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Abstract. To address the limitations of current Al-generated art tools in
achieving fine-grained style control, preserving local details, and enabling itera-
tive human refinement, this paper proposes a human-Al collaborative artistic
creation framework. First, visual-semantic features are extracted from reference
images and user brushstrokes to construct an artistic behavior prediction model.
Second, mapping rules between Al-generated regions and editable layers in
digital painting software (e.g., Procreate, Photoshop) are defined, and a combi-
nation of a Deep Q-Network (DQN) and a combination of a Deep Q-Network
(DQN) for region-level action selection and a conditional diffusion model
(CDM) for high-quality style transfer and detail enhancement is used to gener-
ate optimized solutions. The DQN determines which editing action to apply to
each region, while the CDM executes the corresponding generation
task. Finally, a three-stage workflow of “Al divergence + software refinement +
artist tuning” is established. Experimental results show that the proposed meth-
od outperforms pure Al generation and pure manual creation in terms of style
consistency, local editability, and user satisfaction, providing an efficient and
flexible solution for Al-assisted art design.
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Introduction

With the rapid advancement of generative models, particularly diffusion-based archi-
tectures[ 1], artificial intelligence has demonstrated remarkable capabilities in artistic
creation, including image generation, style transfer, and inpainting[2].However, most
existing Al systems (e.g., Midjourney, Stable Diffusion) treat art creation as a
one-shot generation process, lacking mechanisms for fine-grained user control, local
region editing, and iterative refinement[3]. Professional artists often find it difficult to
modify specific brushstrokes, adjust local styles, or correct semantic inconsistencies
without re-generating the entire image.

Recent research has explored human-Al collaboration in artistic domains. For in-

stance, DreamBooth and LoRA enable personalization of diffusion models with a few
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reference images[4], allowing style adaptation. InstructPix2Pix supports instruc-
tion-based image editing[5], but still operates at the global level and lacks
brushstroke-level control[6]. Moreover, studies on the interpretability of diffusion
models have revealed that internal cross-attention layers correspond to semantic re-
gions, providing potential for region-specific editing[7]. However, few works have
systematically integrated these capabilities into a workflow that preserves layer-based
editability in professional painting software[8].

Although some studies have attempted to integrate Al models into digital painting
software, most merely embed generated results into layers without establishing ex-
plicit mappings between latent features and editable artistic elements. Moreover, ex-
isting Al-assisted creation tools rarely model the artist’s behavioral intentions or sup-
port dynamic adjustments at the brushstroke level[9].

To bridge this gap, this study proposes a human-Al collaborative artistic creation
framework. By extracting visual-semantic features, constructing mapping rules be-
tween Al-generated content and editable painting layers, and introducing a three-stage
workflow of “divergent generation + software refinement + artist tuning,” the pro-
posed method significantly enhances style consistency, local editability, and overall
user satisfaction in Al-assisted art creation.
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Fig. 1. AIGC-Photoshop Collaborative Image Processing Framework for Text Rendering Op-
timization

Figure 1 shows the overall architecture of the proposed human-Al collaborative
framework. The framework consists of three main modules[10]: (1) visual-semantic
feature extraction and behavior prediction, (2) DQN-based region-level action selec-
tion integrated with a conditional diffusion model (CDM), and (3) mapping rules that
convert Al outputs into editable software layers. The entire process follows a
three-stage workflow detailed in Section 2.5.
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2.1  Visual-Semantic Feature Representation for Artistic Elements

Let the input canvas be represented as a set of brushstroke regions and semantic
zones. The canvas CC is divided into NN artistic regions:

R=[r1, )y eeny I”N]

Each region contains attributes such as position, texture, color distribution, and a
binary flag indicating whether it is a target for style transfer. Meanwhile, a set of ref-
erence style features is extracted from the user-provided style image:

S:[S'I, Sy ey SM}
For each pair (ri,sj)(ri,sj), a joint feature vector is defined as:

Z,={F,
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where Fjrepresents texture similarity, Tj;the spatial alignment, C;;the color distance,
and E; he edge complexity.These four features are normalized to [0,1] using
min-max scaling across all regions and reference patches.

2.2 Artistic Behavior Prediction Model

A lightweight three-layer fully connected network is constructed to predict the artist’s
likely editing action in a given region (e.g., style transfer, detail enhancement, stroke
correction, layer separation). The model takes the 4-dimensional feature vector Z;as
input and passes it through a hidden layer of 128 neurons (ReLU), followed by a sec-
ond hidden layer of 64 neurons (ReLU), and finally a softmax output layer producing
probabilities over four actions along with an estimated time cost (regressed from the
second hidden layer via a separate linear head).

