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Background
• Test-time Adaptation (TTA)

• A task model 𝑓𝑓𝜃𝜃 pre-trained on labeled source data 𝒟𝒟𝑆𝑆 = 𝐱𝐱𝑖𝑖 ,𝑦𝑦𝑖𝑖 𝑖𝑖=1
𝑁𝑁 .

• Adapt to unlabeled test-time target data 𝒟𝒟𝑇𝑇 = 𝐱𝐱𝑗𝑗 𝑗𝑗=1
𝑀𝑀 on the fly.

• Under distribution shifts: 𝐱𝐱𝑖𝑖 ∼ 𝑃𝑃𝑆𝑆 𝐱𝐱 , 𝐱𝐱𝑗𝑗 ∼ 𝑃𝑃𝑇𝑇 𝐱𝐱 ,𝑃𝑃𝑆𝑆 𝐱𝐱 ≠ 𝑃𝑃𝑇𝑇 𝐱𝐱 .

• Diffusion Models
• A family of generative models excel at modeling data distribution 
• Learning to restore the gradually destroyed data structure
• Discriminativeness revealed in conditional diffusion models



Motivation
• Generative Modeling

• Captures the underlying structure of data
• Faster adaptation to unseen data (vs. discriminative modeling)
• Potential in facilitating discriminative tasks (e.g., JEM)

• Existing Art Diffusion-TTA
• Employs diffusion models to achieve competitive TTA performance
• Relies on computationally demanding Monte-Carlo method
• Knowledge from low-dimensional conditioning space, limited versatility

Prabhudesai, Mihir, et al. "Test-time adaptation of discriminative models via diffusion generative feedback." Advances in Neural 
Information Processing Systems 36 (2024).



Method: DUSA

• Score Function: ∇𝐱𝐱 log 𝑝𝑝 𝐱𝐱
• Semantic Structure between Score Functions

• Score-Noise Connection (Tweedie’s Formula)

• Conditional Score Estimation

∇𝐱𝐱 log 𝑝𝑝 𝐱𝐱 = �
𝑦𝑦

𝑝𝑝 𝑦𝑦 𝐱𝐱 ∇𝐱𝐱 log 𝑝𝑝 𝐱𝐱 𝑦𝑦
score function cond. score functionsimplicit priors

∇𝐱𝐱𝑡𝑡 log 𝑝𝑝 𝐱𝐱𝑡𝑡 = −
𝝐𝝐

1 − �𝛼𝛼𝑡𝑡

∇𝐱𝐱𝑡𝑡 log 𝑝𝑝 𝐱𝐱𝑡𝑡 𝑦𝑦 = −
𝝐𝝐𝜙𝜙 𝐱𝐱𝑡𝑡, 𝑡𝑡, 𝐜𝐜𝑦𝑦

1 − �𝛼𝛼𝑡𝑡



Method: DUSA

• Structured Semantic Priors in Diffusion Score

• Embed task model 𝑓𝑓𝜃𝜃 to extract knowledge from diffusion model 𝝐𝝐𝜙𝜙

 Semantic priors from any single timestep
 Knowledge from a high-dimensional latent space (noise space)

𝝐𝝐 = �
𝑦𝑦

𝑝𝑝 𝑦𝑦 𝐱𝐱𝑡𝑡 𝝐𝝐𝜙𝜙 𝐱𝐱𝑡𝑡, 𝑡𝑡, 𝐜𝐜𝑦𝑦

ℒ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝜃𝜃,𝜙𝜙 = 𝔼𝔼𝝐𝝐 𝝐𝝐 −�
𝑦𝑦

𝑝𝑝𝜃𝜃 𝑦𝑦 𝐱𝐱0 𝝐𝝐𝜙𝜙 𝐱𝐱𝑡𝑡 , 𝑡𝑡, 𝐜𝐜𝑦𝑦
2

2

implicit priorsreal noise cond. noise estimations



Method: DUSA

• Joint update of task model 𝑓𝑓𝜃𝜃 and diffusion model 𝝐𝝐𝜙𝜙
• A CSM to reduce computational complexity: 𝒪𝒪 𝐾𝐾 ⇒ 𝒪𝒪 𝑏𝑏 = 𝑘𝑘 + 𝑚𝑚

