (Carlini et al., 2023;
D’Incà et al., 2024; U.S. Copyright Office, 2025b; Coalition
for Content Provenance and Authenticity, 2026b). Neverthe-
less, context-insensitive restrictions can impose unnecessary
friction when culturally specific, historical, or critical subject
matter is mistaken for harmful intent. A purely restrictive
response may force benign users to repeatedly reformulate in-
puts without clarifying which aspect of their request creates
risk, thereby reducing interaction efficiency and meaningful
user control. Integrity mechanisms should consequently in-
corporate contextual and multimodal evidence, distinguish the
intended use of sensitive concepts, and communicate actionable
reasons for intervention. Where possible, systems should sup-
port revision—for example, by identifying a risky region, un-
licensed reference, or unsupported provenance claim—instead
of rejecting the entire creative request. Provenance records,
licensing information, and transparent safeguards can thereby
function as control-supporting feedback, although such evi-
dence cannot by itself determine legality, fairness, or cultural
appropriateness (U.S. Copyright Office, 2025a; Coalition for
Content Provenance and Authenticity, 2026a).

3. Integrity and creativity. Integrity also shapes the range
of expressions that a generative system can explore. Cul-
tural grounding can improve the contextual fidelity of artistic
symbols, especially for traditions that are poorly represented
in training data (Bayramli et al., 2025; Nayak et al., 2025).
However, reducing cultural integrity to a fixed collection of
approved motifs or canonical interpretations risks reinforcing

stereotypes and overlooking alternative or community-specific
meanings. Similar restrictions may arise from safety-oriented
optimization and artist-specific rights protection: they can
reduce harmful or unauthorized outputs, but they also alter
the themes, styles, and combinations available for exploration
(Shan et al., 2023; U.S. Copyright Office, 2025b). These ef-
fects should not be treated as evidence that weaker integrity
necessarily produces greater creativity. Novelty based on cul-
tural decontextualization, representational harm, or memo-
rized reproduction does not satisfy the joint requirements of
originality and contextual effectiveness (Runco and Jaeger,
2012; Carlini et al., 2023). Systems should instead distinguish
tunable creative attributes—such as cultural explicitness, ab-
straction, stylistic distance, and the intensity of cross-cultural
fusion—from non-negotiable requirements concerning rights,
provenance, and harmful content. Cultural guidance may then
support meaningful combinations without forcing every output
toward a dominant or standardized aesthetic. Participatory
review and the preservation of alternative interpretations are
particularly important when living or marginalized cultural
traditions are involved (UNESCO, 2003, 2021).

4. Toward a user-steerable and accountable equilibrium.
The triangular relationship is consequently asymmetric rather
than a simple zero-sum trade-off. High controllability does
not guarantee integrity, because precise controls may also be
used to produce biased or unauthorized content; integrity does
not require maximal user control, because it also depends on
data governance, provenance, rights management, and system-
level safeguards; high creativity does not require the com-
plete removal of constraints, because meaningful novelty de-
pends on coherence and contextual appropriateness (O’Quin
and Besemer, 1989; Runco and Jaeger, 2012). An effective
co-creative system should therefore allow users to adjust the
balance between fidelity and exploration while maintaining
transparent integrity boundaries that cannot be delegated en-
tirely to the user. Evaluation should correspondingly examine
not only final-image quality but also condition fidelity, revision
and exploration behavior, user agency, cultural and represen-
tational appropriateness, provenance robustness, and rights-
related risks (Maher et al., 2018; Nayak et al., 2025; Coalition
for Content Provenance and Authenticity, 2026a). The desired
outcome is thus a user-steerable but accountable equilibrium
in which human creators can move between precise reproduc-
tion and exploratory surprise without losing either meaning-
ful agency or the protections required for sustainable artistic
practice.

4 Comprehensive review of related
methodological frameworks

4.1 Technical foundations for interactive visual
generation

The development most relevant to interactive AI art is
not the succession of individual model families, but the transi-
tion from autonomous image synthesis to generation that can
be conditioned, revised, and incorporated into a human cre-
ative workflow. Early adversarial models demonstrated that
neural generators could synthesize visually plausible images



14 | ENGINEERING Inform Technol Electron Eng 2026 27(10):260124

from learned data distributions (Goodfellow et al., 2014), while
style-based generators showed that intermediate latent repre-
sentations could support attribute interpolation, style mixing,
and coarse-to-fine manipulation (Karras et al., 2019). Discrete
and continuous latent representations subsequently provided
compact spaces in which visual content could be encoded, re-
combined, or modeled as tokens (van den Oord et al., 2017).
Large-scale text-conditioned and latent diffusion systems ex-
tended these capabilities to open-domain image generation,
combining pre-trained language representations with iterative
visual synthesis (Ramesh et al., 2021; Saharia et al., 2022b;
Rombach et al., 2022). From the perspective of artistic inter-
action, the important consequence of this development is that
generative models increasingly expose intermediate represen-
tations and conditioning interfaces through which users can
express and revise visual intentions.

Three technical capabilities are particularly important for
interactive art creation. First, controllable representations
make aspects of an image available for manipulation without
requiring users to operate directly on pixels. StyleGAN’s inter-
mediate latent space, VQ-VAE’s discrete visual codebook, and
latent diffusion’s compressed representation illustrate different
ways of separating image generation from the full-resolution
pixel space (van den Oord et al., 2017; Karras et al., 2019;
Rombach et al., 2022). Such representations support inter-
polation, recombination, personalization, and reuse, but the
meaning of their dimensions is not automatically transparent
to artists: manipulation remains limited by the concepts and
correlations learned from training data (Higgins et al., 2017;
Karras et al., 2019). They should therefore be understood as
enabling representations rather than complete user interfaces.

Second, multimodal and spatial conditioning enables cre-
ators to express intentions that are difficult to specify through
text alone. Latent diffusion introduced cross-attention-based
conditioning that can connect visual synthesis with text and
other representations (Rombach et al., 2022), while ControlNet
adds explicit spatial guidance from edges, depth maps, segmen-
tation maps, and human poses to pre-trained diffusion models
(Zhang L et al., 2023). These mechanisms allow an artist to
combine semantic instructions with sketches, layouts, masks,
poses, or reference structures. Systems such as Cocktail further
demonstrate that several conditioning modalities can be fused
and applied to designated image regions (Hu et al., 2023). This
flexibility, however, creates a new interaction problem: simul-
taneous conditions may describe different abstraction levels or
provide partially incompatible constraints, so successful con-
trol requires mechanisms for aligning, weighting, and spatially
localizing their influence (Hu et al., 2023).

Third, local and iterative editing transforms generation
from a one-shot request into a cycle of proposal, inspection, and
revision. Prompt-to-Prompt shows that manipulating cross-
attention maps can change selected textual concepts while re-
taining much of an existing spatial layout (Hertz et al., 2022).
InstructPix2Pix instead learns to transform an input image
according to a written editing instruction without requiring
example-specific fine-tuning or inversion (Brooks et al., 2023).
Token-based methods provide another route: MaskGIT pre-
dicts masked visual tokens in parallel and then refines them
iteratively, supporting inpainting, extrapolation, and image

manipulation while reducing the sequential decoding cost of
earlier autoregressive generators (Chang et al., 2022). These
methods establish the technical basis for generate–inspect–
edit–regenerate workflows, but they do not by themselves pro-
vide a complete interaction design. PromptPaint, for example,
was motivated by the difficulty of expressing visual concepts
through language alone and demonstrated an interface in which
prompts can be mixed and applied to different canvas regions
and stages of generation (Chung and Adar, 2023). This il-
lustrates how model control must be translated into interac-
tion techniques that correspond to artists’ iterative and spatial
working practices.

