
Robot Learning

Offline Reinforcement Learning

Prof. Songhwai Oh
ECE, SNU

Prof. Songhwai Oh 1Robot Learning



• Off-Policy Deep Reinforcement Learning without Exploration
• Stabilizing Off-Policy Q-Learning via Bootstrapping Error Reduction
• Conservative Q-learning for offline reinforcement learning
• Implicit Constraint Approach for Offline Multi-Agent Reinforcement Learning

Contents

2Robot Learning

Handling extrapolation error

• Decision Transformer: Reinforcement Learning via Sequence Modeling
• Trajectory Transformer
• Learning to generalize across long-horizon tasks from human demonstrations

Data augmentation
• S4RL: Surprisingly Simple Self-Supervision for Offline Reinforcement Learning

Model-based
• MOReL: Model-Based Offline Reinforcement Learning

Supervised learning

Prof. Songhwai Oh 



OFF-POLICY DEEP REINFORCEMENT LEARNING 
WITHOUT EXPLORATION

Fujimoto, Scott, David Meger, and Doina Precup. "Off-policy deep 
reinforcement learning without exploration." ICML, 2019. 
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• Problem
‒ In batch reinforcement learning (=offline RL), off-policy algorithms (DQN, 

DDPG) do not learn well.
‒ This is due to an extrapolation error.
‒ The cause of this problem is that the distribution of data induced by the 

policy is different from the distribution of batch data.

• Proposed method
‒ Propose batch-constrained deep Q-learning (BCQ).
‒ Use a state-conditioned generative model to produce actions similar to those 

in the batch.
‒ Can learn successfully in a setting without interaction.

Main Idea
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• Extrapolation Error
‒ Error caused by the mismatch between the dataset and state-action visitations of 

the current policy
‒ The value estimate Q(s, a) is affected by the extrapolation error during the value 

update

• Cause of extrapolation error
1. Absent Data
– The estimate of Q(s’,a’) may be arbitrarily bad because there is not enough 

data near s’, a’.
2. Model Bias
– Occurs due to the difference between the transitions of the true MDP and the 

transition distribution within the data.
3. Training Mismatch
– Occurs when distribution under the current policy and data distribution are 

different

• In case of on-policy setting, it is possible to reduce error by exploring 
overestimated part due to extrapolation error, but it is impossible in offline 
setting.

Extrapolation Error
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• To avoid extrapolation error, a policy should induce a similar state-
action to the batch (batch-constrained).

• Batch-constrained policies are trained to select actions with 
respect to three objectives: 
1. Minimize the distance of selected actions to the data in the batch.

(most important)
2. Lead to states where familiar data can be observed.
3. Maximize the value function. 

• BCQ approaches the notion of batch-constrained through a 
generative model (produce likely actions under the batch).

Batch-Constrained Deep Q-learning (BCQ)
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• Generative model for a batch (in this paper, use VAE)  : 

• Perturbation model   :
‒ Outputs an adjustment to an action a in the range [-Ф, Ф]

• Policy π :

BCQ Details
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• To penalize high variance in uncertainty region, use clipped double Q-
Learning.

• Perturbation model training: actions are sampled from a generative 
model.



BCQ Algorithm
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STABILIZING OFF-POLICY Q-LEARNING
VIA BOOTSTRAPPING ERROR REDUCTION

Kumar, Aviral, Justin Fu, Matthew Soh, George Tucker, and Sergey Levine. 
"Stabilizing off-policy Q-learning via bootstrapping error 
reduction." NeurIPS, 2019.
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• The existing methods (e.g., BCQ) implicitly constrain the distribution of the 
learned policy to be close to the behavior policy.

→ It is overly restrictive.

Proposed Method
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For example, if the behavior policy is close to uniform, the learned policy will 
behave randomly, even if the data is sufficient.

• BEAR enforces the learned policy 𝜋(𝑎|𝑠) to have a positive density only where 
the density of the behavior policy β(𝑎|𝑠) is more than a threshold. 

    (i.e.,                                                                   )

• The proposed method, Bootstrapping Error Accumulation Reduction (BEAR), 
restricts the policy to ensure that it outputs actions that lie in the support of the 
training distribution.



BEAR: Bootstrapping Error Accumulation Reduction
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• Support (policy) set  Π: the set of restricted policies

current Bellman error

suboptimality constant
: measures how far 𝜋∗ is from Π

concentrability coefficient
: measures how far Π is from the training data distribution

• Upper bound on the performance of distribution-constrained Q-iteration:

→ Therefore, using the support set Π! gives us a single lever, 𝜖, which simultaneously 
trades off the value of C(Π!) and α(Π!).

