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Abstract: Reinforcement learning (RL) has become a dominant decision-making paradigm and has achieved notable
success in many real-world applications. Notably, deep neural networks play a crucial role in unlocking RL’s
potential in large-scale decision-making tasks. Inspired by current major success of Transformer in natural language
processing and computer vision, numerous bottlenecks have been overcome by combining Transformer with RL for
decision-making. This paper presents a multiangle systematic survey of various Transformer-based RL (TransRL)
models applied in decision-making tasks, including basic models, advanced algorithms, representative implementation
instances, typical applications, and known challenges. Our work aims to provide insights into problems that
inherently arise with the current RL approaches, and examines how we can address them with better TransRL
models. To our knowledge, we are the first to present a comprehensive review of the recent Transformer research
developments in RL for decision-making. We hope that this survey provides a comprehensive review of TransRL
models and inspires the RL community in its pursuit of future directions. To keep track of the rapid TransRL
developments in the decision-making domains, we summarize the latest papers and their open-source implementations
at https://github.com/williamyuanv0/Transformer-in-Reinforcement-Learning-for-Decision-Making-A-Survey.
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1 Introduction

Decision-making (DM) is a high-level agent ac-
tivity that significantly impacts artificial intelligence
(AI) advancements in improving the quality of deci-
sions and enhancing agent capability (Phillips-Wren,
2012; Kochenderfer et al., 2022). In the AI com-
munity, a central concern is how to effectively train
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agents to learn the optimal strategies for complex
tasks in simulators or physical environments. To
resolve this problem, many advanced approaches
(Shoham and Leyton-Brown, 2008; Liu T et al., 2019;
Alquier, 2020; Zhao YP et al., 2022) have been pro-
posed, and reinforcement learning (RL) (Sutton and
Barto, 2018) has become a dominant paradigm be-
cause of its state-of-the-art performance in a wide
variety of applications, such as autonomous driv-
ing, robotic manipulation, robotic navigation, and
gaming AI. The fundamental framework for all these
models is usually the deep neural network (DNN)
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(Srinidhi et al., 2021). In particular, in solving large-
scale DM tasks, such as Go (Silver et al., 2017b),
Texas hold’em (Moravčík et al., 2017), StarCraft
(Vinyals et al., 2019), and Dota 2 (Berner et al.,
2019), DNNs play a key role in unlocking the po-
tential of RL. Although simple DNN models (e.g.,
fully connected networks and multilayer perceptions)
benefit from RL producing competitive results by
fitting the state value, or by mapping the abstract
feature to policies, many researchers have proposed
various types of networks for different types of tasks.
For example, convolutional neural networks (CNNs)
(Krizhevsky et al., 2012; Kim, 2014) introduce con-
volutional operations and pooling operations for pro-
cessing shift-invariant data (e.g., images). Recurrent
neural networks (RNNs) (Zaremba et al., 2014) use
recurrent cells to process ordinal and temporal data
(e.g., sentences). Transformer (Dong et al., 2021)
is a new type of neural network that uses mainly
the self-attention mechanism (Ambartsoumian and
Popowich, 2018) to extract intrinsic features and has
great potential for extensive use in AI-architected
applications (Han K et al., 2023). It has become a
prevalent architecture in several domains. Fig. 1
summarizes the milestones in the development of
Transformer.

1.1 Transformer development: from natural
language processing and computer vision to
decision-making

Transformer has been applied in natural lan-
guage processing (NLP) and computer vision (CV)
and has achieved considerable success. Transformer

was first proposed as a simple new architecture to
handle sequential data in NLP tasks (Vaswani et al.,
2017), and attained state-of-the-art results. Subse-
quently, many researchers actively developed Trans-
former variants taking advantage of the effective en-
coding of information over long time horizons and
the scaling of large amounts of data, which led Trans-
former to become the dominant deep learning archi-
tecture in a broad set of NLP tasks, such as question
answering (Lewis P et al., 2021) and language infer-
ence (Guo et al., 2019). A collection of Transformer-
based language models, such as BERT (Devlin et al.,
2019), GPT series (Radford et al., 2018, 2019; Brown
et al., 2020), ChatGPT (Zhou et al., 2023), XLNet
(Yang ZL et al., 2019), RoBERTa (Liu YH et al.,
2019), ALBERT (Lan et al., 2020), and BART
(Lewis M et al., 2020), have been proposed recently
and are highly competitive with the state-of-the-art
approaches. Meanwhile, in CV tasks, the Trans-
former model has become an attractive solution to
various vision problems, such as object detection, se-
mantic segmentation, image processing, and video
understanding. Many advanced Transformer-based
vision models have been proposed successively, such
as iGPT (Chen M et al., 2020), ViT (Dosovitskiy
et al., 2021), DERT (Carion et al., 2020), iPT (Chen
HT et al., 2021), VQGAN (Esser et al., 2021), CLIP
(Radford et al., 2021), and TransGAN (Jiang et al.,
2021).