Despite these advances, single-image controllability does
not guarantee persistent control across an extended creative
session. Text-guided editing research notes that even small
prompt changes may produce unintended changes outside the
requested concept, making preservation of accepted content a
distinct technical objective (Hertz et al., 2022). Multi-turn
generation introduces an additional problem: models must
preserve character identity, layout, and contextual information
while incorporating new instructions. TheaterGen identifies
semantic and subject inconsistency as central limitations of
multi-turn image generation and introduces explicit prompt
and character management to mitigate them (Cheng et al.,
2024). Thus, current systems still face interacting challenges
of condition conflict, edit locality, cross-turn memory, identity
preservation, and predictable control strength. These limita-
tions arise across model families and are better analyzed as
workflow-level problems than as properties of generative ad-
versarial networks (GANs), variational autoencoders (VAEs),
diffusion models, or autoregressive models in isolation.

The underlying architecture is therefore only one enabling
layer of an interactive artistic system. Artistic usefulness de-
pends on how representations, multimodal controls, editing
mechanisms, feedback, and interaction history are combined.
Likewise, fairness, provenance, cultural appropriateness, and
content safety cannot be inferred from the generative archi-
tecture alone: they also depend on training data governance,
alignment, filtering, interface design, and deployment policies.
Rather than assigning universal ranking to model families, we
select five representative generative models for experimental
evaluation. Among them, the open-source models include Sta-
ble Diffusion v1.5, CogView4-6B, and FLUX.1-schnell, while
the commercial models include Jimeng and Kling. We evaluate
the generative capabilities of each model from three dimen-
sions: controllability, aesthetic quality, and novelty. Specifi-
cally, we design 15 prompts covering different artistic styles and
depiction contents, and generate 5 samples for each prompt.
The average values of the evaluation results for each indicator
are calculated. For the contrastive language-image pre-training
(CLIP) similarity indicator, we use the CLIP-ViT-B/32 model
to extract the semantic embeddings of the generated images
and the corresponding prompts, and calculate the similarity
between these two to measure the semantic consistency be-
tween the generated results and the text prompts. For con-
trollability, aesthetic quality, and novelty, we use the Qwen-
VL-Plus multimodal large model to score the generated images.
The results are shown in Table 3. Stable Diffusion v1.5 achieves
the highest score in the CLIP similarity indicator, indicating
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Table 3 Quantitative comparison

Model CLIP similarity Controllability Aesthetic quality Novelty

Stable Diffusion v1.5 0.3329 0.7847 0.8040 0.6387
CogView4-6B 0.3011 0.7793 0.8193 0.6507

FLUX.1-schnell 0.3248 0.8207 0.8367 0.6627
Jimeng 0.3328 0.8842 0.8642 0.6973
Kling 0.3139 0.7833 0.8033 0.6267

A higher score indicates a better performance. The best results are highlighted in bold, while the second-best results are underlined

that its generated results have a higher semantic consistency
with the input prompts; that is, it follows the prompts more
closely. Also, Jimeng performs the best in the comprehensive
evaluation based on large models, achieving the highest scores
in controllability, aesthetic quality, and novelty, demonstrating
the most comprehensive image generation capability.

As generative models become increasingly integrated into
artistic and visual tasks, injecting structured knowledge has be-
come pivotal in enhancing their interpretability, controllability,
and expressive capacity (Lv et al., 2025; Song ZR et al., 2025).
This subsection investigates how visual knowledge representa-
tions—spanning low-level perceptual cues, mid-level structural
attributes, and high-level semantic or affective concepts as il-
lustrated in Table 4—support visual recognition and genera-
tion. We first examine how models acquire and operationalize
such knowledge, with a focus on mechanisms that learn to
capture artistic style, formal structure, and salient visual at-
tributes from curated datasets and domain-specific priors. We
then discuss methods for modeling affective information in vi-
sual content, including affective knowledge graphs, emotion
representation learning, and other techniques that enable gen-
erative models to align outputs with fine-grained emotional
intent. By integrating insights from style analysis, art inter-
pretation, and affective modeling, these approaches provide a
foundation for more robust interactions between recognition
and generation processes in visual AI systems, ultimately en-
abling models that better capture human-aligned structure and
intent.

Table 4 Knowledge tiers→controllable generation mapping

Tier Extractor Control representation

Low-level
Estimator: edge,

pose, seg, depth;
palette extractors

Maps: edge, pose,
seg, depth;
palette vectors

Mid-level: style
Style classifiers;

reference-image
encoders

Style tags/embeddings;
reference features

High-level: emotion
Emotion classifiers;

affect lexicons
graphs

Emotion vector or
discrete affect
label

Meta-knowledge
Art ontologies;

critique models;
rule engines

Scene graphs; rule
sets; critique
scores

Seg: segmentation

4.1.1 Low-level feature recognition

In computational art analysis, low-level visual features
provide pixel-space regularities that summarize an artwork’s
measurable appearance: palettes (global and local color statis-

tics), local textures (micro/macro textons), edges and con-
tours (intensity gradients), and geometry proxies such as sur-
face normals, monocular depth, and human pose keypoints.
Classical descriptors—e.g., local binary patterns for texture,
Canny-style gradients for edges, and histogram of oriented
gradients (HOG)-like contour orientation summaries—remain
useful, while modern monocular depth/normal predictors ex-
tend these cues to a coarse 3D structure. Early convolu-
tional neural network (CNN) layers are known to behave as
color/edge/texture detectors, so deep activations complement
hand-crafted features when building style-sensitive embeddings
for paintings (Canny, 1986; Ojala et al., 2002; Dalal and Triggs,
2005; Zeiler and Fergus, 2014; Ranftl et al., 2021).

These low-level cues can be distilled into structured con-
trols suited for downstream models: edge/line maps (e.g.,
Canny/line segment detector (LSD)) to capture linework and
contours; human pose keypoints (e.g., OpenPose) for figure lay-
out; semantic segmentation masks for region-wise style/texture
gating; depth (and, where available, normals) to anchor com-
position in coarse 3D. Additionally, palette vectors and com-
pact texture codes summarize color harmony and brushstroke
microstructure for appearance control (Canny, 1986; von Gioi
et al., 2010; O’Donovan et al., 2011; Long et al., 2015; Chen
LC et al., 2018; Ranftl et al., 2021).

In controllable art-generation pipelines, these signals are
injected as structural side-branches or adapters that modulate
a frozen text-to-image backbone: ControlNet adds spatial con-
ditioning paths (e.g., edges, depth, segmentation, and pose),
while T2I-Adapter supplies lightweight adapters that align ex-
ternal maps with internal features. Appearance can be steered
by palette-aware prompting or direct palette-conditioning via
palette vectors or palette-to-image modules (Bahng et al., 2018;
Zhang L et al., 2023; Mou et al., 2024).

For computational art analysis, precise control over spa-
tial layout (contours, segmentation, pose, and depth) and
palette/texture statistics enables reproducible, editable, and
deterministic workflows: analysts can isolate brushstroke ge-
ometry from color design, enforce palette constraints for com-
parative studies, and generate counterfactuals that test hy-
potheses about style, composition, or authorship—turning low-
level evidence into rigorous, controllable experiments.

4.1.2 High-level feature analysis

Early works in affective image analysis demonstrated that
psychological features such as color harmony, brightness, and
object themes correlate with the emotions evoked by images.
One seminal study introduced the ArtPhoto dataset, consisting
of 806 artistic photographs labeled with discrete emotions, and
showed that combining art-inspired features (e.g., warm/cool
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colors and composition geometry) with content descriptors
could predict viewer emotions to some extent (Machajdik
and Hanbury, 2010).