Trained on 542 behavioral logs of digital artists working with Al-generated can-
vases, the model achieves an action prediction accuracy of 81.2%.

2.3 Deep Q-Network (DQN) for Region-Level Action Selection

To dynamically decide which editing operation to apply to each region, we employ a
Deep Q-Network (DQN). The definitions are as follows:

State space S;: At each step tt, the state is represented by the joint feature vector
Z;; of the current region, augmented by the current canvas context (e.g., whether pre-
vious actions have been applied to neighboring regions). Specifically,
St=[Z;hneighvor] Where hyeignpor 1s @ 4-dimensional vector summarizing the action
history of adjacent regions.

Action space A: Four discrete actions: (1) Style Transfer — apply style from ref-
erence image to the region; (2) Detail Enhancement — increase edge sharpness and
texture fidelity; (3) Stroke Correction — smooth or adjust brushstroke direction;
(4) Layer Separation — convert the region into a new editable layer.
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Reward function R(s,a): After executing action aa in state ss, the reward is de-
fined as: R(s,a) = AStyle Consistency + w, - AEditability — w; - Time Cost —
w, ArtifactPenalty where AStyleConsistencyAStyleConsistency is the improvement
in style similarity (measured by LPIPS and color histogram difference), AEditabil-
ityAEditability is the increase in layer editability (binary: +1 if the region becomes
layer-separated, else 0), TimeCostTimeCost is the normalized execution time, and
ArtifactPenaltyArtifactPenalty is 1 if visual artifacts are detected (e.g., mismatched
edges). We set w;=0.5,w,=0.3,w3=0.1,w,=0.1based on pilot tuning.

Network architecture: The DQN consists of an input layer (size = dimension of
Stoi.e., 8), two hidden layers with 64 and 32 neurons (ReLU), and an output layer with
4 neurons (Q-values for each action). Experience replay buffer size=10,000, discount
factor y=0.95y=0.95, and ee-greedy exploration with ee decaying from 1.0 to 0.05
over 2000 episodes.

The DQN is pre-trained on the 542 artist behavior logs and fine-tuned online dur-
ing user interaction. At each region, the DQN takes the current state StSt, computes
Q-values for all four actions, and selects the action with the highest Q-value (or a
random action with probability ). The selected action is then passed to the conditional
diffusion model for execution. The DQN operates at the region level, sequentially
processing regions in a random order, and stops when all regions have been processed
or a termination condition (user interruption) is met.

2.4  Mapping Rules from Al Generation to Painting Software Tools

To enable seamless collaboration, mapping rules from Al-generated regions to edita-
ble painting software tools are defined as shown in Table 1.

Table 1. Al Region —— Painting Tool Mapping Rules

User
Al Region Type Recommended Software Tool Parameter Preset Control
Level
Background Generative Fill / Pattern
Content-aware Low
Texture Stamp
Brushstroke Brush Tool + Layer Blending Stroke smoothing, .
. Medium
Cluster Modes opacity
Region Requiri Reft tyle align- .
eglon tequining Style Transfer Layer + Mask elerence style agn High
Style Transfer ment
Detail Edge Pen Tool + Mask Edge Re- Edge softe.ning, feath- High
finement ering
Sem?ntically Regeneration .+.Manua1 Multi-sample blending Critical
Inconsistent Area Compositing

These rules are jointly defined by three professional digital artists and two Al en-
gineers, and are applied deterministically.

Specifically, when the DQN selects an action for a region, the mapping rule trans-
lates that action into a specific software operation. For example, "Style Transfer"
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triggers the creation of a new layer with a style transfer mask, pre-filled with the
CDM-generated content, and the blending mode is automatically set to "Color" or
"Overlay" based on the region's texture similarity F;.

2.5 Collaborative Creation Workflow: Divergence, Refinement, and Tuning

The proposed method adopts a three-stage collaborative mechanism:

Stage 1 (Al Divergence): A conditional diffusion model (CDM) generates multi-
ple candidate versions of the artwork based on user prompts, reference style, and re-
gion masks. The CDM is based on Stable Diffusion 1.5, augmented with
cross-attention control to preserve region-specific features This stage emphasizes
diversity and creative exploration.

