
Offline RL



The problem of Offline RL



Applications

• Healthcare and Personalized Medicine
• Autonomous Driving
• Logistics and warehouse operations
• Robotics (Manipulation & Assistive Robots)
• Recommender Systems
• Smart Grids & Energy Systems
• Education / Intelligent Tutoring
• Finance & Trading



Decision Transformer



GPT-Style Transformers



The challenge of modeling sequences

A sequence may be arbitrarily long. We only have a finite number of 
parameters.
1. How do we model what comes next using only a finite number of 

parameters?
2. How do we build “expressive enough” models without cutting off 

the history at an arbitrary point (i.e. a Markov assumption)?
3. Can we build models that can encode items in a sequence in 

parallel? 6
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Transformer architecture: Vaswani et al 2017
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Three parameter 
matrices associated 
with this self 
attention block

For every element of 
the sequence, create 
three vectors that are 
called its query, key 
and value vectors.



Self attention: An example

46
Images from https://jalammar.github.io/illustrated-transformer/

For each word, compute the self attention. 

First compute the dot product of its query 
vector with the key vector of all words in 
the sentence



Self attention: An example
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For each word, compute the self attention. 

Then, normalize
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Use the attention probabilities to weigh the 
value vectors to produce the output vector 
for that word



Self attention: Illustrated
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Large (Transformer-Based) Language Models













Perform dot product between query and all keys to get a raw score 
for each previous word (including current word).



Normalize these scores via a softmax to get a probability 
distribution. Then return a weighted sum of the values.







Math from the paper

• Given n inputs we create n embeddings 𝑥𝑖

• Map these to queries, keys, and values
• The ith output is then given by 

We hope this can learn “credit assignment” via attention
Decision Transformer uses a GPT architecture (each token only pays attention to 
previous tokens)



Decision Transformer



Interesting design decisions

• We want the model to output actions based on desired future 
returns

• Rather than (s,a,r,s’) sequences

• During training we predict actions to generate training loss
• At test time we input desired future return and starting state and 

then generate the action





Questions

• Does the Decision Transformer make any Markov assumptions?
• How is it similar/dissimilar to behavior cloning?
• When might we expect it to perform well/poorly?



Conservative Q-Learning (CQL)

• Core problem with Offline RL

• Offline data is limited so we often overestimate OOD actions and 
policy exploits errors -> catastrophic failure at test time

• Core idea: pessimism in the face of uncertainty



Implicit Q-Learning (IQL)

• Offline RL dilemma: You want to improve the policy, but you 
can’t trust values of unseen actions

• Possible solutions
• Regularize/penalize values of unseen actions (e.g., CQL)
• Avoid values entirely (e.g., Decision Transformer)

• IQL
• Do dynamic programming without ever evaluating unseen actions



IQL Key Ideas

• Only learn values using dataset actions
• Approximate best action via expectile regression



Expectile Regression

• Normal regression minimizes

• Expectile regression minimizes an asymmetric squared loss
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