With the advent of deep learning, CNNs and vision Trans-
formers have become dominant tools for visual style recogni-
tion. Large-scale art datasets such as WikiArt have enabled
models to classify artworks by style or artist with high ac-
curacy (Tan WR et al., 2019). CNN-based classifiers have
achieved strong performance in recognizing fine-grained artis-
tic styles and genres from WikiArt images. For example,
a VGG16-based approach reached state-of-the-art results in
style recognition by learning discriminative brushstroke and
color patterns for movements such as Impressionism versus
Cubism. More recently, studies have explored Transformers
and multimodal pre-training to enhance art understanding.
The CLIP model—pre-trained on image–text pairs—has been
leveraged to perform zero-shot classification of artworks by
style, artist, and medium (Radford et al., 2021). Such multi-
modal models can match paintings to textual style descriptions
(e.g., “Baroque” and “Surrealist”) without explicit fine-tuning,
indicating that language supervision can effectively encode art-
related knowledge.

Beyond predicting style labels, research has increasingly
shifted toward explaining why an image exhibits a certain style
or evokes a specific effect—a step toward automated art criti-
cism. Explainable models integrate human-understandable at-
tributes and expert art knowledge. For example, Costa et al.
(2023) developed the explainable style classifier ANYXI, which
uses logical rules derived from art history to justify its predic-
tions. This model encodes art specialists’ knowledge of styles,
correlates it with low-level image features, and produces ra-
tionales for style classifications. Another approach represents
each style through a set of signature visual attributes—such
as color palette, stroke texture, and subject matter—allowing
semantic comparisons between styles. These representations
can power content-based art recommendation and automated
critique generation.

A notable example is Achlioptas et al. (2021)’s ArtEmis
dataset, which explores the interplay between an artwork’s vi-
sual content, its perceived emotional impact, and viewers’ free-
form explanations. ArtEmis contains 80 000 WikiArt paint-
ings annotated with a dominant emotion label and a natural-
language explanation describing why that emotion was felt.
These grounded explanations often reference subtle visual as-
pects or abstract interpretations—for example, “the gloomy
sky and muted colors give a feeling of sadness.” Training cap-
tioning models on ArtEmis enables them to generate critiques
that reflect both emotional and semantic content, going beyond
literal object descriptions. This illustrates how combining af-
fective and contextual knowledge with visual recognition allows
AI systems to engage in rudimentary “art criticism.”

Recent models have further emphasized fusing stylistic
features with high-level content to improve visual understand-
ing. Jing et al. (2023) proposed a style-guided network for emo-
tion distribution prediction in images, called StyleEDL, which
extracts hierarchical style representations and builds a stylis-
tic graph convolutional network. Their results demonstrated
that incorporating style knowledge significantly enhances the
ability to understand an artwork’s affective impact.

In addition to style analysis, visual sentiment analysis
has made significant progress. Yang JY et al. (2023) com-
piled EmoSet, a dataset of 3.3 million images annotated with
emotion categories. Each image was also labeled with inter-
pretable attributes, grounded in psychological research linking
visual characteristics to mood. Integrating these attributes
into CNN models improved emotion prediction while provid-
ing interpretable rationales—for instance, “image evokes awe
because it depicts a grand natural scene with bright colors.”

To capture subtler emotional cues, Man et al. (2025)
introduced K-EVER2, a knowledge-enhanced visual emotion
reasoning framework. This approach integrates an affective
knowledge graph derived from SenticNet and aligns visual and
textual cues with graph nodes during inference, enabling more
robust emotion classification.

The field’s frontier now extends to emotion-guided im-
age generation. Yang JY et al. (2024) proposed EmoGen,
which defines an emotion space aligned with the CLIP seman-
tic space. By mapping emotional vectors to text prompts,
EmoGen conditions diffusion models to generate images that
match intended emotional effects. Evaluations using metrics
such as emotion accuracy and semantic clarity show substantial
improvements over standard diffusion-based approaches.

4.1.3 Definition and significance of cultural genes

Cultural genes in art refer to the artistic and cultural
factors accumulated through long-term historical and artistic
practices. They encode regional and ethnic value orientations,
aesthetic preferences, stylistic conventions, and conceptual ide-
ologies. At the level of concrete artistic production, cultural
genes manifest as artistic styles, representational forms, sym-
bolic motifs, and related attributes. As cultural-level heredi-
tary factors, they exhibit stability, transmissibility, and evolv-
ability, shaping human artistic creation across generations.

In the digital-intelligence era, cultural genes can be digi-
tized, stored, transmitted, and regenerated, enabling new com-
putational workflows for generative art. Within generative AI
systems, cultural genes play three primary roles:

1. Data-level encoding of artistic cultural genes. Cul-
tural genes—embodied in historical artworks and their
interpretations—constitute a rich reservoir of human artistic
knowledge. By training on image corpora containing diverse
stylistic and cultural signatures, along with accompanying art-
historical and interpretive text, generative models can con-
struct a digitized, multicultural, and inclusive cultural-gene
repository that serves as the data foundation for controllable
generation.

2. Feature-level style understanding and construction.
Because cultural genes are relatively stable, visual features
in historical artworks (e.g., color palettes, compositions, and
brushwork) often correspond consistently to particular artistic
styles. Through multimodal feature fusion, generative mod-
els can learn these associations between visual attributes and
culture-specific semantics, enabling controllable image genera-
tion that inherits and evolves human artistic cultural genes at
the feature level.

3. Semantic-level modeling of cultural logic. Beyond style
features, cultural genes encode deeper artistic knowledge—
value systems, conceptual thinking, aesthetic principles, and
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experiential insights. These factors form a semantic network
that has guided artistic creation for centuries. Incorporat-
ing art-historical knowledge graphs allows generative models
to capture relations among cultural genes, stylistic lineages,
and cultural contexts, enabling models to generate outputs
with coherent cultural logic rather than surface-level stylistic
imitation.

4. Applications in generative art. Initial work has be-
gun integrating cultural-gene modeling into generative sys-
tems. For instance, in AI-generated content (AIGC) design for
intangible cultural heritage (ICH), models decompose visual
features of ICH motifs and assign semantic labels to estab-
lish cultural constraint rules, ensuring cultural fidelity while
supporting creative diversity (Zheng HZ, 2025). Similarly, re-
search on the cultural-gene phylogeny of Changsha kiln plant
patterns employs a dual-track framework of explicit cultural
genes (pattern, color, and decorative technique) and implicit
cultural genes (social or religious semantics) to build a struc-
tured motif lineage model that supports effective digital-era
inheritance of ICH (Cui et al., 2025).

4.1.4 Fairness and bias

1. Data and algorithmic biases. Bias in generative mod-
els is not limited to cultural symbols. Data collection and
model design can amplify societal inequalities. Wan et al.
(2024b)’s survey notes that by 2025, 90% of Internet content
may be AI-generated, and that current models exhibit severe
biases. These biases manifest along gender, race, and occu-
pation: Stable Diffusion portrays white male chief executive
officers (CEOs) leading corporations, while dark-skinned in-
dividuals are depicted as criminals or service workers. The
survey warns that such stereotypes can lead to both represen-
tational harms—misrepresenting individuals—and allocational
harms, such as discriminatory outcomes when AI is used in hir-
ing or law enforcement (Wan et al., 2024b). In a more general
context, Buolamwini and Gebru (2018)’s gender shades audit
of commercial gender-classification systems found that error
rates for classifying gender were below 0.8% for light-skinned
men but exceeded 34% for dark-skinned women. These dis-
parities show that unbalanced training data lead to inaccurate
predictions for marginalized groups, a problem that can carry
over into generative models that rely on the same corpora.

