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Review of Generative Reinforcement Learning Based on Sequence Modeling

YAO Tianlei, CHEN Xiliang and YU Peiyi

College of Command and Control Engineering, Army Engineering University of PLA,Nanjing 210007, China
Abstract Reinforcement learning is a branch of machine learning on how to learn decisions,which is a sequential decision-making
problem that involves repeatedly interacting with the environment to find the optimal strategy through trial and error. Reinforce-
ment learning can be combined with generative models to optimize their performance,and is typically used to fine-tune generative
models and improve their ability to create high-quality content. The reinforcement learning process can also be seen as a general
sequence modeling problem,modeling the distribution on task trajectories.and generating a series of actions through pre-training
to obtain a series of high returns. Based on modeling input information, generative reinforcement learning can better handle uncer-
tain and unknown environments,and more efficiently transform sequence data into strategies for decision-making. Firstly,an in-
troduction is given to reinforcement learning algorithms and sequence modeling methods, and the modeling process of data se-
quences is analyzed. The development status of reinforcement learning is discussed according to different neural network models
used. Based on this, relevant methods combined with generative models are summarized, and the application of reinforcement
learning methods in generative pre-training models is analyzed. Finally.the development status of relevant technologies in theory

and application is summarized.

Keywords Artificial intelligence, Reinforcement learning, Neural network,Generative model, Sequence modeling
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Fig. 1 Reinforcement learning architecture
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Table 2 Comparison of pre-training models based on Transformer

# A ] HHE FEHEE
BERT Encoder 1.1x108 Wikipedia,BookCorpus
ALBERT Encoder 1.2X107 Wikipedia, BookCorpus
GPT-1 Decoder 1.17X108 BookCorpus
GPT-2 Decoder 1. 542X 107 WebText, BookCorpus, Wikipedia
GPT-3 Decoder 1.75X 102 Common Crawl, WebText2, Booksl , Books2 , Wikipedia
GPT-4 Decoder 1.8 1013 Common Crawl, WebText2, Booksl , Books2, BookCorpus, Wikipedia
BART Encoder-Decoder 4108 BookCorpus, English Wikipedia
T5 Encoder-Decoder 1.1x10M C4
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Fig. 6 Decision Transformer architecture
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Fig. 7 Trajectory Transformer architecture
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Table 3 Common Prompt Learning methods

Type Task Input([X]) Template Anwser([Z])
Great
Sentiment 1 love this book [X] The book is [Z] Wanderful
Text CLS tit
Intention What is the price of this GPU? [X] The question is about [Z] quantity
Product
s ts
Topics He prompted the LM [X] The text is about [ Z] ?p.()r s
Science
. [X1]:An old man with-:- Yes
Text-pair CLS NLI X117 [Z].[ X2
extpair [X2]:A man walks--+ [x1Jz [2].[X2] No
Bad
. Aspect . .
Text-span-CL.S . Terrible weather but hot business [X] What about weather? [Z] Awful
Sentiment

[X1]:Wang went to Shanghai.

organization

Tagging NER [X2]: Shanghai [X1 J[X2] is a [Z] entity location
The victim---
Summarization Las Vegas police+:- [X] TL;DR:[Z] A woman---
Text Generation
1 love you.
Translation Je vous aime French:[X] English:[Z]

1 fancy you
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Table 4 Summary of reinforcement learning algorithms and models based on sequence modeling
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