→ BEAR uses the following support set:
𝛽: the behavior policy

This bound formalizes the tradeoff between keeping policies chosen during backups 
close to the data and keeping the set Π large enough to capture well-performing policies.



BEAR: Practical Implementation
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• BEAR uses a set of Q-functions:

• Then, the policy is updated to maximize the conservative estimate of Q-values within Π! .

• Since the behavior policy 𝛽 is unknown, they use the maximum mean discrepancy (MMD) 
approximation to measure distance between two distributions using samples.

k: universal kernel
In BEAR, k is Laplacian or Gaussian Kernel

• Finally, the optimization problem in the policy improvement step becomes

→ Equation 1



BEAR: Algorithm
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• Equation 1:



CONSERVATIVE Q-LEARNING
FOR OFFLINE REINFORCEMENT LEARNING

Kumar, Aviral, Aurick Zhou, George Tucker, and Sergey Levine. "Conservative 
Q-learning for offline reinforcement learning." NeurIPS 2020.
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• Offline RL often fails due to extrapolation errors
- Overestimate Q-value on actions not appearing in dataset

• In order to prevent overestimation, conservative q-learning (CQL)
penalizes the value of out-of-distribution state-action pairs.

• By doing so, the agent’s policy tends to follow the actions explored 
by the behavior policy. 

Introduction
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• Learning the lower-bound of Q-function by minimizing the 
expected Q-value under a particular distribution,

𝜇 𝑠, 𝑎 = 𝑑(! 𝑠 𝜇 𝑎 𝑠 ,

• When 𝜇 𝑎 𝑠 = 𝜋) 𝑎 𝑠 , the resulting Q-function lim
*→,

,𝑄* 𝑠, 𝑎  
lower-bounds 𝑄( at all 𝑠 ∈ 𝐷, 𝑎 ∈ 𝐴.

Conservative Off-Policy Evaluation
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Penalizing term

𝜋": behavior policy



• To make ,𝑄( be a tighter lower-bound, we introduce an additional 
Q-value maximization term, under the data distribution.

• Then, lim
*→,

,𝑄* 𝑠, 𝑎  is not pointwise lower-bound of 𝑄(,

however, ,𝑉( 𝑠  becomes a lower-bound of 𝑉( 𝑠

Conservative Off-Policy Evaluation
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• Now we can define CQL problem as,

where 𝑅 𝜇  is a policy regularizer.

• For example, for maximum entropy regularization,
𝑅 𝜇 = −D./ 𝜇|Unif 𝑎 , CQL becomes

Conservative Q-Learning for Offline RL
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BELIEVE WHAT YOU SEE: IMPLICIT CONSTRAINT APPROACH 
FOR OFFLINE MULTI-AGENT REINFORCEMENT LEARNING

Yang, Yiqin, Xiaoteng Ma, Li Chenghao, Zewu Zheng, Qiyuan Zhang, Gao 
Huang, Jun Yang, and Qianchuan Zhao. "Believe what you see: Implicit 
constraint approach for offline multi-agent reinforcement 
learning." NeurIPS 2021.
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Introduction

20Robot LearningProf. Songhwai Oh 

• Extrapolation error is the greatest obstacle of offline RL.
𝑄 𝑠, 𝑎 ← 𝑟 + 𝛾E"!∼$ 𝑄 𝑠%, 𝑎%

• Implicit constraint Q-learning (ICQ) aims to estimate Q-value using only the 
seen state-action pairs.

Can be inaccurate for unseen 𝑎#



• Implicit constraint Q-learning (ICQ) utilizes only the seen state-action pairs
using importance sampling.

Where, 𝜌 𝜏%, 𝑎% = $ "!|'!

( "!|'!
(𝜇: behavior policy used for collecting data)

Implicit Constraint Approach for Offline RL

21Robot LearningProf. Songhwai Oh 



• How to estimate 𝜌 𝜏, 𝑎

• Policy optimization with the behavior regularized constraint.

• Then the optimal policy 𝜋∗ becomes,

• And we can estimate 𝜌 𝜏, 𝑎  as,

• Implicit Constraint Q-learning operator:

Implicit Constraint Q-learning
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• CTDE paradigm : Centralized Training and Decentralized Execution

• Value decomposition assumption:
‒ Global q-value is expressed as a linear combination of the q-values of each agent.