The representation of gender identity reveals another di-
mension of bias. Ungless et al. (2023) compared outputs of
three image-generation models for prompts containing cisgen-
der versus non-cisgender identity terms. They found that
non-cisgender identities were consistently misrepresented as
less human, more stereotyped, and more sexualized. Their
survey of non-cisgender individuals indicated that participants
were concerned about misrepresentation and harmful stereo-
types and called for community involvement, curated train-
ing data, and customization to mitigate these harms (Ungless
et al., 2023).

2. Fairness, diversity, and reliability. While fairness is of-
ten conflated with accuracy, Jordan Vice and colleagues argue
that it is distinct from reliability. They proposed an evalu-
ation framework that uses global and local perturbations in
the embedding space to probe model behavior. Their method
measures generative diversity, defined as the breadth of visual

representations for learned concepts, and generative fairness,
which examines how removing concepts from prompts affects
control over outputs under a low-guidance setup (Vice et al.,
2026). The framework can detect unreliable or bias-injected
models and trace the provenance of embedded biases. Im-
portantly, the authors noted that fairness and reliability are
interrelated but distinct: a model may be reliable in producing
consistent outputs yet systematically biased. They also high-
lighted the threat of backdoor or intentionally biased models,
which may require advanced detection strategies (Vice et al.,
2026).

By integrating metrics for fairness, diversity, and reli-
ability, researchers can compare models across demographic
groups, occupations, and cultures. However, Wan et al.
(2024b) cautioned that evaluation datasets and metrics are
“scattered” and that no unified framework exists. They called
for human-centric approaches to define, evaluate, and mitigate
bias (Wan et al., 2024b). Such approaches include co-designing
evaluation metrics with affected communities, using participa-
tory audits and employing intersectional analysis (considering
gender, race, class, and culture together) instead of treating
each dimension independently.

3. Fairness mitigation strategies. Mitigating fairness is-
sues requires actions along the entire model pipeline. On the
data side, developers must curate balanced datasets that in-
clude diverse demographic groups, occupations, and cultural
contexts. Data augmentation techniques can help but must
avoid reinforcing stereotypes. On the algorithmic side, re-
searchers are exploring debiasing methods such as fairness con-
straints during training, adversarial approaches that penalize
differences across protected groups, and selective fine-tuning
(e.g., selectively updating model weights to reduce bias).
Post-processing techniques, such as adjusting sampling strate-
gies or blending outputs with fairness filters, can also improve
fairness. The dialogue with the machine approach described
by Qadri et al. (2024) offers a participatory strategy, in which
artists and critics deliberately test models for bias and adjust
prompts or generation settings accordingly.

4.1.5 Cultural challenges in intelligent creative systems

1. Misappropriation and misuse of cultural symbols. Be-
cause generative models learn style and iconography from
global image collections, they can “borrow” cultural motifs
without understanding context. The exploratory study Imag-
ining the Far East: Exploring Perceived Biases in AI-Generated
Images of East Asian Women audited three popular models
(DALL·E, Midjourney, and Stable Diffusion) using prompts
about East Asian women. The researchers invited East Asian
users to review outputs and identified 18 perceived biases in
four patterns: westernization, overuse or misuse of cultural
symbols, sexualization and feminization, and racial stereo-
types (Lan et al., 2025). Participants reported that many
AI images depicted East Asian women with Western facial
features, heavy makeup, and American fashion, erasing dis-
tinct regional aesthetics. Models frequently misused cultural
elements (e.g., qipao with incorrect patterns or blending unre-
lated East Asian iconography), trivializing sacred symbols and
homogenizing diverse cultures (Lan et al., 2025). Such cultural
appropriation has legal ramifications because many indigenous
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communities consider traditional designs and religious symbols
to be collective cultural property subject to customary law.

Similar concerns appear in broader surveys. Wan
et al. (2024b) observed that geo-cultural bias remains
under-explored in text-to-image research. They noted that cur-
rent models default to Western cultures and under-represent
others, reinforcing dominant cultural narratives and poten-
tially erasing marginalized communities. A typical bias is
over-representation of white masculinity: a version of Stable
Diffusion depicted the world as being run by white male CEOs,
while dark-skinned men were portrayed committing crimes and
dark-skinned women flipping burgers. These biases create rep-
resentational harms by perpetuating stereotypes and failing to
reflect the diversity of global cultures (Wan et al., 2024b).

2. Culturally situated evaluation and art-world engage-
ment. Standard benchmarks for generative models often over-
look social and cultural contexts. Qadri et al. (2024) argued
that evaluations must be dialogic and involve multiple art
worlds. Their method proposes two dialogues: (1) “dialogues
with art worlds,” in which artists engage with art historians,
curators, and archivists to interpret generative outputs; (2)
“dialogues with the machine,” where artists and critics exper-
iment systematically with AI tools (Qadri et al., 2024). They
demonstrated this approach through a case study involving
artists from non-Western art worlds in the Persian Gulf. The
dialogues highlight how AI can reproduce biases embedded in
Western art canons and how artists can repurpose models by
adjusting prompts, style guides, or curation to align outputs
with their cultural context (Qadri et al., 2024).

Culturally situated evaluation addresses two compliance
issues. First, it helps detect cultural appropriation by compar-
ing AI-generated imagery with traditional motifs, identifying
misused or stereotyped symbols. Second, it offers a partici-
patory mechanism for communities to influence how AI tools
represent them. Qadri et al. (2024) emphasized that involving
non-Western art worlds in evaluation can help build “inclusive
machines” for diverse art practices. In legal terms, this par-
ticipatory approach supports free prior and informed consent,
a principle in international law that requires obtaining indige-
nous peoples’ consent before using their cultural expressions.
Engagement with cultural stakeholders can also inform policies
for licensing and data use agreements for culturally sensitive
content.

3. Mitigating cultural harms. Mitigation strategies
should address both the supply of training data and the gen-
eration process. On the supply side, curators need to compile
culturally diverse, ethically sourced datasets with metadata
describing context and usage restrictions. Collaborative initia-
tives with museums, indigenous communities and artists can
produce training corpora that respect cultural protocols and
avoid misappropriation. On the generation side, models can
incorporate cultural control variables or style embeddings that
allow users to specify cultural contexts transparently. Devel-
opers should implement filters that prevent the combination
of sacred symbols with unrelated elements. Finally, evaluation
metrics should measure cultural authenticity and representa-
tion rather than focusing solely on visual fidelity.

4.2 Intelligent creative systems and
interactions with AI agents

4.2.1 Milestone generative models and conditioning
paradigms

Controllable visual generation refers to the class of gen-
erative models that allow users or external inputs to steer the
image synthesis process in a desired direction. Rather than
producing images arbitrarily, these models accept condition-
ing signals—such as class labels, text descriptions, semantic
masks, poses, or sketches—and generate images that satisfy
those conditions. Early approaches to controllable generation
were based on GANs. For example, conditional GANs ex-
tended the GAN framework by feeding class labels or images
to both the generator and discriminator, enabling image-to-
image translation tasks like pix2pix and CycleGAN for paired
and unpaired image domains, respectively (Isola et al., 2017;
Zhu JY et al., 2017). These works demonstrated the power of
learned translation for tasks like turning sketches into photos
or translating between day and night scenes, but they often re-
quired carefully tuned training and still offered limited control
over fine-grained image attributes.