Inspired by Transformer’s major success in the
fields of CV and NLP, researchers have made efforts
to explore the benefit of Transformer models in solv-
ing DM tasks. Parisotto and Salakhutdinov (2021)

Fig. 1 Milestones in the development of Transformer. Transformer-based natural language processing (NLP)
models are marked in green, Transformer-based computer vision (CV) models in blue, and decision-making
(DM) Transformer models in red. References to color refer to the online version of this figure
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developed an actor–learner distillation procedure to
model Transformer as a learner, in which the ability
of Transformer to process long-range dependencies
results in a huge performance boost in RL. Chen
LL et al. (2021) proposed a simple new model called
Decision Transformer (DT), which implements op-
timal actions leveraging a causally masked Trans-
former, primarily viewing the offline RL problem as a
pure sequence-to-sequence model. Similarly, Janner
et al. (2021) provided a Trajectory Transformer from
an analogous perspective that views an offline RL
as a generic sequence generation problem, adopting
a Transformer architecture to predict distributions
over trajectories. Owing to the remarkable perfor-
mance of Transformer, an increasing number of re-
searchers are proposing Transformer-based models
for integration with RL to improve decision results
in a wide range of DM tasks. Presently, Transformer-
based RL (TransRL) is a hot topic in the DM com-
munity. We have collected thousands of publica-
tions in recent years, and the growth of the number
of TransRL publications is shown in Figs. 2 and 3.
The growth of the number of TransRL-related pub-
lications shows a continuous linear progression since
2017. In particular, Fig. 3 shows that an increasing
number of TransRL methods are being developed in
both the RL and Transformer communities.
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Fig. 2 Increase of the number of TransRL publications
with time

1.2 Related surveys

With the dramatic increase in the number of
TransRL investigations, keeping track of the latest
progress is becoming increasingly difficult. As such,
a survey of the existing TransRL works is an urgent
necessity and would be helpful for the AI commu-
nity. In this paper, we review the existing survey
works on relevant topics to provide researchers with
pointers to other papers on more specific domains
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Fig. 3 Proportions of TransRL publications to the
total RL publications and to the total Transformer
publications

and to outline how our work differs from them. We
compare these surveys in Table 1.

1. The surveys of Aleissaee et al. (2023), Han
K et al. (2023), and Shamshad et al. (2023) heav-
ily focus on Transformer models and relevant CV
task applications, such as remote sensing and medi-
cal imaging.

2. Similar to our work, Keneshloo et al. (2020)
summarized sequence-to-sequence problems from an
RL perspective and discussed the different challenges
in using RL methods to train a sequence-to-sequence
model. However, Keneshloo et al. (2020) focused
on NLP and CV applications, considering condition-
based prediction problems as particular instances of
RL, in which the reward functions in RL are the
classic evaluation metrics (e.g., ROUGE (Lin CY
CY, 2004), BLEU (Papineni et al., 2002), METEOR
(Banerjee and Lavie, 2005), CIDEr (Vedantam et al.,
2015), and SPICE (Anderson et al., 2016)) in the
sequence-to-sequence problem.

3. The survey of Imhof (2022) provides only a de-
tailed introduction to the original TransRL method,
DT (Chen LL et al., 2021), without any Transformer
variants or practical application discussions.

4. The survey of Li XX et al. (2023) system-
atically summarizes various adversarial game mod-
els and the corresponding strategy generation ap-
proaches from a game theory perspective, and pro-
vides some real-world applications such as security,
poker, and politics.

5. The survey of Lu YL and Li (2022) focuses
on a particular application in a DM domain, the
game AI system, considering three typical modern
AI games (perfect information games, imperfect in-
formation games, and multi-agent games), providing
a review of the solution techniques, paradigms, and
applications.
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6. Lin TY et al. (2022) provided a systematic
literature review on a great variety of Transformer
variants focusing on architectural modification, pre-
training paradigms, and applications, where the vari-
ants are just for NLP and CV tasks.

Table 1 Comparison of related surveys

Survey
Domain Approach

NLP CV DM RL Transformer

This paper � � �

Han K et al., 2023 � �

Aleissaee et al., 2023 � �

Shamshad et al., 2023 � �

Keneshloo et al., 2020 � � � �

Imhof, 2022 � �

Li XX et al., 2023 �

Lu YL and Li, 2022 � �

Lin TY et al., 2022 �

NLP: natural language processing; CV: computer vision; DM:
decision-making; RL: reinforcement learning

1.3 Main contributions

In this paper, we focus on associating advances
in NLP and CV to unify ideas in Transformer models
and RL for DM tasks, by drawing upon the simplicity
and scalability of the Transformer structure. We
hope that our work will inspire more exploration into
using TransRL in practical applications. Our main

research contributions are summarized as follows:
1. provision of a comprehensive summary of

TransRL methods in the context of DM and a new
classification of TransRL,

2. provision of a detailed introduction on several
kinds of representative TransRL models applied in
DM tasks, and an analysis of their advantages and
disadvantages,

3. summarization of different practical applica-
tions of TransRL in DM based on traditional RL
applications, and

4. provision of guidelines to improve the Tran-
sRL method from different aspects.

