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• Problem setup. Closed-loop control task: Given a control objective 𝒥𝒥, an initial state 𝑢𝑢0, and a 
system dynamics 𝐺𝐺, find the optimal policy 𝜋𝜋 to optimize 𝒥𝒥:

• min
𝜋𝜋

𝔼𝔼𝑤𝑤𝜏𝜏+1∼𝜋𝜋(𝑤𝑤𝜏𝜏+1|𝑢𝑢𝜏𝜏) 𝒥𝒥 𝑢𝑢0,𝑤𝑤1,𝑢𝑢1,⋯ ,𝑤𝑤𝑁𝑁,𝑢𝑢𝑁𝑁 , 

•  s.t. 𝑢𝑢𝜏𝜏+1 = 𝐺𝐺(𝑢𝑢𝜏𝜏,𝑤𝑤𝑡𝑡+1, 𝜉𝜉𝜏𝜏)

• Applications. Underwater Robot control, fusion control, rocket control, et al.

• Challenges. High-dimensional and highly nonlinear system dynamics. 3

Control 
Model

Environment 
𝐺𝐺Control action 𝑤𝑤𝜏𝜏+1

Update state

Control objective 𝒥𝒥

State 𝑢𝑢𝜏𝜏 State 𝑢𝑢𝜏𝜏+1

← Closed-loop requirement

Introduction



Previous diffusion control approaches
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Introduction

• Methods: Use diffusion models to sample control actions [1,2].

• Open-loop control: Plans all actions inside the model horizon in advance, and 
applies them sequentially to the environment, but with the following limitations:

• Small replan interval: high computational cost; inconsistent trajectory.

• Large replan interval: violates the closed-loop requirement.

• Adaptive replan interval [3]: extra computation; extra hyperparameters; also 
violates the closed-loop requirement.

[1] Cheng Chi et al. Diffusion Policy: Visuomotor Policy Learning via Action Diffusion. RSS2023
[2] Long Wei et al. DiffPhyCon: A Generative Approach to Control Complex Physical Systems. NeurIPS 2024.
[3] Siyuan Zhou et al. Adaptive online replanning with diffusion models. NeurIPS 2023.



Contributions
We propose CL-DiffPhyCon, an efficient closed-loop diffusion control method, which accelerates
the sampling process of diffusion model-based control significantly.



Approach
• Notations. joint variable 𝑧𝑧𝜏𝜏 𝑡𝑡 ≜ [𝑢𝑢𝜏𝜏 𝑡𝑡 ,𝑤𝑤𝜏𝜏(𝑡𝑡)]  with noise level 𝑡𝑡 at physical time step 𝜏𝜏 
•    synchronous noise variable: 𝑧𝑧𝜏𝜏:𝜏𝜏+𝐻𝐻−1 𝑡𝑡 ≜ [𝑧𝑧𝜏𝜏 𝑡𝑡 ,𝑧𝑧𝑡𝑡+1 𝑡𝑡 ,⋯,𝑧𝑧𝜏𝜏+𝐻𝐻−1(𝑡𝑡)]
•    asynchronous noise variable: 𝑧̃𝑧𝜏𝜏:𝜏𝜏+𝐻𝐻−1 𝑡𝑡 ≜ [𝑧𝑧𝜏𝜏 𝑡𝑡 ,𝑧𝑧𝑡𝑡+1 𝑡𝑡+ 𝑇𝑇

𝐻𝐻
,⋯ ,𝑧𝑧𝜏𝜏+𝐻𝐻−1(𝑡𝑡+𝐻𝐻−1

𝐻𝐻
𝑇𝑇)]

• Learning. We propose to learn the initializing distribution by a synchronous diffusion model 𝜖𝜖𝜙𝜙, 
and the transition distribution by an asynchronous diffusion model 𝜖𝜖𝜃𝜃:

• ℒsynch = 𝔼𝔼𝑡𝑡∼𝑈𝑈 0,𝑇𝑇 ,𝝐𝝐∼𝒩𝒩 0,I ,(𝑢𝑢0,𝑧𝑧1:𝐻𝐻)~Data 𝜖𝜖 − 𝜖𝜖𝜙𝜙(𝑧𝑧1:𝐻𝐻(𝑡𝑡), 𝑠𝑠0, 𝑡𝑡)
2
2