Through the late 2010s, GANs were the dominant ap-
proach for high-quality image synthesis. Milestone models
such as StyleGAN (Karras et al., 2020) achieved unprecedented
fidelity and diversity in face and graphics generation by learn-
ing a rich intermediate latent space that could be manipulated.
Building on StyleGAN, researchers developed methods to inter-
pret and manipulate the latent semantics in a continuous man-
ner: for example, InterFaceGAN (Shen et al., 2020) discovered
linear directions in the latent space corresponding to human-
interpretable attributes (like age or smile), enabling continuous
attribute editing of GAN-generated faces, while GANSpace
(Härkönen et al., 2020) used principal component analysis
(PCA) in latent feature space to find orthogonal control axes
for aspects like pose or lighting. These methods demonstrated
the principle of continuous conditioning over generation, where
sliding a latent variable causes a smooth change in the output
image. Beyond faces, conditional GANs tackled various struc-
tured control inputs. For instance, SPADE/GauGAN (seman-
tic image synthesis) (Park et al., 2019) introduced spatially
adaptive normalization for conditioning on segmentation maps
(rendering photorealistic scenes from layouts), and other con-
ditional GAN frameworks allowed pose-guided person image
generation or sketch-to-image synthesis (Zhang JS et al., 2021).
However, GAN training is notoriously fragile, and conditional
GANs often suffer from mode dropping or require task-specific
architectures.

Around 2020, diffusion probabilistic models emerged as a
powerful alternative, offering superior coverage of the data dis-
tribution and simpler training objectives. The seminal denois-
ing diffusion probabilistic model (DDPM) (Ho et al., 2020) in-
troduced a likelihood-based method that incrementally refines
noise into images. Diffusion models initially focused on uncon-
ditional generation, but soon incorporated conditions through
guidance strategies. Dhariwal and Nichol (2021) showed that
diffusion models can surpass GANs in image fidelity and di-
versity on ImageNet, especially when using classifier-based
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guidance (modulating the sampling process with gradients
from a classifier to steer the output towards a target class).
Subsequent advances like score-based generative models (Song
Y et al., 2021) unified diffusion and score-matching perspec-
tives, laying the groundwork for flexible conditioning. A break-
through in text-conditional generation came with OpenAI’s
GLIDE and DALL·E systems, and Google’s Imagen, which
leverage diffusion models with powerful pre-trained text en-
coders. For example, Imagen (Saharia et al., 2022b) em-
ployed a large Transformer language model (T5) to encode
text prompts and guided a cascaded diffusion model, achieving
astonishing photorealism and semantic alignment with textual
descriptions. Another influential approach, latent diffusion
model (LDM) by Rombach et al. (2022), showed that diffusion
operating in a learned lower-dimensional latent space (coupled
with a vision autoencoder) can greatly improve efficiency while
retaining quality. Latent diffusion with cross-attention condi-
tioning enabled versatile controllers: a single model can take
text, bounding boxes, segmentation maps, or other modali-
ties as inputs by injecting them through cross-attention layers
(Rombach et al., 2022). This architecture became the foun-
dation for Stable Diffusion, a widely-used open-source text-
to-image model. Extensions of diffusion models have further
increased controllability: notably, ControlNet (Zhang L et al.,
2023) introduced a trainable network appended to a frozen
diffusion model to accept additional inputs (edge maps, hu-
man poses, depth maps, etc.) and guide the generation with-
out affecting the original model’s weights. By using “zero-
convolution” layers and augmenting the diffusion U-Net, Con-
trolNet enabled one-to-one mapping from an input condition
(like a sketch) to an output image while preserving the benefits
of a pre-trained text-to-image diffuser. Similarly, T2I-Adapter
and other related methods (e.g., IP-Adapter and Palette) ex-
plored lightweight modules to condition diffusion models on
extra modalities, illustrating a growing toolkit for controllable
image synthesis in the diffusion era.

Alongside GANs and diffusion, Transformer architec-
tures have also driven controllable generation. Ramesh et al.
(2021)’s DALL·E was a landmark in this category: it uti-
lized a Transformer to autoregressively generate image tokens
(from a learned discrete VAE codebook) from a text prompt,
demonstrating zero-shot text-to-image synthesis. This ap-
proach treats conditioning as sequence priming—text tokens
followed by image tokens—allowing a single model to generate
diverse images for a given caption. While powerful, autoregres-
sive Transformers suffer from slow synthesis and sometimes
inconsistent global structure. To address these issues, Chang
et al. (2022) introduced MaskGIT, a masked generative image
Transformer that generates all tokens in parallel and itera-
tively refines an image by conditioning on progressively fewer
masks. MaskGIT’s bidirectional design yields significantly
faster sampling and was shown to handle editing tasks like
inpainting or outpainting by treating known regions as fixed
tokens. Another noteworthy model is VQGAN (Esser et al.,
2021), which combined a convolutional VQ-VAE with a Trans-
former to model the codebook indices; although not a pure
Transformer approach, it highlighted how combining continu-
ous and discrete representations can facilitate both high fidelity
and control (the codebook enables certain editing operations,

and the Transformer can incorporate conditioning, including
text via contrastive models like CLIP). Transformer-based gen-
erators have also been integrated with diffusion pipelines (e.g.,
Transformer text encoders in guided diffusion, or hybrid archi-
tectures in DALL·E 2 (Ramesh et al., 2022)), illustrating that
modern controllable generation often blends ideas from these
paradigms.

4.2.2 Human-in-the-loop collaboration in generation

The ultimate form of controllable generation is an inter-
active loop between a human user and a generative model,
where the model not only follows initial instructions but can
be directed, corrected, or adjusted in real time. Recently,
the research community has put increasing emphasis on such
human–computer collaboration for image creation. One line of
work focuses on instruction-driven editing of images. Instruct-
Pix2Pix (Brooks et al., 2023) is a prime example that trains a
diffusion model specifically to perform edits on an input image
given a written instruction (e.g., “turn this photo into a paint-
ing of the same scene” or “remove the person on the right”).
This model was built by generating a large synthetic training
set of (image, instruction, and edited image) triplets using pre-
trained models, and it can generalize to user-provided images
at test time, producing the desired edit in one forward pass.
Such an approach brings the model closer to a usable assis-
tant, where a researcher or artist can iteratively apply natural
language commands to refine an image.

Another avenue is fine-tuning or adapting models to user-
specific content—a form of personalization that involves the
human providing a small dataset. DreamBooth (Ruiz et al.,
2023) pioneered a method for injecting a custom visual concept
(e.g., a particular person, object, or style) into a text-to-image
diffusion model by fine-tuning on just a few images of that
concept. The user supplies 3–5 images of a new subject, and
DreamBooth adapts the model so the subject can be regener-
ated in different contexts under a special identifier. This can be
seen as a collaborative process: the human teaches the model a
concept through examples, and the model grants control to the
human to generate novel images including that concept. Sub-
sequent works have improved efficiency (textual inversion and
low-rank adaptation (LoRA)-based fine-tuners) or expanded
to styles, showing a trend towards users co-creating content by
personalizing models with minimal effort.

Finally, there is a stream of research on real-time inter-
active tools. These include graphical user interfaces where a
human can sketch or erase parts of an image and the AI will
regenerate the region (with diffusion models ensuring realism
and consistency), or systems where a user and an AI “co-draw”
an image. For example, the earlier GANPaint system (Bau
et al., 2019) allowed users to add or remove objects in a GAN-
generated scene by simply clicking regions (e.g., draw a tree
and the GAN completes it realistically); now diffusion-based
equivalents achieve even more convincing results and can be
conditioned on text for style guidance. Some works propose
multi-turn dialogs with image models (where the model asks for
clarifications or additional input from the user), although this
remains a nascent area. The general goal of these human-in-
the-loop approaches is to harness the generative power of mod-
ern models while keeping the human’s intentions and creativity
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at the forefront. As controllable visual generation progresses
from simple conditioning to full collaboration, we envision tools
that act as intelligent “co-creators,” enabling users to continu-
ously steer and refine the generative process through a mix of
high-level instructions and low-level adjustments.