• Then, the joint policy can be expressed as a combination of the optimal policies 
of the all agent (for i=1,2,…,n)

Extending ICQ to Multi-Agent Tasks
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• Q-function objective:

• Policy gradient:

• Multi-agent value estimation with 𝜆-return

Extending ICQ to Multi-Agent Tasks
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S4RL: SURPRISINGLY SIMPLE SELF-SUPERVISION FOR 
OFFLINE REINFORCEMENT LEARNING IN ROBOTICS

Sinha, Samarth, Ajay Mandlekar, and Animesh Garg. "S4RL: Surprisingly 
simple self-supervision for offline reinforcement learning in 
robotics." Conference on Robot Learning (CoRL), 2021.
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Main Problem
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• Existing offline RL methods mainly focus on reducing Q-value estimation errors 

due to out-of-distribution from offline data.

• However, due to the use of parameterized neural networks, approximation 

errors are also introduced.

• In this paper, a data augmentation method for offline RL is proposed to reduce 

the approximation errors

• “Existing offline RL methods + proposed data augmentation” outperforms 

baselines in the D4RL experiments.
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Proposed Method
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• A data augmentation transformation is denoted by: 

• The authors propose seven different data augmentation transformations and 

compare the results of each transformation method.

Overview of the proposed method

.
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Proposed Method
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• Proposed Q-learning objective:

• Q values and target values are used as the average of each 
augmented state value.

• In the experiments, however, use only one augmentation transformation.

• Proposed candidates for augmentation transformation:

,
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Experiment: baselines
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• Existing offline RL methods: • Conservative Q-learning (CQL)
• Behavior regularized actor-critic (BRAC)

• Baseline augmentation (self-supervision) methods: 
• Contrastive unsupervised reinforcement learning (CURL): use 

another data augmentation transformation.

• Proposed methods: “[offline RL] + S4RL (transformation method)”
( “CQL+S4RL (Adv)”: update CQL with the adversarial state training transformation)

• Variational auto-encoder (VAE): feed the augmented states to the 
auto-encoder to learn generalizable representations.

• Offline Dataset:
• Use D4RL dataset.
(“cheetah-medium”: environment – cheetah, data – collect using a 
medium-level policy)
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Experiment: results
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→ show that adversarial state is 
the best transformation method.

→ CQL+S4RL-Adv outperforms 
all other baselines.
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MOREL: MODEL-BASED OFFLINE REINFORCEMENT 
LEARNING

Rahul Kidambi, Aravind Rajeswaran, Praneeth Netrapalli, and Thorsten Joachims. 
"MOReL: Model-based offline reinforcement learning." NeurIPS 2020.
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Introduction

32Robot Learning

• Prior works in offline RL have been confined to model-free RL approaches.

• Model-based RL (MBRL) algorithms are highly sample efficient, but the learned 

model is unlikely to be globally accurate due to lack of offline data.

• In this paper, a pessimistic MDP (P-MDP) is proposed, where a policy is 

penalized when entering “unknown” regions.

• Theoretically, a policy trained in P-MDP has the upper bound for the sub-

optimality.

• The proposed method, MOReL, obtains SOTA results in 12 out of 20 

environments.
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Proposed Method
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Overview of the proposed method ((a), (b): offline RL, (c): P-MDP)

Definition 1
• Learned MDP:

• Unknown state-action detector (USAD):
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Proposed Method
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Definition 2
• Pessimistic-MDP (P-MDP):

Implementation
• Dynamic model learning:

,
,
.

• Unknown state-action detector (USAD):
Train an ensemble dynamic model and define the disc function as: 

Then 

• Policy learning: use natural policy gradient (NPG)
Prof. Songhwai Oh 



Theorem
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Definition 3
• Hitting time             : the first time action a is taken at state s by     .

→

→ give an upper bound of the sub-optimality gap between 
the optimal policy in the true MDP and P-MDP.
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Experiment: environmental settings
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• Dataset:
• First train a policy       to obtain reward sums 1000, 4000, 1000, and 1000 

for the four environments. 

• Hopper, Half-Cheetah, Walker-2d, and Ant in MuJoCo.

• Environments:

• Pure: collecting data using       .

•                                                              : collecting data using       with noise.

• Baselines:
• Batch-constrained Q learning (BCQ)
• Bootstrapping error accumulation reduction  (BEAR)
• Behaviour regularized actor-critic (BRAC)
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Experiment: results
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→ MOReL shows the best performance in 12 of 20 environments and 
exceeds the performance of the data-collecting policy.