• ℒasynch = 𝔼𝔼𝜏𝜏~𝑈𝑈 1,𝑁𝑁−𝐻𝐻+1 ,𝑡𝑡∼𝑈𝑈 0,𝑇𝑇/𝐻𝐻 ,𝝐𝝐∼𝒩𝒩 0,I ,(𝑠𝑠𝜏𝜏−1,𝑧𝑧𝜏𝜏:𝜏𝜏+𝐻𝐻−1)~Data 𝜖𝜖 − 𝜖𝜖𝜃𝜃(𝑧̃𝑧𝜏𝜏:𝜏𝜏+𝐻𝐻−1(𝑡𝑡), 𝑠𝑠𝜏𝜏−1, 𝑡𝑡) 2
2
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Theorem: (informal) To sample from the joint distribution 𝑝𝑝(𝑧𝑧1,⋯ , 𝑧𝑧𝑁𝑁 |𝑢𝑢0), we only need to 
learn from the following two distributions:
               initializing distribution: 𝑝𝑝(𝑧̃𝑧1:𝐻𝐻(𝑇𝑇/𝐻𝐻)|𝑢𝑢0), 
          and transition distribution: 𝑝𝑝(𝑧̃𝑧𝜏𝜏:𝜏𝜏+𝐻𝐻−1(0)|𝑎𝑎𝜏𝜏−1(0), 𝑧̃𝑧𝜏𝜏:𝜏𝜏+𝐻𝐻−1(𝑇𝑇/𝐻𝐻)) 



• Inference (closed-loop control) algorithm.
Initialization: Sample 𝑧𝑧1:𝐻𝐻(𝑇𝑇/𝐻𝐻) by using 𝜖𝜖𝜙𝜙, then take its diagonal 𝑧̃𝑧1:𝐻𝐻(𝑇𝑇/𝐻𝐻) 
    For 𝜏𝜏 = 1,⋯ ,𝑁𝑁 do
          For 𝑡𝑡 = 𝑇𝑇/𝐻𝐻,𝑇𝑇/𝐻𝐻 − 1,⋯ , 1 do
                𝑧̃𝑧𝜏𝜏:𝜏𝜏+𝐻𝐻−1 𝑡𝑡−1 ←𝑧̃𝑧𝜏𝜏:𝜏𝜏+𝐻𝐻−1 𝑡𝑡 −𝜂𝜂 𝜖𝜖𝜃𝜃 𝑧̃𝑧𝜏𝜏:𝜏𝜏+𝐻𝐻−1 𝑡𝑡 ,s𝜏𝜏−1,𝑡𝑡 +𝜆𝜆𝛻𝛻z𝒥𝒥 𝐳̂𝐳𝑘𝑘 +𝜁𝜁,𝜁𝜁∼𝒩𝒩 0,I
          End for
          Input 𝑤𝑤𝜏𝜏(0) contained in 𝑧𝑧𝜏𝜏 0  to the environment; transfer the state to 𝑠𝑠𝜏𝜏
          Sample 𝑧𝑧𝜏𝜏+𝐻𝐻 𝐻𝐻 ~𝒩𝒩 0,𝜎𝜎𝑇𝑇2I   // append the end of the horizon with noise
              Update 𝑧̃𝑧𝜏𝜏+1:𝜏𝜏+𝐻𝐻 𝑇𝑇/𝐻𝐻 ← [𝑧𝑧𝜏𝜏+1 𝑇𝑇/𝐻𝐻 ,⋯,𝑧𝑧𝜏𝜏+𝐻𝐻 𝐻𝐻 ] // move to the next horizon
    End for 7

Efficiency:.
• Our CL-DiffPhyCon is 𝐻𝐻/ℎ 

times faster than 
DiffPhyCon-ℎ. 

• Could be enhanced further by 
using fast sampling methods, 
such as DDIM.

Approach



• 1D Burgers’ Equation Control.
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Results
Control objective:

[3]

(*DiffPhyCon-ℎ: 
replan actions from 
scratch every ℎ time 
steps by using 
DiffPhyCon). 



• 2D Smoke Indirect Control (Navier-Stokes Equation) 
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Results

Control objective: minimize the smoke failing to pass through the target exit. 



• 2D Smoke Indirect Control (Navier-Stokes Equation) 
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Results

[3]
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Thank you!

If you have any questions, please feel free to contact us at:
weilong@westlake.edu.cn
fenghaodong@westlake.edu.cn
wutailin@westlake.edu.cn
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