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Background
Image Composi,on
Goal: Insert a reference object into a target scene while maintaining realism.

Challenges:
• Complex ligh0ng (shadows, reflec0ons, backligh0ng)
• Handling different resolu0ons
• Maintaining object iden0ty and background consistency

Recent diffusion models such as FLUX have strong genera0ve priors.
Key ques0on:

Can these priors already support realis,c image composi,on?
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Motivation

Training-free methods mainly rely on:
• Image inversion: forces object pose from reference image and limits flexibility in new 

scenes
• A>en,on manipula,on: unstable and sensi0ve to hyperparameters

Therefore, we propose a training-free composi,on framework – SHINE (Seamless High-
fidelity Inser0on with Neutralized Errors)

Limita&ons of Exis&ng Methods



4

Method Overview
1⃣ Manifold-Steered Anchor (MSA) (Figure (b))
Align predic0ons from the base diffusion model and the customiza0on adapter.

Goal: preserve iden0ty 
while keeping scene 
structure.
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Method Overview
2⃣ Degrada,on-Suppression Guidance (DSG)
Construct nega0ve guidance from degraded outputs.

Observa0on: Blurring image query features in self-aZen0on produces degraded predic0ons.
We use a CFG-like method to guide the model away from these direc,ons.
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Method Overview
3⃣ Adap,ve Background Blending (ABB)
Generate seman0c masks from aZen0on maps for seamless blending.

Goal: get smoother object boundaries and beZer scene integra0on
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Experiments

ComplexCompo Benchmark
Features:
• mul0ple image resolu0ons
• challenging ligh0ng condi0ons

Qualita,ve Results
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Experiments
Quan,ta,ve Results
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Conclusion
We propose SHINE, a training-free framework for realis0c image composi0on.

Key contribu0ons:

• Manifold-Steered Anchor Loss -> model-agnos,c bridging between pretrained diffusion 

models and adapter models (image customiza0on)

• Degrada0on-Suppression Guidance -> a replacement for nega,ve CFG (image genera0on)

• Adap0ve Background Blending -> applicable to all mask-based inpain0ng

Our results show that modern diffusion models like FLUX already contain strong 

composi,on priors and proper guidance can effec0vely unlock these capabili0es.