In summary, controllable visual generation has evolved
rapidly in recent years, propelled by advances in GANs, dif-
fusion models, and Transformers. Researchers have achieved
increasingly fine-grained control—from continuous latent slid-
ers in GANs to complex multimodal conditions in diffusion
frameworks—and applied these capabilities to a plethora of
vision tasks. The trend is clearly toward greater interactiv-
ity and alignment with user intent: models are no longer just
one-shot image samplers, but components of iterative creative
workflows. Ongoing work in human–AI collaboration, feed-
back mechanisms, and more interpretable controls will further
bridge the gap between a user’s imaginative intent and the
synthesized visuals, opening exciting opportunities for both
scientific research and creative applications.

4.2.3 Protecting generated content: from digital
watermarking to decentralized approaches

Generative models capable of synthesizing art from tex-
tual prompts have rapidly advanced and are now integral to
graphic design, advertising, and personalized art. However,
these systems raise pressing compliance questions because they
learn from and reproduce massive collections of existing images
without clear provenance. Copyright, cultural, and fairness
considerations are inherently interconnected in the creation
and dissemination of AI-generated works. This subsection sur-
veys academic literature, legal analyses, and policy reports to
identify the primary compliance challenges and propose future
directions.

1. Training-stage data infringement. Most high-quality
generative models, including diffusion-based models (e.g., Sta-
ble Diffusion) and multimodal models (e.g., DALL·E and Mid-
journey), are trained on datasets collected from web-scraped
images. Stober and Dornis (2025) noted that generative AI
systems are typically trained on “extensive amounts of data”
collected through web scraping and that many of these images
are copyright protected. They argued that developers often
rely on the U.S. fair use doctrine or European text and data
mining (TDM) exceptions, but generative training differs from
traditional TDM. Whereas TDM extracts patterns from data,
generative models learn probability distributions and can re-
produce or “memorize” copyrighted works. Because generative
models reconstruct or approximate the training data rather
than simply mine them, Stober and Dornis (2025) contended
that existing TDM exceptions may not apply.

The legal uncertainty is compounded by the fact that
training corpora are rarely disclosed. In an ongoing lawsuit,
the Recording Industry Association of America alleged that the
music-generation service Suno trained on “essentially all music
files of reasonable quality that are accessible on the open In-
ternet,” arguing that Suno used copyrighted recordings behind
paywalls and password protections (Stober and Dornis, 2025).
Suno defended itself by invoking fair use, claiming that copying
protected works as part of a back-end technological process is
permissible (Stober and Dornis, 2025). This case illustrates

the tension between the need for large training datasets and
the rights of creators. Desai and Riedl (2024) emphasized that
fair use does not sanction all ways of accessing copyrighted ma-
terial; they stressed that computer scientists must discipline
data practices and that copyright industries may need to relax
their assumption that all uses must be licensed.

An additional challenge is “memorization.” When a model
inadvertently reproduces portions of copyrighted training im-
ages, it creates potential liability. Stober and Dornis (2025)
noted that sharing models containing memorized training data
or generating outputs that include memorized content could
infringe copyright. The risk is heightened when training cor-
pora contain proprietary illustrations or photographs whose
provenance cannot be traced because the data were scraped
from websites without consent. A promising direction involves
transparent documentation and data provenance tools. Sto-
ber and Dornis (2025) proposed documenting the sources of
training data and leveraging music-information-retrieval meth-
ods for dataset attribution, which would allow rightsholders to
verify whether their works have been used and request removal.

2. Copyrightability and ownership of generated works.
Beyond training, ownership of AI-generated outputs is con-
tentious. Generative tools’ terms of service often require users
to grant an irrevocable license to both input prompts and gen-
erated outputs. Ambartsumian and Cannon (2025) noted that
while prompts and training data may be copyrighted, AI out-
puts often lack human authorship and therefore may not be
protected. The U.S. Copyright Office reiterated that only ma-
terial that is the product of human creativity is copyrightable
(Ambartsumian and Cannon, 2025); prompts alone do not
provide sufficient human control to make the user the author.
Courts require that a human exercise creative judgment in the
selection or modification of the AI-generated content. Thus,
images produced solely through AI in response to text prompts
are generally not copyrightable in the United States (Ambart-
sumian and Cannon, 2025). This situation undermines artists’
ability to control and monetize their AI-assisted work.

Comparative studies reveal divergent approaches inter-
nationally. The Harvard analysis notes that while the U.S.,
the EU, and the UK insist on some level of human creativity,
China and Japan may be more willing to recognize AI-assisted
works. In China, copyright protection may be granted to
AI-generated works if a human plays a central role in the
creative process; Japan’s copyright law is more permissive be-
cause it emphasizes the result rather than the creative process.
By contrast, U.S. law relies on the constitutional requirement
that “authors” produce “writings;” the Copyright Office views
the authorship requirement as excluding non-humans (Am-
bartsumian and Cannon, 2025). These differences create legal
uncertainty for artists distributing AI-generated images across
borders.

4.2.4 Representative applications of controllable generation

The ability to control image synthesis has unlocked a
wide range of applications, each with tailored models and tech-
niques. Text-to-image synthesis is perhaps the most publicized
application, where a user provides a caption and the model
generates a corresponding image. Earlier GAN-based meth-
ods for this task (AttnGAN (Xu T et al., 2018) and DF-GAN
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(Tao et al., 2020)) made progress, but recent diffusion models
have dramatically advanced the state of the art. Models like
DALL·E 2 (Ramesh et al., 2022) and Imagen (Saharia et al.,
2022b) can produce high-resolution, fantastical imagery from
free-form text, while adhering closely to the described content.
These models often employ classifier-free guidance (Ho and
Salimans, 2022) at inference, effectively allowing the user to
dial up or down the influence of the text conditioning contin-
uously (trading off between image–text alignment and image
realism).

Beyond text, pose-guided image generation is an impor-
tant application in domains like human motion synthesis and
animation. Here, the goal is to generate an image of a per-
son (or object) in a specified pose, often given by a 2D or 3D
skeleton. Early approaches used tailored GAN frameworks; for
example, PISE (Zhang JS et al., 2021) introduced a decoupled
GAN that first generates a coarse person image from the pose
and then refines details with an appearance encoder, enabling
both pose transfer and attribute editing. More recently, diffu-
sion models have been applied to pose-guided generation: one
can condition a latent diffusion model on human skeletal key-
points or dense pose maps by concatenating pose channels into
the diffusion model input (Rombach et al., 2022), or by using
a ControlNet trained specifically for pose conditions (Zhang L
et al., 2023). These diffusion-based methods have been shown
to produce sharper and more coherent results, thanks to the
mode coverage of diffusion and the ability to integrate with
powerful pre-trained text models (e.g., generating a person in
a given pose and style as described by a text prompt).

