
InPO: Inversion Preference Optimization with Reparametrized DDIM for 
Efficient Diffusion Model Alignment

Motivation:
• Efficiency: How to Mitigate the Impact of Long-Chain 

Markov Processes in Diffusion Models Alignment? 

Yunhong Lu, Qichao Wang, Hengyuan Cao, Xierui Wang, Xiaoyin Xu, Min Zhang
Project Page:
https://jaydenlyh.github.io/InPO-project-page/

LLM

𝑐𝑐
prompt

𝑝𝑝(𝑥𝑥0|𝑐𝑐)

Denoiser

𝑐𝑐 𝜖𝜖
noise

𝑝𝑝(𝑥𝑥0|𝑐𝑐)

× 𝑇𝑇

prompt

Denoiser

𝑐𝑐
latent

𝑝𝑝(𝑥𝑥0|𝑐𝑐)

𝑥𝑥𝑡𝑡
prompt

DPO Diffusion-DPO DDIM-InPO

Solution:
• Step-1: Diffusion Model Reparameterization for One- 

     Step Generation.
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• Step-2: Finding Appropriate Latent Variables 𝑥𝑥𝑡𝑡 at any 
timestep 𝑡𝑡 via DDIM Inversion.
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• Step-3: Joint Distribution DPO Training Framework.

DDIM-InPO Framework:

DDIM Inversion in 𝑥𝑥0 space

Target: denoise in single-step
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Experiments:
Win-rate Comparison with Baselines

SDXL DPO InPOControl

Conclusion:
Advantages of Fine-Tuning Data-Dependent Latent       
Variables in Pre-Trained Diffusion Models:

• Preservation of Pre-Trained Knowledge
• Targeted Performance Improvement
• Optimized Computational Efficiency
• Interpretability and Parametric Control
• Cross-Domain Broader Applicability

Training Costs

Future Work: Targeted fine-tuning of specific latent 
variables (via controlled noise injection) may establish 
a universal paradigm for future post-training adaptation.
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