An overview of the organization of this paper is
shown in Fig. 4.

2 Formulations

2.1 Reinforcement learning methods

RL is a dominant paradigm in DM, and we will
briefly introduce the RL models. In RL, a sequen-
tial Markov decision process (MDP) is considered to
model interactions between the agent and the envi-
ronment. Let a tuple < S,A, T , r, γ, T > represent
an infinite-horizon MDP, where S = {s} denotes the
state space and A = {a} denotes the action space.
Given a state st, the agent chooses an action at by
the policy πθ : S × A → [0, 1]. Then, the agent will

meta-RL

systems

4. Representative TransRL

Fig. 4 Overview of the paper organization. The taxonomy of TransRL methods (Section 3) is based on
reinforcement learning (RL) settings. In representative TransRL models (Section 4), we introduce the standard
TransRL model, Decision Transformer, and two extensions (multi-agent Transformer is an extension to the
multi-agent setting and Gato is an extension to the multi-task setting). The applications (Section 5) are a
subset of RL applications in decision-making (DM) domains
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obtain a reward rt, and the next state st+1 is calcu-
lated with its probability by the transition function
T : S × A × S → [0, 1]. The agent tries to maxi-
mize its total expected return R =

∑T
t=0 γ

trti , where
γ is a discount factor and T is the time horizon.
Therefore, the optimal policy could be represented
as π∗ = argmaxE[

∑T
t=0 γ

trti ].

In the multi-agent setting with a par-
tial observation, MDPs are usually extended to
decentralized partially observable MDPs (Dec-
POMDPs) (Bernstein et al., 2002; Oliehoek et al.,
2008). A Dec-POMDP is formulated as a tu-
ple < N,S,O, {Ai}, {ri}, T , γ >, where N =

{1, 2, · · · , n} (n > 1) denotes the interacting agents,
S = {s1, s2, · · · , sn} denotes the set of global private
states, O = {o1, o2, · · · , on} is the set of observa-
tions by all agents, and oi is agent i’s individual
observation. The joint action space is denoted by
A = A1 · A2 · · · · · AN , which is the Cartesian prod-
uct of the individual agent’s action space Ai. ri is
the reward obtained from the environment. The def-
initions of state transition function T and discount
factor γ are similar to those in MDP. Each agent
i tends to select an action according to its policy
πi. Denote a joint policy π = {πi, π−i} as the set
of all individual strategies, where −i represents all
agents except agent i. In contrast to the single-agent
setting, the optimal strategy in the multi-agent set-
ting is determined by the individual strategy and the

other agents’ strategies.

2.2 Transformer

Transformer is a new kind of neural architec-
ture that sequentially encodes the input sequence
as powerful features via the attention mechanism
and generates an output sequence after the final
encoder output is passed in parallel to a stack of
decoders. This subsection provides an overview of
vanilla Transformer models (Vaswani et al., 2017)
(Fig. 5). Transformers are formed by stacking mul-
tiple Transformer blocks and are generally used
in the encoder–decoder mode. Each Transformer
block consists of a multi-head self-attention block, a
position-wise feed-forward network, layer normaliza-
tion modules, and residual connectors.

2.2.1 Encoder–decoder structure

Most competitive Transformer models are pri-
marily based on three kinds of structures (encoder–
decoder, encoder-only, and decoder-only). The
structure used in a Transformer model depends on
the goal application, and details of the various Trans-
former structures can be found in Raffel et al. (2020)
and Tay et al. (2023). The encoder–decoder (Fig. 5)
is a general framework based on neural networks
adept at dealing with highly structured input and
output (Niu et al., 2021).

Fig. 5 Structure of Transformer (Vaswani et al., 2017; Tay et al., 2023). Left: detailed components in
Transformer including the self-attention network, multi-head attention network, encoder blocks, and decoder
block; right: overview of the Transformer framework
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Transformer encoder: It maps an input sequence
of symbol representations x = (x1, x2, . . . , xn) to a
sequence of representation vectors Xn,d (n and d are
the length and dimension of the input sequence, re-
spectively) through an embedding layer and N = 6

identical encoder blocks, where the symbol repre-
sentations are generated additively by token embed-
dings composed of positional embeddings. Notably,
positional embeddings contain information about the
relative position (such as sinusoidal positional en-
codings (Gehring et al., 2017)) or absolute position
(Shaw et al., 2018) of the tokens in the sequence,
which are essential since Transformer completely
avoids recurrence and convolutions. There are two
main components in each encoder block: the first
component is multi-head self-attention, and the sub-
sequent component is a position-wise feed-forward
network. Each component contains a residual con-
nection (He et al., 2016) around them, followed by
layer normalization (Ba et al., 2016).

Transformer decoder: It also consists of a stack
of N = 6 similar decoder blocks. Given target em-
beddings y = (y1, y2, · · · , ym) and outputs of the
encoder, vector Xn,d, the decoder outputs the pre-
dicted next-token probabilities. The decoder is an
autoregressive (Graves, 2013) model that uses the
previously generated token as an additional input
when generating the next predicted token. In ad-
dition to the two main components in each encoder
block, the decoder block introduces a new component
that performs multi-head attention over the output
of the encoder block. Similar to the encoder, each
component in the decoder block contains a residual
connection around it, and is followed by layer nor-
malization. A slight difference in the first sublayer is
that the decoder modifies multi-head self-attention
with a masked operation to ensure that the predic-
tions for position i can rely only on the available
outputs at the previous positions.