Another popular paradigm is image-to-image translation
with structural guidance, which includes tasks like sketch-to-
image, segmentation-to-image, and depth-to-image. Control-
lable generation in this setting means that the model takes
an outline or map as input and fills in photorealistic details.
The SPADE normalization technique (Park et al., 2019) is a
key innovation for GANs, enabling models like GauGAN to
produce vivid scenery from semantic label maps. As diffusion
models rose to prominence, they quickly proved adept at such
tasks as well. For example, the latent diffusion framework
(Rombach et al., 2022) demonstrated that simply concatenat-
ing a low-resolution segmentation mask to the latent can guide
the generation to respect that layout. Subsequent works like
Palette (Saharia et al., 2022a) and Pix2Pix-zero (Parmar et al.,
2023) leveraged diffusion for general image-to-image tasks in-
cluding colorization, super-resolution, and inpainting, often
outperforming task-specific GANs. With the introduction of
ControlNet, sketch-to-image synthesis has become even more
accessible: a user’s sketch or edge map can be fed into a
ControlNet-augmented Stable Diffusion model to yield a faith-
ful but realistically colored and textured image following the
outline—essentially an AI-powered “auto-draw” tool. Notably,
these models preserve continuous control: by varying the in-
tensity of the condition (for instance, interpolating between
two edge maps or adjusting how strictly the model follows the
sketch via guidance scale), one can fine-tune the balance be-
tween adhering to the input structure and allowing creative
freedom.

Image inpainting and outpainting are further applications
where controllability is crucial. In inpainting, the model fills

in a missing or masked region of an image in a coherent way,
guided by the surrounding pixels and optionally by user in-
structions. GAN-based inpainters (e.g., partial convolution
networks, or dedicated conditional GANs like EdgeConnect
(Nazeri et al., 2019) and CoModGAN (Zhao SY et al., 2021))
were successful on limited masks, but often struggled with large
holes or required post-processing. Diffusion-based inpainting
(such as in OpenAI’s GLIDE and Stable Diffusion’s inpainting
model) leverages the iterative refinement property to naturally
hallucinate missing content with excellent adherence to con-
text. The user can control what to inpaint by providing a mask
and can also supply a text prompt to guide the filling (e.g.,
“insert a red sofa here”). Paint by Example (Yang BX et al.,
2023) further extended diffusion inpainting to use an exemplar
image patch as guidance, so that the filled region takes on the
texture or style of the example—an advanced form of condi-
tional control mixing visual and spatial inputs. Outpainting
(extrapolating beyond the image borders) similarly benefits
from diffusion models’ flexibility, enabling creative extension
of images with user control over the content via text or example
images.

Recent years have witnessed a rapid transition of AI-
driven artistic image generation from experimental research to
large-scale commercial deployment across creative industries.
For instance, Adobe integrated generative models into its Fire-
fly and Creative Cloud ecosystem, enabling commercially safe,
style-controllable image synthesis for advertising, branding,
and digital design workflows. In the beverage industry, Coca-
Cola employed generative image models in campaigns such
as its AI-assisted “Y3000” branding initiative, where machine-
generated futuristic aesthetics were incorporated into product
packaging and global marketing materials. In fashion and me-
dia, publishers including Vogue have experimented with AI-
generated visual content for editorial spreads, while indepen-
dent designers have leveraged tools such as Midjourney and
DALL·E to prototype concept art and reduce production cy-
cles. In sportswear and consumer branding, Nike and similar
brands have explored generative design pipelines to acceler-
ate visual ideation for promotional assets and product visual-
ization. Collectively, these cases demonstrate that AI-based
artistic image creation has evolved from a purely experimental
technology into a commercially viable creative infrastructure,
supporting cost-efficient content generation, rapid prototyping,
and scalable personalization across advertising, entertainment,
publishing, and design sectors.

5 Prospects

Amid rapid advances in generative models, interactive
art-creation systems still face persistent challenges in reliable
cross-modal control, fine-grained and emotionally expressive
generation, consistent evaluation, and the responsible handling
of safety, privacy, and cultural concerns. Developments in ad-
jacent AI fields point to a broader system-level transition from
static, task-specific intelligence toward dynamic architectures
characterized by continual state evolution, knowledge acqui-
sition from data, persistent memory, interactive evaluation,
and privacy-preserving collaboration (Xu JF et al., 2023; He
et al., 2024; Liu et al., 2024; Peng et al., 2024; Zheng QH
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et al., 2025). Following this broader shift from static genera-
tion toward continuously evolving intelligent systems, we iden-
tify four complementary directions for the future development
of AI-driven artistic creation: (1) advancing core generative
methods beyond passive synthesis by integrating Transformer-
centric architectures, multi-agent pipelines, and reinforcement
learning from human feedback (RLHF), so that agents can
plan, critique, and iteratively refine outputs with improved
controllability, intentionality, and stylistic coherence (Wu F
et al., 2025); (2) coupling data-driven learning with knowledge-
directed generation by incorporating structured art theory,
including color and composition principles, emotion ontolo-
gies, and knowledge graphs through retrieval and reasoning,
thereby improving semantic grounding and reducing represen-
tational bias (Pan YH, 2020); (3) orchestrating collaboration
between general-purpose foundation models and specialized,
domain-tuned models through ensembles, cascades, and dis-
tillation to balance open-world understanding with stylistic
fidelity and cultural specificity; (4) enabling sustained human–
AI co-creation through dialogue, sketch refinement, and con-
tinuous preference learning, further supported by spatial in-
telligence for 3D/augmented reality (AR)/virtual reality (VR)
and scene-aware interaction, gesture interaction for embodied
and performative control, and on-device real-time creation for
privacy, low latency, and personalization (Pan YH, 2019; Wang
YW et al., 2024). Together, these directions suggest that fu-
ture AI art systems will increasingly evolve from isolated image
generators into collaborative, knowledge-empowered, memory-
aware, and continuously adaptive creative systems, ultimately
supporting a human–AI co-agency framework that balances
controllability, creativity, and responsible use.

5.1 Future direction of visual art generative
model methods

The development of visual art generative models is ex-
pected to move beyond mere image synthesis toward inter-
active, expressive, and controllable artistic creation. While
current models, such as GANs and diffusion-based architec-
tures, can produce visually plausible content, they often lack
semantic depth, intentionality, and stylistic coherence. Future
methods must address challenges of fine-grained control, multi-
modal guidance, emotional expressiveness, and cultural speci-
ficity. With recent advancements in next-generation model
architectures (e.g., Mamba (Gu and Dao, 2024) and spiking
neural networks (Zhu RJ et al., 2024)), model merging of ex-
pert models (Wortsman et al., 2022), multi-agent systems,
RLHF, and continuous conditional generative models (Ding
et al., 2026), generative art models will evolve from passive
generators into collaborative and creative agents.

5.2 Data-driven and knowledge-directed
artistic creation

Future generative systems will not only rely on large-scale
data but also be enriched with structured domain knowledge.
Data-driven learning alone leads to overfitting to stylistic bi-
ases and lacks contextual understanding. Introducing knowl-
edge graphs, art theory ontologies, and emotion annotation
frameworks can guide generation toward semantically mean-

ingful and aesthetically rich outcomes. For instance, incorpo-
rating principles from color theory or composition rules can
help models produce work aligned with traditional artistic val-
ues. Furthermore, curated datasets annotated with artistic
intent, symbolism, or historical context can significantly en-
hance the interpretability and relevance of generated content.

5.3 Artistic creation through the collaboration of
general-purpose and specialized models

A promising research direction is the cooperative use of
general-purpose foundation models (e.g., CLIP, DALL·E, and
Imagen) with domain-specific fine-tuned models trained on
curated artistic corpora. General models provide linguistic un-
derstanding and broad visual priors, while specialized models
capture stylistic fidelity and creative nuance. This coopera-
tion can be orchestrated through ensemble frameworks, model
cascading, or knowledge distillation pipelines, allowing task-
specific precision without sacrificing generalization. Such coop-
erative systems can handle open-ended user prompts while de-
livering results with artistic coherence and cultural sensitivity.

