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The Challenge of Existing Diffusion Models
Hard to keep identity
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Goal: Design an efficient way to fine-tune diffusion 
models for subject-driven tasks.



Method
Intuitively, the objective function can be the image similarity loss, ℒsim,  for the reference dataset.

Overfit!
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Method
Solution: Using preference-based RL for text-to-image alignment.

ℒ = ℒsim + ℒpref

RPO: Reward Preference Optimization



Method
λ-Harmonic reward :=

1
λ

ALIGN-I + 1 − λ

ALIGN-T
,

where ALIGN-I and ALIGN-T are the image 
alignment and text alignment scores, respectively.

During training, λtrain = 0.

👎 👍



Method
λ-Harmonic reward :=

1
λ

ALIGN-I + 1 − λ

ALIGN-T
,

During validation, λval > 0.

👎 👍



Observation
Reward changes in the λval = 0.3 during training process.

Early-stopping also alleviate overfitting.



Quantitative Results

We report results for λval = 0.5.



Qualitative Results



Ablation Study



Ablation Study



Takeaway
• Introduce lambda-Harmonic reward function for the subject-driven tasks.


• Employ RPO to finetune the diffusion models.


• Lambda-Harmonic reward function serves as a model selection method.