2.2.2 Attention

The attention mechanism (Bahdanau et al.,
2015; Niu et al., 2021) is a critical defining charac-
teristic of Transformer models. Classical approaches
to sequence processing use vanilla recurrent models,
e.g., RNNs and long short-term memory (LSTM)
(Hochreiter and Schmidhuber, 1997). In contrast,
Transformer bypasses recurrence and depends en-
tirely on the attention mechanism to capture the

long-range dependencies between the sequence data.

Consider three input sequences as key vec-
tor k = (k1, k2, . . . , kn), query vector q =

(q1, q2, . . . , qn), and value vector v = (v1, v2, . . . , vn),
and the output z of the attention is a weighted aver-
age of the value vectors:

z =
n∑

j=1

αjvjf(kj , q), (1)

where weight vector α = {αj} is determined by the
compatibility function between queries and keys:

αj =
expf(kj , q)∑n
i=1 expf(ki, q)

. (2)

Note that the keys and values can be different
sets of vectors. For the compatibility function,
the two commonly used ones are additive attention
(Bahdanau et al., 2015) and dot-product attention.
The vanilla Transformer uses a modified scaled dot-
product function

f(k, q) = kqT/
√
dk, (3)

where 1/
√
dk is a scaling factor as an additional item

in vanilla Transformer, and dk is the dimension of k.

Self-attention: Self-attention is the process of
applying the attention mechanism to every posi-
tion of the source sequence (Ambartsoumian and
Popowich, 2018), considering a set of query vectors,
key vectors, and value vectors, which are packed
together into matrices Q, K, and V , respectively.
Then, the output matrix is computed as

Attention(Q,K, V ) = softmax
(
QKT

√
dk

)
V. (4)

Multi-head attention: Rather than performing
single self-attention once for (Q,K, V ) of dimension
dm, the multi-head self-attention block calculates the
self-attention results in parallel across many distinct
heads, whose outputs are concatenated to serve as
the input to a linear projection module, as follows:

MultiHead(Q,K, V )

= Concat(head1, head2, . . . , headh)W
O,

(5)

where

headi = Attention(QWQ
i ,KWK

i , V WV
i ), (6)
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i = 1, 2, ..., h, and the projections are parameter
matrices, WQ

i ∈ R
dm×dk , WK

i ∈ R
dm×dk , WV

i ∈
R

dm×dv , and WO ∈ R
hdv×dm . Multi-head atten-

tion provides the model with the ability to jointly
deal with information across different positions from
different representation subspaces, which can be con-
sidered as a graph-like inductive bias that correlates
all the tokens in a sequence with a pooling operation.

2.2.3 Transformer training

Given a source sequence, the encoder and de-
coder of the vanilla Transformer model are jointly
trained to maximize the conditional probability of a
target sequence. The training progress is shown in
Algorithm 1, and the use of a trained Transformer
for prediction can be found in Phuong and Hutter
(2022).

Algorithm 1 Training a simple Transformer model
Require: input sequences x.
Ensure: trained Transformer parameters θ̂.
1: Initial Transformer parameters θ
2: for i = 1, 2, · · · , Nepoch do
3: for n = 1, 2, · · · , Ndata do
4: l ← length(xn)
5: p(θ)← Transformer(zn, xn|θ)
6: loss(θ) = −∑l−1

t=1 log p(θ)[xn[t+ 1], t]
7: θ ← θ − η∇loss(θ)
8: end for
9: end for

10: return θ̂ = θ

3 TransRL methods

Reinforcement learning (RL) is currently thriv-
ing and has been applied successfully in many tasks.
In this section, we provide insight into the ad-
vantages and disadvantages of combining Trans-
former with various RL tasks, such as offline RL,
online RL, hierarchical RL, meta-RL, and multi-
agent RL (MARL). We abstract several basic frame-
works of TransRL in Fig. 6, where 1©– 9© rep-
resent Transformer-based offline RL, Transformer-
based online RL (offline pretraining and online fine-
tuning), Transformer-based hierarchical RL, general
TransRL, Transformer-based meta-RL (pretrain-
ing and prompt-tuning), Transformer-based MARL
based on QMIX (mixing network), Transformer-
based MARL based on QMIX (agent network),
Transformer-based MARL based on actor–critic, and

Transformer-based MARL, separately.

3.1 Transformer-based offline reinforcement
learning

Because of the inherited superiority of
the vanilla Transformer architecture, recent
Transformer-based offline RL works perform better
on generative tasks such as next-action prediction.
Notably, the encoder–decoder Transformer has been
popularized to learn richer representations in offline
RL. From the combination mode perspective, we
summarize two main ways to associate offline RL
with Transformers in recent DM tasks.

