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Introduction
Introduction ●○

A key challenge in Offline RL is keeping policy learning close to the data 

distribution. Taking actions that deviate from the dataset (OOD samples) 

can lead to inaccurate predictions by the learned models, causing suboptimal 

or unsafe decisions.

Offline RL is a branch of reinforcement learning where the policy is 

learned from a static, pre-collected dataset of environment interactions, 

without additional interactions with the environment. 

To address this, Model-Based Planning builds a dynamics model of the 

environment, which predicts how the environment will respond to actions. 
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Work Focus
Introduction ○●

Our work focuses on implementing a Model-Based Offline 

Planning algorithm. Specifically, it conducts trajectory rollouts 

guided by a behavior policy learned directly from data. The 

algorithm identifies and prunes problematic trajectories to 

minimize out-of-distribution (OOD) actions, improving 

decision-making and optimizing outcomes.
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Dataset: Mujoco
Data ●○

▪ Mujoco: Multi-Joint dynamics with Contact. It provides realistic physics simulations 

for contact dynamics and balances physical accuracy and computational efficiency.

▪ The environments chosen are: Half Cheetah, Walker2D and Hopper. They are all 

stochastic in terms of their initial state, with a Gaussian noise added to a fixed initial 

state in order to add stochasticity.

a) Walker2D b)  Half Cheetah c) Hopper 
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Environment set-up
Data ○●

Reset

Reset

The reset method is called 

at the start of each episode 

to initialize the environment.

Normalization

Normalization (optional)

- State Normalization: adjusts

observations and next states by 

shifting and scaling based on 

dataset statistics.

- Reward Normalization: rescales

rewards to [0,1]

Step
Step

It is called repeatedly during 

an episode to sample 

transitions until the done flag 

is true or the dataset is 

exhausted.

Data Loading & 

Preprocessing

Loads observations, actions, 

rewards, next states, and done 

flags from the dataset. 
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Overview
Proposed Method ●○○○○○○

Dynamics Model

It learns the environmet’s

behavior by predicting its 

response to different 

actions.

Q-Network
Guides the policy to 

estimate the value of 

various state-action pairs

Planning algorithm that 

leverages trajectories 

generated by the 

dynamics model to 

optimize action 

sequences and improve 

decision-making.

MOPP
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ADM: Autoregressive Dynamic Model
Proposed Method ○●○○○○○

▪ Probabilistic Dynamics Model:  

▪ Behavior Policy: 

𝑓𝑚 𝑠𝑡 , 𝑎𝑡 = (𝑟𝑡 , 𝑠𝑡+1)

𝑓𝑏 𝑠𝑡 = 𝑎𝑡

ADM models the joint probability of outputs by breaking it down into 

conditional probabilities for each dimension of the output:

with:

- 𝑜𝑖 =
- 𝑜<𝑖 =

value of the output at i-th dimension

all previous output dimensions not including i

It has 2 main purposes:
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ADM: Network and Ensemble
Proposed Method ○○●○○○○

ADM Network Design

ADM Ensemble

❑ Input Processing

❑ Output Modeling

MOPP uses an ensemble of K ADM models, 

each designed with a unique output ordering 

leading to diverse probabilistic outcomes. Through 

the ensemble, the model can identify and mitigate 

high-uncertainty trajectories.  The network processes two types of inputs:

• State: used to predict the behavior policy, 

which outputs actions as mean and variance.

• State-Action Pair : used to model dynamics, 

predicting the next state and reward.

For each output dimension, separate MLPs

predict: 

• Mean: central tendency of the distribution

• Standard Deviation (Std): captures

uncertainty, enabling probabilistic

sampling and log-likelihood computations.

ADM #1 ADM #2 ADM #3
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Q-Network
Proposed Method ○○○●○○○

Understanding the expected return of a given state-action pair under the behavior policy is crucial. 

This is achieved by learning the Q-function, which estimates the cumulative future rewards 

starting from state when taking a specific action and following the behavior policy thereafter.

Learn Q-Function with FQE Evaluating Value Function

This approach iteratively trains the 

Q-Function by minimizing the difference between 

the predicted Q-value and the targte value.

Once the Q-function is learned, it’s used to 

evaluate the Value function, which represents 

the expected value of a state under the 

behavior policy.

with:
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MOPP: Algorithm
Proposed Method ○○○○●○○

▪ MOPP is a model-based offline planning framework 

designed to optimize actions for high-reward 

trajectories in offline reinforcement learning

▪ It enables diverse sampling from the behavior 

policy with boosted variance and performs max-Q 

operations on sampled actions. 

▪ It leverages an expressive autoregressive 

dynamics model for learning system dynamics and 

optimizing behavior

▪ By integrating a value function at the terminal state, 

MOPP extends the planning horizon within finite-

horizon Model Predictive Control (MPC), optimizing 

actions over a fixed horizon H
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MOPP: Trajectory Rollout
Proposed Method ○○○○○●○

Actions sampled from a 

Gaussian distribution, 

scaling uncertainty to 

enhance exploration

Actions with the highest 

Q-value are selected for 

long-term reward 

optimization.

Actions are blended with 

previous ones using a 

coefficient to balance 

diversity and prior 

knowledge.

03 02

01

Max-Q Selection

Action Sampling

Trajectory Mixing
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MOPP: Trajectory Pruning and Optimization
Proposed Method ○○○○○○●

Trajectory Pruning

Goal: Focus on high-value trajectories by removing 

low-reward or uncertain ones.

1. Compute state-action uncertainty matrix for all

trajectories, using dynamics model ensemble 

disagreement

2. Retain trajectories with low uncertainty or 

supplement with the least uncertain ones.

Trajectory Optimization

Goal: being an extended version of MPPI, it generates 

and evaluates candidate action sequences to identify 

optimal actions

1. Calculate cumulative returns for each

trajectory

2. Re-weight actions based on exponentiated 

returns
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Results
Experiments ●○

Half CheetahHopper

Random

Medium

Walker2D
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SOTA Comparison

Notice: due to lack of computational power, experiments are conducted on a 

reduced part of the dataset (100.000 samples instead of 1M). Moreover, components

are trained for 1000 epochs rather than 500.000, as in the SOTA papers.

Experiments ○●
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Conclusions and Future Works
Conclusions and Future Works ●

RESULTS

The method showed

promising performance, 

especially considering the 

limited training time.

ROLLOUT 

IMRPOVEMENT

Future works can explore 

better rollout strategies to 

improve trajectory quality 

and diversity.

TESTING ON NEW 

DATASETS

Expanding the evaluation to 

other datasets like Androit or 

different MuJoCo types can 

help assess the method's 

versatility and effectiveness.
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MOPP - Model-Based Offline Planning with 

Trajectory Pruning

Thank you for listening!

Any questions?
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