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Portrait generation of Dongba paintings via integrating anatomical reward and

style constraint

Bai Yufan, Qian Wenhua', Yang Rongyi

School of Information Science and Engineering , Yunnan University , Kunming 650504

Abstract: Objective Dongba painting, a representative visual form of the Naxi ethnic culture in southwestern China, fea-

tures expressive brushwork , simplified symbolic human forms, and distinctive color compositions. With the rapid advance-
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ment of generative models, text-to-image synthesis offers new avenues for the digital preservation, dissemination, and rein-
terpretation of such traditional art forms. However, when diffusion-based models are directly applied to Dongba painting
portrait generation, they exhibit limited capability in modeling high-level semantic constraints, particularly human anatomi-
cal plausibility and artistic style consistency. This limitation results in two major challenges: (1) human structural artifacts
such as distorted limbs and anatomical inconsistencies, and (2) style degradation, where generated images deviate from
the characteristic Dongba visual distribution during artifact suppression. These issues significantly compromise both visual
quality and cultural fidelity. To address these challenges, this study proposes a unified Dongba painting portrait generation
framework that jointly optimizes anatomical plausibility and stylistic consistency through anatomical rewards and style con-
sistency learning. Method A reward-driven diffusion optimization framework is developed, with three core components: an
anatomical artifact reward, a style consistency reward, and an adaptive weight scheduling strategy. First, a Dongba ana-
tomical artifact reward (DAAR) function is designed. Tt is built on a gated artifact segmentation network for structural
anomaly detection. ‘This network identifies distorted limbs, duplicated body parts, and implausible anatomical configura-
tions, generates spatial confidence maps, and converts them into reward signals to guide the model toward structurally plau-
sible human representations. Second, to mitigate style degradation during artifact suppression, a Dongba painting style
consistency reward (DSCR) is introduced. A style prototype library is constructed from representative Dongba painting
samples to capture canonical stylistic distributions. Based on this library, a dual-branch style evaluation mechanism is
designed. The global branch extracts semantic-level features to align overall color schemes and compositional patterns,
while the local branch focuses on fine-grained texture representations, including brushstroke characteristics and line styliza-
tion. By jointly optimizing these two levels of style representation, the proposed method ensures that generated images
remain consistent with authentic Dongba painting aesthetics throughout the generation process. Third, to accommodate the
varying optimization priorities of structural correction and style preservation across diffusion stages, an adaptive weight
scheduling strategy is proposed. This mechanism dynamically adjusts the relative contributions of the anatomical artifact
reward, style consistency reward, and diffusion denoising loss during training according to validation performance. Com-
pared with static weighting schemes, this strategy enables more stable multi-objective optimization and avoids overfitting to
either structural correctness or stylistic fidelity, thereby achieving balanced and robust generation performance. Result
Extensive experiments are conducted on a self-constructed Dongba painting portrait image=text dataset comprising high-
quality annotated samples. The proposed method is built upon Stable Diffusion v1. 5 and compared with baseline and exist-
ing optimization strategies. Both objective and subjective evaluations are performed. For objective metrics, Fréchet Incep-
tion Distance (FID, lower values indicate better style consistency) is adopted to measure style consistency, while mean
artifact frequency (MAF, lower values indicate fewer structural artifacts) is used to quantify structural artifacts. Experi-
mental results demonstrate that the proposed method significantly improves both aspects. Specifically, the FID score is
reduced to 0. 1164, indicating closer alignment with the real Dongba painting distribution, while the MAF score decreases
to 0. 6767, reflecting effective suppression of human anatomical structural artifacts. These correspond to relative improve-
ments of 1.27% and 2. 39%, respectively, over the Stable Diffusion v1. 5 baseline model. In addition, qualitative com-
parisons and user studies further validate the effectiveness of the proposed approach. Visual results show that the method
successfully eliminates common artifacts such as limb distortion and duplication while preserving essential stylistic ele-
ments, including symbolic abstraction, line expressiveness, and color contrast. User preference evaluations indicate that
the generated images achieve higher perceptual quality, stronger cultural authenticity, and improved aesthetic appeal com-
pared with competing methods. Conclusion This study addresses the challenges of human anatomical artifacts and unde-
sired stylistic degradation, achieving a synergistic improvement in artifact suppression and style preservation in Dongba
painting portrait generation. By integrating an anatomical artifact reward, dual-branch style consistency learning, and
adaptive weight scheduling into a unified framework, the method produces images characterized by sound anatomical plau-
sibility and highly consistent artistic expression. The proposed approach provides a new and reliable technical pathway for
the high-fidelity digital generation of Dongba painting portraits. This advancement overcomes key bottlenecks in image gen-
eration and is of significant practical value for the digital preservation, cultural propagation, and living transmission of the

Dongba painting heritage.
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Fig. 1 Example of Dongba painting
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Fig. 2 Overall structure diagram of the method
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Fig. 7 Structure diagram of the EAG mechanism
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Table 1 Comparison of metrics of style consistency

between the method in this paper and other methods
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Table 2 Comparison of metrics of anatomical plausibility

between the method in this paper and other methods
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Table 3 Comparison of metrics in ablation experiments
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