3.1.1 Augmenting RL components with Transformer

Transformer has a clear advantage in the abil-
ity to capture long-horizon dependencies and sur-
passes state-of-the-art recurrent memory architec-
tures (such as LSTM and RNN) (Parisotto and
Salakhutdinov, 2021), especially in Markovian en-
vironments (Parisotto and Salakhutdinov, 2021). A
naive combination mode implementation is to apply
the Transformer model to represent and augment
the components (such as value functions, behavior
policies, and dynamics models) in standard RL al-
gorithms. For example, Esslinger et al. (2022) used
a decoder-only Transformer in DQN to stabilize Q-
learning with data augmentation and replaced the
standard CNNs (Hansen et al., 2021). Similarly, in-
spired by Transformer’s superior performance over
LSTMs and the growing availability of implementa-
tions, Upadhyay et al. (2019) proposed a deep Trans-
former Q-network (DTQN), which uses an encoder-
only Transformer with the input of an agent’s history
to represent the Q-value. The core steps in designing
a TranRL with this combination mode are: (1) Clar-
ify what components in standard RL to represent
and augment. Transformer provides a more efficient
fit to represent sequential features (shown as the se-
quences in Tables 2 and 3), and has become a strong
substitution of RNN to fit the RL components, such
as state values, strategies, and interim elements.
(2) Design a specific Transformer form. Transform-
ers use a vast amount of attention toward designing
more efficient variant structures where the embedded
input sequence passes through various Transformer
blocks and projects an output to the action space. In
particular, gains from increased Transformer model
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Fig. 6 Typical TransRL frameworks. CM represents the combination mode, white color means replacing
the RL component with Transformer, and black color means converting RL to the Transformer framework.
Gray color represents that the generality is middle. MAS represents a multi-agent setting. MT represents
the framework’s generality (or multi-task adaptation). Transformer in orange represents the encoder-only
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scales have yet to saturate. (3) Design the train-
ing techniques and paradigm. In this combina-
tion model, Transformer updates network parame-
ters in the inner loop, and RL trains hyperparam-
eters in the outer loop. Notably, a downside to
Transformer compared to LSTM models is its sig-
nificant computational cost, especially in challeng-
ing memory environments (e.g., partially observable
settings).

The bottleneck of this combination method is
that the augmented model still optimizes parame-
ters within the RL paradigm (such as Q-learning),
which leads to the model still relying on standard RL
algorithmic advances to improve its performance.

3.1.2 Converting RL to the Transformer framework

The continual achievements of the Transformer
architecture in the NLP and CV domains make it

an preferred candidate for RL problems since there
are many similarities between supervised learning
(SL) and offline RL. Both offline RL and SL are,
essentially, statistical processes in which a general
function is created by learning from samples. In
SL, the function is considered a classifier or pre-
dictor, which could be a value function or a policy
in RL. Converting RL to the existing Transformer
framework (Fig. 6 1©), which is widely used in lan-
guage and vision modeling to solve the RL prob-
lem, brings simplicity, generalization, robustness,
and scalability of large-scale unsupervised learning
to RL (Srivastava et al., 2019; Brown et al., 2020;
Janner et al., 2021), and avoids issues such as non-
stationary learning, bootstrapping, value overesti-
mation (Levine et al., 2020), credit assignment, and
discount factors arising in traditional RL. For exam-
ple, Srivastava et al. (2019) showed an alternative
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Table 2 Representative works of Transformer-based multi-agent reinforcement learning for decision-making
tasks

Method Sequence Technique Mode Offline Online Benchmark

MADT (Meng et al., 2021)
o-a (actor) Pretrain-finetune, D (actor)

� � SMAC
s-A (critic) CTDE, actor–critic E (critic)

TransMix (Khan et al., 2022) s-Q-h CTDE E � SMAC
trans_mix (Wang HB et al., 2023) Q CTDE E � SMAC
UPDeT (Hu et al., 2021) O CTDE E � SMAC

MAT (Wen et al., 2022) O-A
Multi-agent

E-D �

SMAC, Bi-DexHands,
advantage multi-agent MuJoCo,

decomposition Google Research Football

Memory updating
ATM (Yang YD et al., 2022) O-M

schema
E � SMAC

T3OMVP (Yuan Z et al., 2022) S CTDE E �
Urban multi-intersection

environment

Auxiliary-task
T-MAAC (Wang MR et al., 2022) O

training
E � MAPDN

DA3-X (Motokawa and Sugawara, 2022) o DQN, IQN E � Grid-map

In the Sequence column, s represents the state, a the action, o the observation, h the history, O the observations of all agents in
the multi-agent setting, A the actions of all agents in the multi-agent setting, Q the state–action values, and M the memory slots.
In the Mode column, E and D represent the encoder and decoder, respectively

upside-down reinforcement learning (UDRL), which
primarily sidesteps traditional RL algorithms and
uses supervised learning techniques to solve RL prob-
lems. Chen LL et al. (2021) showed a simple new
framework, DT, which casts the RL problem as a
conditional sequence model. In DT, future actions
are autoregressively generated by conditioning on se-
quences of past states, actions, and returns. Details
will be introduced in Section 4.1. Wang KR et al.
(2022) provided a perspective by viewing offline RL
as a generic sequence generation problem, adopting
the Transformer architecture to model distributions
over trajectories.