Results on MDP (naive) vs P-MDP (ours) 
→ P-MDP is essential to prevent performance degradation.
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DECISION TRANSFORMER: REINFORCEMENT 
LEARNING VIA SEQUENCE MODELING

Chen, Lili, Kevin Lu, Aravind Rajeswaran, Kimin Lee, Aditya Grover, Misha 
Laskin, Pieter Abbeel, Aravind Srinivas, and Igor Mordatch. "Decision 
transformer: Reinforcement learning via sequence modeling." NeurIPS 
2021.
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• Instead of TD-learning, train transformer models on collected 
experience using a sequence modeling objective

• Autoregressive transformer model (GPT) is used.

• Advantages
‒ Can bypass the need for bootstrapping for long term credit 

assignment.
‒ Avoids the need for discounting future rewards.
‒ Perform credit assignment directly via self-attention
‒ No other methods are needed to solve the problems of offline 

RL (error propagation and value overestimation).

Main Idea
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• Trajectory representation
‒ Use returns-to-go to allow the model to generate actions based on future desired 

returns. 

• Architecture
‒ Put tokens (return-to-go, state, action) of K time steps as input.
‒ Use GPT model which predicts future action tokens via autoregressive modeling
‒ The action of each time step is the output of the model.

• Training
‒ Sample minibatches of sequence length K from the trajectory dataset
‒ Use cross entropy (discrete) or mean-squared error (continuous) as loss.

Details
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Algorithm
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• How well does Decision Transformer model the distribution of returns? 

• Does Decision Transformer perform well in sparse reward settings?

Experiments
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It shows that it is possible to generate a trajectory with a desired reward sum.

Compared to CQL (another offline RL algorithm), it works well in sparse reward setting.



TRAJECTORY TRANSFORMER

Michael Janner, Qiyang Li, and Sergey Levine, "Offline Reinforcement 
Learning as One Big Sequence Modeling Problem", Advances in Neural 
Information Processing Systems (NeurIPS), 2021.
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Trajectory Transformer
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Experimental Results
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GTI: LEARNING TO GENERALIZE ACROSS 
LONG-HORIZON TASKS FROM HUMAN 
DEMONSTRATIONS

Mandlekar, Ajay, Danfei Xu, Roberto Martín-Martín, Silvio Savarese, and Li 
Fei-Fei. “GTI: Learning to generalize across long-horizon tasks from human 
demonstrations." Robotics: Science and Systems (RSS), 2020.

46Robot LearningProf. Songhwai Oh 



Introduction
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• Learning from offline data is an effective and safe technique but learning 
policies that generalize beyond the demonstrated behaviors is still an open 
challenge. 

• This paper proposes Generalization Through Imitation (GTI), a two-stage offline 
imitation learning algorithm.

• GTI enable robots to

1) learn complex real world manipulation tasks efficiently from a small 
number of human demonstrations,
2) synthesize new behaviors not contained in the offline data.
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GTI: Structure
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• In the first stage of GTI, they train a stochastic policy that leverages trajectory 
intersections to have the capacity to compose behaviors from different 
demonstrations together.

trajectory
intersection

black arrows
: unseen behaviors to be generated

• In the second stage of GTI, they collect a small set of rollouts from the 
unconditioned stochastic policy of the first stage and train a goal-directed agent 
to generalize to novel start and goal state. 



GTI: Stage 1
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• In Stage 1, GTI decomposes imitation learning into two 
subproblems.
1) learn a generative model from demonstrations to predict possible 

future states conditioned on a current state. 
2) train a goal-conditioned imitation policy from the demonstrations 

using predicted states as goals.

Generative model
: Gaussian mixture 
model (GMM) & 
conditional VAE (cVAE)

Goal-Conditioned Policy
:cVAE & RNN



GTI: Stage 2
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• In Stage 2, GTI uses trained models in Stage 1 to generate new 
demonstrations through compositional generalization.

• Then, GTI trains a new policy using newly collected behaviors 
in a goal directed manner.

Generate new demonstrations
using models
trained in Stage 1

Goal-Directed Imitation Policy
: using a single-step
goal-directed
behavior cloning method



GTI: Real Robot Experiment
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Demonstration 1
- Start: Bread in Container
- End: Bread on Plate

Demonstration 2
- Start: Bread on Table
- End: Bread in Oven

Unseen Trajectory
- Start: Bread in Container
- End: Bread in Oven

Train GTI

Demonstrations
(offline data)