Stage 2 (Software Refinement): According to the mapping rules, the painting
software automatically refines specific regions—applying stroke smoothing, color
correction, style alignment, and edge enhancement—while keeping the content edita-
ble. The refinement actions are selected by the DQN based on the current region state
and predicted artist intention.

Stage 3 (Artist Tuning): The artist performs final adjustments based on four crite-
ria: style consistency, local detail quality, editability of elements, and necessity of
re-generation.

This workflow enables a balanced distribution of creative labor: Al handles explo-
ration and base generation, software automates refinement, and the artist retains final
control over key details.

This workflow enables a balanced distribution of creative labor: Al handles explo-
ration and base generation, software automates refinement, and the artist retains final
control over key details.

3 Experiment and Analysis

3.1 Dataset and Experimental Setup

A test set of 180 artistic images was constructed, covering five categories: portraits,
landscapes, abstract art, concept design, and illustration. Each image was paired with
a reference style image. Three groups were compared:

Group A (Pure PS Manual): Digital artists created the artwork entirely manually
using Procreate/Photoshop, without Al assistance.

Group B (Pure AIGC): Only Stable Diffusion + ControlNet were used to generate
the artwork, with no software-based refinement or manual tuning[3].

Group C (Proposed Method):The full collaborative workflow (Al divergence +
software refinement + artist tuning) was applied.
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3.2

One-way analysis of variance (ANOVA) was used to analyze the results, and the

Results and Discussion

results are shown in Table 2.

Table 2. User Evaluation and Statistical Analysis Results

Style Con- | Efficiency | Local Editabil- Overall Sat-
Group 4 . . . .
sistency (min) ity isfaction
Group A (Manual) 6.31+0.72 | 524+123 6.52 +£0.48 6.18 £ 0.65
Group B (Pure Al) 3.85+1.23 7.8+2.1 2.34 +1.05 392+1.14
Group C (Proposed) 6.58 +0.49 | 14.6£4.3 6.48 + 0.53 6.63 + 0.42
F-value 58.23 98.17 83.46 81.27
p-value <0.001 <0.001 <0.001
*p<0.001.

The results reveal three main findings:

1.Style consistency is significantly improved. Group C (6.58) slightly exceeds
manual creation (6.31) and far surpasses pure Al (3.85), indicating that Al divergence
combined with artist tuning better captures stylistic intent.

2.Efficiency is greatly enhanced. Pure Al is the fastest (7.8 minutes) but lacks ed-
itability and consistency. Manual creation achieves high quality but is
time-consuming (52.4 minutes). The proposed method reduces time to 14.6 minutes
while maintaining quality, demonstrating the benefit of automation in refinement.

3.Local editability is preserved. Pure Al outputs are often pixel-bound and difficult
to modify. By converting Al-generated regions into editable layers, the proposed
method achieves editability scores (6.48) comparable to manual creation (6.52), sig-
nificantly outperforming pure Al (2.34).

4 Conclusion

This study proposes a human-Al collaborative artistic creation framework specifically
addressing the limitations of pure Al generation in style control, local editability, and
iterative refinement. By introducing a joint feature representationZl-J:{Ej Ty, C;
E,-j} and mapping rules from Al-generated regions to editable painting tools, combined
with a DQN-based region-level action selector and a conditional diffusion mod-
el, along with a three-stage workflow of "divergence + refinement + tuning," the pro-
posed method achieves efficient, high-quality, and editable Al-assisted art creation.
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Fig. 2. DQN Training Flowchart for Human-Al Collaborative Art Creation
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The technical details of the DQN (state space, action space, reward function, and
network architecture) have been explicitly defined, and a model architecture diagram
(Figure 1) as well as a DQN training flowchart (Figure 2) are provided to enhance
clarity. Compared to prior works that lack fine-grained control, our framework
uniquely integrates behavior prediction, reinforcement learning, and diffusion models
into a cohesive system that respects professional artistic workflows.

Experimental results demonstrate that the proposed method significantly outper-
forms pure Al and manual approaches in style consistency, editing flexibility, and
overall satisfaction, providing a practical and extensible framework for integrating
artificial intelligence into professional artistic workflows.

Future work will explore real-time collaboration, 3D painting environments, and
adaptive style learning from artist feedback.

We also plan to extend the framework to support more sophisticated personaliza-
tion methods (e.g., DreamBooth, LoRA) and to investigate the interpretability of dif-
fusion models for finer region control.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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