The technique of converting DM problems into
sequence modeling problems opens a new avenue for
solving RL tasks. The great advantage of this combi-
nation mode is that the advances in sequence mod-
els can be directly applied to RL problems and is
not subject to the RL algorithm framework (Lin
QJ et al., 2022), and the effectiveness is deter-
mined by the representational capacity of the se-
quence model rather than by algorithmic sophisti-
cation. However, as a newly introduced model in the
field of DM, Transformer itself still has many short-
comings and needs to be continuously improved,

such as by implementing reward design by hand
and model failure in a large stochastic environment,
which we will introduce in detail in Section 4.1 and
Section 6.3.

3.2 Transformer-based online reinforcement
learning

Offline RL usually greatly suffers from data in-
efficiency (Kapturowski et al., 2023) since a stan-
dard RL paradigm tends to learn from large-scale
offline data, and optimizes neural networks tabula
rasa with random initialization. To tackle this issue,
the pretrain-finetune paradigm is introduced from
the machine learning domain: it actively leverages
the foundation model (Bommasani et al., 2021) with
transferable knowledge from large-scale pretraining
to facilitate downstream tasks. In the context of RL,
transferable knowledge generally consists of good
representations that facilitate the agent’s perception
of the world (i.e., a better state space) and reusable
skills from which the agent can quickly build com-
plex behaviors given the DM task descriptions (i.e.,
a better action space) (Lu K et al., 2022). Fig. 7
shows the pipeline of offline pretraining and online
fine-tuning.
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Table 3 Representative works of TransRL for single-agent decision-making tasks

Method Sequence Technique Mode Offline Online MT Benchmark

DT (Dosovitskiy et al., 2021) R-s-a – D �
Atari, D4RL,
Key-to-Door

TT (Janner et al., 2021) s-a-r Beam search D � D4RL

DTQN (Esslinger et al., 2022) h-o DQN D �
Gym-Gridverse, Car Flag,
Memory Cards, Hallway

DTQN (Upadhyay et al., 2019) s DQN E � OpenAI Gym
ODT (Zheng et al., 2022) R-s-a Pretrain-finetune D � D4RL

Aplor (Reid et al., 2022) R-s-a Pretrain-finetune E-D � � � Atari, Gym
MineDojo (Fan et al., 2022) s-r Pretrain-finetune E-D � � � Minecraft game

Pretrain-finetune, DM Lab, ALE,
prompt-tuning BabyAI, DMCGato (Reed et al., 2022) s-a D � � �

Meta-World, Sokoban

HDT (Correia and s-sg (high) Subgoal selection D � �
OpenAI Gym, D4RL,

Alexandre, 2022) s-sg-a (low) RoboMimic

TrMRL (Melo, 2022) Φ(s, a, r, η) – E � � MuJoCo, Meta-World
CMT (Lin RJ et al., 2022) z-s-a-r Prompt-tuning E-D � � � D4RL, MuJoCo, SMAC

Promt-DT (Xu et al., 2022) z-s-r-a Prompt-tuning D � � � MuJoCo
TransTSP (Goh et al., 2022) s Prompt-tuning E-D TSP instances

SwitchTT (Lin QJ et al., 2022) i-R-s-a – D � � Gym-mini-grid
SWAT (Hong et al., 2022) s TD3 E-D � � MTRL

Pretrain-tunning,
expert actionMGDT (Lee et al., 2022) o-R-a-r

inference
D � � � Atari

IL-DT (Pan YW et al., 2022) a
Imitation learning, D � � ManiSkill

rule-based

StARformer (Shang g-hi (long)
et al., 2022) s-a-r (short)

– E-D � � Atari, DMC

BooT (Wang KR et al., 2022) s-a-r-R
Data augmentation,

D � D4RLteacher-forcing
strategy

State-marginalCDT (Furuta et al., 2022) s-a
matching

D � � Gym, MuJoCo

BDT (Furuta et al., 2022) s-a – D � � Gym, MuJoCo

h-a (SLT)Scene-Rep (Liu HC et al., 2022)
s (MST)

SAC E-D � SMARTS

SPLT (Villaflor et al., 2022) s-a – E-D � CARLA

Trans-REIN (Kool et al., 2019) s REINFORCE E-D TSP instances

STT (Yang YM et al., 2022) s – E �
Gym, MuJoCo,
CausalWorld

Catformer (Davis et al., 2021) – R2D2 D � Quake III Arena engine
GTrXL (Parisotto et al., 2020) s – D � DMLab-30, Memory Maze

Gambling, Connect Four,ESPER (Paster et al., 2022) s-a – E � 2048 (Cirulli, 2014)