5.4 AI-aided co-creation agent systems for
artistic generation

The vision of a true AI-powered art assistant lies in real-
time, interactive co-creation. Current models mostly gener-
ate static outputs from one-shot prompts, but future systems
should incorporate dialogue understanding, sketch refinement,
and iterative feedback handling. By embedding generative
agents into digital workspaces (e.g., Photoshop plugins and
VR environments), human artists can guide the model in a
natural and collaborative workflow. Moreover, modeling user
intent through continuous interaction—via sketch, text, voice,
or gaze—will enable systems to adaptively learn user prefer-
ences and style, lowering barriers for non-experts to participate
in creative expression.

Looking ahead, three complementary directions will fur-
ther shape the landscape of human–AI co-creation in genera-
tive art: spatial intelligence, gesture interaction, and on-device
real-time creation.

Spatial intelligence enables generative models to tran-
scend 2D outputs by incorporating awareness of environments,
spatial relations, and multidimensional contexts. This capabil-
ity not only facilitates expansion into immersive 3D scenarios
but also supports seamless integration of art with physical
spaces. For example, in VR and AR environments, models
can dynamically generate site-specific installations or inter-
active artworks that adapt to spatial layouts, lighting, and
perspective.

Gesture interaction provides a natural and intuitive inter-
face for generative art. Through gesture recognition and mo-
tion tracking, users can directly sculpt artistic elements on an
“aerial canvas” or map motion features (e.g., speed, intensity,
and posture) to emotional signals that guide the generative
process. This interaction paradigm boosts engagement and
shifts creative practice from passive control to a performative,
embodied experience.

On-device real-time creation emphasizes the deployment
of generative models on edge devices to ensure efficient
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execution and immediate feedback. Advances in model com-
pression, distillation, and quantization make it feasible for
large-scale models to run on mobile platforms, AR/VR head-
sets, or interactive devices with low latency. Localized gen-
eration also preserves user privacy and enables personalized
adaptation to individual artistic preferences, making the cre-
ative process both secure and inclusive.

These advances signal a paradigm shift in which genera-
tive art moves beyond static visual presentation toward spa-
tialized, interactive, and deeply personalized immersive experi-
ences, powered by collaborative large–small model ecosystems,
where cloud-scale generative foundation models provide broad
creative intelligence and edge-deployed lightweight models en-
able real-time adaptation, privacy-preserving personalization,
and domain specificity. This trajectory highlights the emer-
gence of human–computer cooperative systems and generative
agents that not only augment expert creativity but also democ-
ratize artistic expression for broader audiences, while demand-
ing robust model compression, secure collaboration mecha-
nisms, and trustworthy generative control to ensure scalable
and safe deployment.

5.5 Towards intention-driven interaction
paradigms

To build genuinely human-centered collaborative agent
systems, future research must move beyond traditional in-
teraction logic and redesign the interaction paradigm itself.
This shift is essential for addressing core challenges across the
express–generate–edit creative loop. Key directions include:

1. From “prompt engineering” to “intention engineer-
ing.” New interactive tools should capture implicit knowledge,
emotional cues, and high-level semantic intent beyond textual
prompts. Examples include gesture-based sculpting interfaces,
real-time emotional feedback mechanisms, and systems capable
of injecting abstract emotions and cultural background knowl-
edge. These tools aim to achieve precise translation of abstract
artistic intentions.

2. Nonlinear creative workflows. Future systems should
break from linear editing pipelines by constructing an intelli-
gent creative version tree that supports comparison, merging,
and recombination of branching creative ideas. Such nonlinear
workflows enable exploratory jumps, better reflect the inter-
twined logic of artistic thinking, and support efficient manage-
ment of the creative process.

3. A shift from algorithm-centric to human-centric sys-
tems. The creation process will transition from humans adapt-
ing to algorithmic constraints to systems that evolve to match
human preferences and expressive habits. This requires mov-
ing from offline learning with passive fine-tuning to online
learning driven by human feedback, enabling continual self-
improvement. Multi-user preference data will form an evolving
map of human creativity and expression over time, capturing
broader cultural and societal changes.

5.6 Generalizable, interpretable, and
decentralized detection of AI-generated art

The future development of synthetic content detec-
tion will transcend traditional paradigms of binary clas-

sification and centralized architectures, moving towards a
new stage characterized by collaboration, scalability, and
decentralization.

First, a data–knowledge dual-driven framework should be
established by integrating large-scale annotated datasets with
forensic knowledge graphs, thereby enhancing semantic under-
standing, logical reasoning, and interpretability of detection
models, and improving its applicability in high-trust scenarios.
Second, cross-modal detection should be advanced to overcome
the limitations of single-modality approaches, enabling models
to jointly analyze text, images, audio, and video data to ad-
dress complex multimodal forgeries generated by large models.
Third, inspired by the “scaling law” in large models, research
should explore the construction of general-purpose detection
models, leveraging scale effects to achieve stronger generaliza-
tion and robustness. Fourth, detection agents with continual
learning and dynamic adaptation capabilities should be de-
veloped, allowing them to maintain agile responsiveness and
evolutionary capacity in the face of emerging threats. Fifth,
decentralized detection mechanisms based on blockchain tech-
nology should be introduced, where distributed storage and
consensus verification can ensure the traceability and verifia-
bility of synthetic content, thereby enhancing the transparency
and tamper-resistance of the detection ecosystem.

5.7 Potential applications of interactive art
creating systems

The implications of human–AI collaborative visual art
extend beyond traditional fine art and encompass multiple
domains:

1. Education. The co-creation system can serve as an
interactive tutor for art students, guiding exploration of tech-
niques and styles through structured exercises. It can also
generate and visualize content in the style of a specific his-
torical period or artist, deepening understanding of aesthetic
principles.

2. Design. Human–AI co-creation supports rapid proto-
typing in fashion, interior, and product design. It can generate
unique textile patterns, novel layouts, or color palettes based
on a specific theme or mood, significantly accelerating the
ideation and concept development phase.

3. Media and culture. AI for media (AI4Media) is def-
initely an emerging area with the rise of interactive AI. The
co-creation system enables efficient, scalable production of cus-
tomized visual content across social media, advertising, and
e-commerce. Generated visuals can also be tailored to demo-
graphic profiles, cultural contexts, and lifestyle preferences.

4. Games and animation. The human–AI collaborative
system can facilitate concept art creation for games, films, and
animation. This includes procedural generation of dynamic
backgrounds, environmental art, and character variations, en-
riching interactive and immersive digital experiences.

5. Scientific visualization. The system can also be used to
generate complex diagrams, data visualizations, or microscopic
imagery that can help researchers represent abstract concepts
or experimental results more intuitively.

6. Therapy. AI-assisted creative agents can support art
and mental health therapy by enabling emotional expression.
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They provide safe, non-judgmental spaces where patients can
explore and express emotions, engaging in creative activities
without requiring advanced artistic skills.

7. Accessibility. The human–AI collaborative creation
tools expand opportunities for individuals with physical or
cognitive limitations to participate in art-making. Text-to-
image interfaces and gesture- or voice-controlled generation
allow users to create complex visual works without relying on
conventional artistic techniques.

6 Conclusions

This work focuses on generative AI-driven interactive sys-
tems for visual and artistic image creation, examining their
core tasks, key challenges, and future research directions. We
find that the field is undergoing a paradigm shift from techni-
cal execution to human–AI iterative co-creation, with central
tasks spanning inspiration support, progressive content gener-
ation, and aesthetic refinement. We identify three fundamental
challenges that shape the development of interactive systems:
controllability, integrity, and creativity. Looking forward, we
argue that next-generation systems must strike a balance be-
tween controllability and creativity, enabling dynamic collab-
oration while preserving artistic value and responsible system
behavior. This task-oriented, interdisciplinary perspective of-
fers a roadmap for advancing research in the area and for build-
ing the next generation of AI-driven artistic creation systems.
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