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Recent advances in diffusion-based models have greatly improved text-to- ) SlAV ------
image generation, producing highly realistic visuals from textual prompts. e o o
Despite these improvements, modern generative models still lack the <Text Prompt> = LTM Em“‘“} a4 e
understanding of image quality concept. At the same time, learning-based Textual Features KQV o aey

Image Quality and Aesthetics Assessment (IQA/IAA) systems have seen

rapid growth. Integration of IQA/IAA models directly into the generative N .
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human preferences, moving beyond traditional text-image alignment.
Motivated by recent successful transfers of generative priors to IQA, we —
explore the opposite direction: incorporating IQA expertise into generative
diffusion models via conditioning.
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IQA-Adapter architecture

To condition the generative model on image quality, we leverage an adapter-based
approach. The core idea is to project new data into additional tokens, which are then
integrated into the model via cross-attention mechanisms, enabling the base model to
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Additionally, we implement qualitative negative guidance to isolate the concepts of “good”
and “bad” quality and boost the effects of the adapter:
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Quality-aware image generation with IQA-Adapter Alignment with qualitative condition

X and Y axes represent different inputs to the adapter for aesthetics and technical quality
When conditioned on high target quality, IQA-Adapter enhances generated images with

Contributions improved clarity, fine-grained details and vibrant colors. Conversely, low-quality condition
Qualitative adaptation method: We introduce IQA-Adapter, a novel forces generative model to reproduce various artifacts, e.g. compression and blur.
conditioning tool for diffusion models that enables quality-aware To test the conditioning capabilities of the IQA-Adapter, we conduct a side-by-side user
generation guided by IQA/IAA scores. study (1000+ users, 22k+ responses) comparing generations with different target quality.
Diverse IQA/IAA model integration: We experiment with a wide range High-quality conditioning

of IQA/IAA models, demonstrating the adaptability of IQA-Adapter To objectively evaluate positive impact of the IQA-Adapter conditioned on high quality, we
and generalization of its quality features. measure the gain of IQA/IAA scores relative to base model. We test IQA-Adapters trained

with a wide range of IQA/IAA models: they demonstrate significant generalization across
evaluation metrics. We also compare IQA-Adapters with other generation quality
improvement methods and conduct a subjective study. IQA-Adapter can be easily combined
with other techniques, and these combinations yield the best results.

Reference-based conditioning: We adopt IQA-Adapter for image-
prompting scenario, demonstrating that IQA models can be used
to transfer highly specific, content-agnostic qualitative features
between images.
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