ℒ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝜃𝜃,𝜙𝜙 = 𝔼𝔼𝝐𝝐 𝝐𝝐 −�
𝑦𝑦

𝑝𝑝𝜃𝜃 𝑦𝑦 𝐱𝐱0 𝝐𝝐𝜙𝜙 𝐱𝐱𝑡𝑡, 𝑡𝑡, 𝐜𝐜𝑦𝑦
2

2



Method: DUSA-U

• Another Semantic Structure in CFG-based Diffusion Models

• Separate Update of Task Model and Diffusion Model

 Vastly reduced computational overhead for diffusion model update

𝝐𝝐𝜙𝜙 𝐱𝐱𝑡𝑡 , 𝑡𝑡,∅ = �
𝑦𝑦

𝑝𝑝 𝑦𝑦 𝐱𝐱𝑡𝑡 𝝐𝝐𝜙𝜙 𝐱𝐱𝑡𝑡, 𝑡𝑡, 𝐜𝐜𝑦𝑦
implicit priorsuncond. noise estimation cond. noise estimations

task model-driven update

ℒ𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝜃𝜃 = 𝔼𝔼𝝐𝝐 𝝐𝝐 −�
𝑦𝑦

𝑝𝑝𝜃𝜃 𝑦𝑦 𝐱𝐱0 𝝐𝝐𝜙𝜙 𝐱𝐱𝑡𝑡, 𝑡𝑡, 𝐜𝐜𝑦𝑦
2

2

,ℒ𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 𝜙𝜙 = 𝔼𝔼𝝐𝝐 𝝐𝝐 − 𝝐𝝐𝜙𝜙 𝐱𝐱𝑡𝑡, 𝑡𝑡,∅ 2
2 ,

ℒ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷−𝑈𝑈 = ℒ𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝜃𝜃 + ℒ𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 𝜙𝜙

implicit prior-driven update

ℒ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝜃𝜃,𝜙𝜙 = 𝔼𝔼𝝐𝝐 𝝐𝝐 −�
𝑦𝑦

𝑝𝑝𝜃𝜃 𝑦𝑦 𝐱𝐱0 𝝐𝝐𝜙𝜙 𝐱𝐱𝑡𝑡, 𝑡𝑡, 𝐜𝐜𝑦𝑦
2

2



Method: DUSA-seg

• Easily Applicable to Dense Prediction Tasks
• Take semantic segmentation as an example
• Correspondence between image space and latent space (LDM)
• Per-pixel noise can be acquired by taking elements from image-level noise

• The objective is almost unchanged:

ℒ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝜃𝜃,𝜙𝜙 = 𝔼𝔼𝝐𝝐 𝝐𝝐 −�
𝑦𝑦

𝑝𝑝𝜃𝜃 𝑦𝑦 𝐱𝐱0 𝝐𝝐𝜙𝜙 𝐱𝐱𝑡𝑡, 𝑡𝑡, 𝐜𝐜𝑦𝑦
2

2

ℒ𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷−𝑠𝑠𝑠𝑠𝑠𝑠 = 𝔼𝔼𝝐𝝐, ℎ,𝑤𝑤 𝝐𝝐 −�
𝑘𝑘=1

𝐾𝐾

𝑝𝑝𝜃𝜃 𝐲𝐲 𝐱𝐱0 ℎ,𝑤𝑤,𝑘𝑘 ⋅ 𝝐𝝐𝜙𝜙 𝐱𝐱𝑡𝑡 , 𝑡𝑡, 𝐜𝐜𝑘𝑘 ℎ,𝑤𝑤

2

2

𝝐𝝐𝜙𝜙 𝐱𝐱𝑡𝑡, ℎ,𝑤𝑤 , 𝑡𝑡, 𝐜𝐜𝑘𝑘 ← 𝝐𝝐𝜙𝜙 𝐱𝐱𝑡𝑡 , 𝑡𝑡, 𝐜𝐜𝑘𝑘 ℎ,𝑤𝑤



Results: Fully TTA of ImageNet Classifiers



Results: Continual TTA of ImageNet Classifiers



Results: Fully TTA of ADE20K Segmentors



Results: Ablation Study



Thanks for Listening!

Contact: mingjiali@bit.edu.cn

https://github.com/BIT-DA/DUSA
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