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Customized T2I Diffusion Models: Personalized Generation

■ Personalized Generation: Personal Objects | Commercial Posters | Style Transfer



Central Problem: Concept Coupling

■ Few-shot data with low variance causes target-context coupling



Motivation
■ Existing approaches mitigate overfitting, ACCORD directly formalizes and 

minimizes concept coupling

Method Category Representative Methods Limitations regarding Concept Coupling

Data Regularization DreamBooth, 
CustomDiffusion

Use superclass datasets to preserve model 
priors but risks distorting concept relationships

Weight 
Regularization

LoRA, SVDiff Constrains parameter updates to prevent 
overfitting, which can indiscriminately degrade 

fidelity

Region/Loss Proxies CoRe, Facechain-SuDe Relies on spatial attention heuristics or fails for 
global attributes like style

Dependence 
Regularization

ACCORD (Ours) Directly treats statistical dependencies. Plug-
and-play formulation



Formulation of Concept Coupling
■ Measuring concept dependence via conditional dependence coefficient �: 

○ ��: Personalization target

○ ��: General concepts, e.g. text condition

○ ��,�: Image generated at diffusion timestep t

○ �(��, ��|��,�) = 1: the two concepts �� and �� are independent

○ �(��, ��|��,�) ≫ 1 or �(��, ��|��,�) ≪ 1: the two concepts are strongly correlated

■ Concept coupling can be formulated as an excessive inter-concept dependency:

   where �� denotes the superclass of ��. Namely the generated image ��,0 introduce 

additional dependencies between the personalization target �� and general concepts ��



Formulation of Concept Coupling
■ Target of concept decoupling: 

○ Correct �(��, ��|��,0) in the generated images so that it approximates the prior concept 

dependence between �� and ��.

■ The dependence discrepancy can be further decomposed: 

○ 푙�� �(��, ��|��) = 푙�� �(��, ��) holds since �� is Gaussian noise sampled 

independently of the condition �� and ��.

■ We then minimize this two discrepancies respectively. 



Denoising Decouple Loss (DDLoss)
■ Minimize the denoising dependence discrepancy

○ Relax it with the sum of dependence discrepancies between adjacent denoising steps: 

○ By Bayes’theorem and the Gaussianity of noisy latents at timestep � − 1:



Denoising Decouple Loss (DDLoss)
■ Calculation of DDLoss:



Prior Decouple Loss (PDLoss)
■ Minimize the prior dependence discrepancy

○ Rewrite it as: 

○ PDLoss estimation relies on conditional probabilities �(��|��) and �(��|��), which CLIP can help:

○ By Lemma 2, we have the following approximation:

○ Thus, we have Theorem 3:



Prior Decouple Loss (PDLoss)
■ Calculation of PDLoss:



Quantitative Results
■ Subject & Style & Face personalization

○ plug-and-play
○ enhancing both text alignment and subject fidelity



Qualitative Results
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Thanks for attention!


