
Analytic Energy-Guided Policy Optimization 
for Offline Reinforcement Learning

Jifeng Hu, Sili Huang, Zhejian Yang, Shengchao Hu,

Li Shen, Hechang Chen, Lichao Sun, Yi Chang, Dacheng Tao

School of Artificial Intelligence, Jilin University, Changchun, China

Jifeng Hu

2025



1. Background
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 Conditional Diffusion Model

➢ Classifier-guided Diffusion Model

Score-Based Generative Modeling through Stochastic Differential Equations
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➢ Class-free Diffusion Model

Usually, classifier guidance and classifier-free guidance need paired data, i.e., samples and
the corresponding conditioning variables, to train a controllable diffusion model. However,
it is difficult to describe the conditioning variables for each transition in RL. We can only
evaluate the value for the transitions with a scalar and continuous function.



1. Relation of RL and energy guided diffusion model
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1. Background
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Action-value function guided diffusion policy = Unconditional diffusion policy (obtained
through imitation learning) + Guidance term (a function of Q)

Since the diffusion model has multiple steps, the above relationship is only satisfied in
the first step. In order to make the above relationship hold for any step

(Intermediate energy)
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2. Method: imitation+guidance
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Obviously, the optimal distribution (guided distribution) can be formed by combining
two terms. If we want to sample from the optimal distribution, it is only necessary to
compute the two terms separately
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Unconditional diffusion model Intermediate guidance

The gradient of intermediate energy
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2. Method: dependence conversion
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 1) How to obtain the solution of the intermediate guidance ( , )
ta t ts a 

➢ Convert the implicit dependence on the action in the exponential term to explicit
dependence
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➢ Obtain the further results
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2. Method: moment generating function
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 2) How to obtain the solution of  0
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➢ After derivation we get
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➢ The intermediate energy can be represented by



2. Method: posterior approximation
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 3) How to obtain the approximation of 0| 0|,t t 

➢ Obviously, the mean vector satisfy
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➢ The covariance matrix can be approximated through two methods



2. Method: posterior approximation
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➢ The approximated covariance matrix can be simplified to

➢ To simplify the problem of calculating the exact covariance matrix, we adopt two
strategies:
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➢ The intermediate energy can be represented by
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2. Method: neural network estimation
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 4) How to obtain the gradient of intermediate energy
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➢ First train a neural network for intermediate energy estimation
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➢ Then use the well-trained intermediate energy to obtain the gradient

➢ The Q function can be obtained through many strategies, such as IQL

➢ Guidance rescale: make inference more stable
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3. Experiments
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 Experiments:
Gym-MuJoCo (9 tasks), Pointmaze (6 tasks), Locomotion (6 tasks), and Adroit (12 tasks)

 Evaluation Metrics:

 Baselines:
➢ Diffusion-based methods: DiffuserLite, HD-DA, IDQL, AdaptDiffuser, Consistency-AC, HDMI,

TCD, QGPO, SfBC, DD, Diffuser, and D-QL, etc.
➢ Traditional RL methods: AWAC, and BC, etc.
➢ Model-based methods: TAP, MOReL, MOPO, and MBOP, etc.
➢ Constraint-based methods: CQL, BCQ, BEAR, etc.
➢ Uncertainty-based methods: PBRL, TD3+BC, and IQL, etc.
➢ Transformer-based methods: BooT, TT, and DT, etc.
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3. Experiments: main results
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3. Experiments: main results
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3. Experiments: rescale ablation
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Gym-MuJoCo walker2d-medium-expert task Gym-MuJoCo halfcheetah-medium-expert task



3. Experiments: parameter sensitivity
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4. Conclusion
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we theoretically analyze the intermediate energy with a log-expectation formulation,
derive the solution of intermediate energy by addressing the posterior integral, and
propose a new diffusion-based method called Analytic Energy-guided Policy
Optimization (AEPO).

We investigate the closed-form solution of intermediate guidance that has intractable
log-expectation formulation and provide an effective approximation method under
the most widely used Gaussian-based diffusion models.   

we conduct sufficient experiments in 4 types, 30+ tasks by comparing with 30+
baselines to validate the effectiveness.
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