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Motivation

● Planning in learned world models is 
easily exploited with standard trajectory 
optimization

● Can more of the trajectory optimization 
be folded into the world modeling?

● Desiderata:
○ Data driven
○ Long horizon scalability
○ Task compositionality
○ Temporal compositionality
○ Effective non-greedy planning
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Background
Trajectory Optimization - finding a sequence of actions that maximizes an objective factorized over 
per-timestep rewards.

Diffusion Probabilistic Models - pose the data-generation process as an iterative denoising procedure
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Related Work - Guided Diffusion

● Requires differentiable cost/reward function
● Taking gradient step on noise while denoising 

maximizes reward

No Guidance

Guidance
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Related Work - Planning in World Models

● Model Based Reinforcment Learning 
○ Still asymptotically dominated by model-free methods
○ Borrow heavily from model-free methods

● World Model + Traditional Planning
○ Traj optimization based methods can generate adversarial examples
○ Random shooting - does not have same exploitation, but may be too simple
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Method - Overview

Key Idea:
● Instead of having one model for world 

modeling and another model for 
acting, model both at same time

● Sampling = Planning 
● Model whole trajectory at same time
● Single diffusion model can be used for 

multiple tasks in same environment

● Guided sampling allows for flexible 
planning
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Method - Design Decisions

Key Features:
● Jointly denoise states and actions
● No causal masking - predict all timesteps 

of the plan concurrently
● Convolutional -

○ Denoising steps are temporally local
○ No fixed planning horizon

● Plan and rollout in receding horizon 
fashion
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Guided Diffusion Planning

Practical Pipeline:
1. Train diffusion model on all available 

trajectory data (states + actions)
2. Train reward model J to predict cumulative 

rewards of noisy samples
3. Guide reverse process using reward 

gradients 

At test time:
● Execute first action of sampled plan, 

replan (receding horizon)
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RL as Inpainting

Core Idea:
● Goal-conditioned RL = constraint 

satisfaction, not reward max
● Trajectory as 2D array: constrained 

states/actions = “observed pixels”
● Diffusion model fills in unobserved cells 

consistently

Implementation:
● Sample from unperturbed reverse 

process, then replace constrained values 
at every denoising step

● Always inpaint current state s at t=0 
(receding horizon)
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Some interesting properties
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Experiments - Overview

Settings they evaluate:
● (1) Long-horizon planning — sparse rewards, no reward shaping
● (2) Test-time flexibility — generalize to novel goals/tasks unseen during training
● (3) Offline RL — recover effective control from heterogeneous data
● (4) Warmstarting to improve inference speed
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Long-Horizon Planning

Environment: Maze2D
● Sparse reward — reward of 1 only at goal location
● Single-task: fixed goal | Multi-task: goal resampled 

each episode
● Uses inpainting to condition on start and goal state
● Diffuser does NOT retrain for multi-task — just 

changes inpainting goal

https://docs.google.com/file/d/1pAsoJGZSQgH8HI_yOPRA2IQKPL31IQgb/preview
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Task Compositionality

Block stacking: 3 tasks, 1 trained model
◦ Unconditional Stacking — maximize 

stack height
◦ Conditional Stacking — specified 

block order
◦ Rearrangement — match reference 

configuration
Method: compose h(tau) perturbation 
functions
● Perturbation 1: maximize likelihood of 

target final state
● Perturbation 2: enforce contact constraint 

(end-effector to cube)
● No retraining needed — new tasks at test 

time via h(tau)
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Unconditional Conditional

https://docs.google.com/file/d/19VnMLvYaWeois7DH__ena4AJJSy0COUU/preview
https://docs.google.com/file/d/1oifkwHPGa9V2mH2QtfpatAutoxFNrYUT/preview
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Offline RL (D4RL Locomotion)
Setup:
● Combines guided sampling  + inpainting 
● Reward model J trained on same offline trajectories
● Inpaint current state s_t at each timestep (receding horizon)
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Offline RL (D4RL Locomotion)

https://docs.google.com/file/d/1DOYRcfz2Ae8vbQhqi2Qrg60KCCm9URcO/preview
https://docs.google.com/file/d/17kYh5wiI0633oXy2_NV9GEefmPDh6zpB/preview
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Warmstarting for Faster Planning

Problem:
● Iterative generation is slow — full replan 

at every execution step
Solution: warm-start from previous plan
● Step 1: apply k forward diffusion steps to 

previous plan (add noise)
● Step 2: run k denoising steps to 

regenerate updated plan
● Only k << N steps needed instead of full 

N-step diffusion



19
19
19

19

Conclusion and Future Work