Meta-RLAdA (Bauer et al., 2023) o-a-r
auto-curriculum learning

E � � � XLand 2.0

MT represents the multi-task environment. In the Sequence column, R represents the return-to-go, s the state, a the action, r the
reward, o the observation, h the history, O the observations of all agents in a multi-agent setting, A the actions of all agents in a
multi-agent setting, sg the subgoal, Q the state–action values, M the memory slots, g StAR (Shang et al., 2022), hi the outputs of
the previous sequence Transformer layer (Shang et al., 2022), η a Boolean flag to identify whether this is a terminal state, z the
policy prompt, and i the task id. In the Mode column, E and D represent the encoder and decoder, respectively

Practical instantiation of Transformer-based of-
fline RL involves an online component (Zheng et al.,
2022), where a pretrained strategy can be quickly

applied to a specific task with online fine-tuning.
For example, Online Decision Transformer (ODT)
(Zheng et al., 2022) is proposed as a simple and
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Fig. 7 Pipeline of offline pretraining and online
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robust algorithm for fine-tuning a pretrained DT
in an online setting. To explore the generality of
pretraining, Reid et al. (2022) explored the trans-
ferability of pretrained sequence models on SL do-
mains (e.g., NLP and CV) when finetuned on dif-
ferent tasks (e.g., offline RL tasks), where the align-
ment techniques between the language representa-
tions and offline RL elements allow Transformer
to handle language and trajectories simultaneously.
Fan et al. (2022) trained a large pretrained video–
language model with Internet-scale knowledge from
Minecraft videos, tutorials, Wiki pages, and forum
discussions, which benefits to suit thousands of di-
verse open-ended tasks. Pretraining is helpful in im-
proving data efficiency and model generality, which
highlights the potential of leveraging generic se-
quence modeling techniques and pretrained models
for RL. In particular, pretraining in different modali-
ties on Transformer-based offline RL assists in build-
ing a universal computation engine (Lu K et al.,
2022). For example, relying on the pretrain-finetune
paradigm, Gato (Reed et al., 2022) learns a multi-
modal, multi-task, multiembodiment generalist pol-
icy on various tasks from control environments, vi-
sion datasets, and language datasets in a supervised
manner. We generalize this pretraining TransRL as
a general structure shown in Fig. 6 2©.

Pretraining is an essential technique for avoiding
higher computational costs from using more expres-
sive models such as Transformers (Reid et al., 2022),
which is also helpful for MARL problems since online
exploration in multi-agent settings may not be feasi-
ble in many scenarios. Extending existing pretrain-
ing techniques to the multi-agent scenario is nontriv-
ial. Meng et al. (2021) explored the use of DT in the
context of MARL and proposed a novel architecture,
Multi-Agent Decision Transformer (MADT). How-
ever, training data tend to be the main bottleneck for
effective RL pretraining. Unlike pretraining in NLP
and CV fields where a wealth of unlabeled data can

be collected with minimum supervision, RL usually
requires a highly task-specific reward design to label
training data, which hinders the scaling up of pre-
training for large-scale applications. Another issue
raised in multimodel and multi-task settings is that
these pretraining models might suffer from detrimen-
tal gradient interference (Yu TH et al., 2020a) be-
tween the various modalities and tasks due to the
incurred optimization challenges. To mitigate this
issue, Xie et al. (2022) provided some directions.

3.3 Trasnformer-based hierarchical reinforce-
ment learning

Long-horizon tasks (Pateria et al., 2022) pose a
major challenge in standard RL, because learning in
large state and action spaces without sophisticated
exploration techniques always results in poor perfor-
mance (Pateria et al., 2022). To address this issue,
many researchers have introduced hierarchical rein-
forcement learning (HRL) to decompose a challeng-
ing long-term RL task into a sequence of subtasks
in different hierarchies, where a subtask is usually
a simple RL problem that could be easier to solve
by learning a lower-level policy due to its short hori-
zon. Based on these subtasks, learning a higher-level
policy to play the task by choosing optimal subtasks
as higher-level actions rewards the performance of
HRL. Inspired by HRL’s high performance on long-
horizon problems, Correia and Alexandre (2022) pro-
posed a Hierarchical Decision Transformer (HDT), in
which a high-level planner aims to find a path built
with subgoal states that drive the agent toward the
main task goal by conditioning a low-level controller
to try to achieve each subgoal (as shown in Fig. 8 and
Fig. 6 3©). HDT removes the need for the specifica-
tion of desired rewards by using demonstration learn-
ing to provide an extra supervision signal. Therefore,
the high-level Transformer receives sequences of the
previous states and subgoals, and tries to predict
the next subgoal state in the sequence. The low-
level Transformer receives sequences of the previous
states, subgoals, and actions and tries to predict the
next action in the sequence.

Associating Transformer with HRL enriches the
scope of Transformer-based RL domains and mit-
igates the reward design issue in the original DT.
However, more Transformer-based HRL methods
are encouraged for various scenarios, such as multi-
task and multi-agent settings. Additionally, there
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are many key issues to be mitigated in single-agent
RLs, such as subgoal selection, subtask representa-
tion (Parr and Russell, 1997), and nonstationarity
(resulting from learning multiple levels of policies si-
multaneously) (Levy et al., 2019).

3.4 Transformer-based multi-agent reinforce-
ment learning

Multi-agent reinforcement learning (MARL)
(Yang YD and Wang, 2020) is an attractive problem
due to its grand challenges (Gronauer and Diepold,
2022) such as partial observability, cooperation,
credit assignment, and nonstationarity, which arise
from agent learning to coordinate their behavior to
benefit the whole team while conditioning only on
each observation (Samvelyan et al., 2019). Currently,
many advanced MARL methods try to mitigate
the above challenges, under the training framework
of centralized training and decentralized execution
(CTDE) (Oliehoek et al., 2008; Lowe et al., 2017),
which boosts the developments of methods that di-
rectly inherit a single-agent RL, such as COMA (Fo-
erster et al., 2018), MADDPG (Lowe et al., 2017),
QMIX (Rashid et al., 2020), and multi-agent prox-
imal policy optimization (MAPPO) (Yu C et al.,
2022).

How can MARL studies be enhanced with
powerful sequential modeling techniques? Meng
et al. (2021) proposed a comprehensive architecture,
MADT, which uses Transformer for each agent to fit
a joint MARL policy. Inherited from the actor–critic
(AC) paradigm, CTDE consists of n Transformer-
based actor networks and a Transformer-based critic
network (as shown in Fig. 9, and we generalize it
into a general structure shown in Fig. 6 8©). Differ-
ent from a single-agent RL, MADT considers both

globally shared and private information in policy
evaluations.

Credit assignment creates challenges for agents
in determining whether it is the behavior selection
itself that obtains the rewards or another agent’s
behavior. The existing works on MARL focus pri-
marily on building a centralized Q-function to guide
the training of the individual value function (Rashid
et al., 2020; Yang YD et al., 2020). TransMix (Khan
et al., 2022) associates Transformer with QMIX
(Rashid et al., 2020) to learn a richer mixing function
for combining the agents’ individual value functions
(Fig. 6 6©), which mitigates the credit assignment
problem by using a Transformer mixing network to
factorize joint action values into individual action
values for every agent. Wang HB et al. (2023) showed
a similar framework with a different specific mixing
network design based on Transformer (as shown in
Fig. 9, and we generalize it into a general structure
shown in Fig. 6 7©). Unlike the above action-value
function methods, UPDeT (Hu et al., 2021) replaces
the RNN-based component in the individual value
function with Transformer to optimize the policy at
an action-group level and fits tasks with different
observations and action configuration requirements,
which offers significant improvements on the transfer
capability of a multi-agent system, especially in hard
and complex multi-agent tasks.

Unlike the above studies that just replace partial
components in MARL methods with Transformer
to improve one certain type of performance, Wen
et al. (2022) used the multi-agent advantage decom-
position theorem to transform multi-agent joint pol-
icy optimization into a pure sequence model. They
conducted some pioneering work and proposed an
MARL model, multi-agent Transformer (MAT) (as
shown in Fig. 11, and we provide a general struc-
ture in Fig. 6 9©), which is characterized by treating a
team of agents as a sequence and guided by the multi-
agent advantage decomposition theorem to ease the
reward assignment problem.

Some other researchers make initial explorations
involving partial observability and generality in
MARL problems. For example, Yang YD et al.
(2022) alleviated the partial observability focus on
the working memory updating schema and action
parsing, and provided an agent Transformer mem-
ory (ATM) network to calculate individual Q-values
or policy logits.
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Associating Transformer with the current ad-
vanced MARL boosts the performance in multiple
dimensions. However, successful developments of
current Transformer-based MARL methods that di-
rectly inherit single-agent TransRL methods may
lack convergence guarantees in the MARL setting.
Finally, we provide a summary of Transformer-based
MARL methods in Table 2.

3.5 Transformer-based meta-reinforcement
learning

Standard meta-reinforcement learning (meta-
RL) aims to train the agent in a set of train-
ing tasks to learn a sufficiently powerful strategy
that can quickly adapt to new unseen tasks in
independent and identically distributed or out-of-
distribution (OOD) tasks (Yu TH et al., 2020b).

Inherited meta-learning (Hospedales et al.,
2022), a branch of meta-RL, is developed from
memory-based architectures (Ortega et al., 2019),
such as RL2 (Duan et al., 2016) and E-RL2 (Stadie
et al., 2018). The recently rising attention-based
architectures excel at reasoning and can recognize
how situations are related to the multi-head atten-
tion mechanism. One natural idea is to use them
as a replacement for RNNs. Melo (2022) developed
TrMRL, which integrates the Transformer struc-
ture with a memory recovery mechanism, associates
previous tasks, dynamically represents a task, and
creates a memory sequence using layers of recur-
sion. TrMRL is a pioneering work that presents
substantial improvements in associating Transformer

with meta-RL. However, the generality of TrMRL
is encouraged to be improved because its verifica-
tion task is similar to the training task. Pinon
et al. (2022) developed a model-based algorithm, in
which a Transformer encoder was used to fit the
symbolic environmental dynamics (Wang J et al.,
2021), and applied an online planner to the learned
model.

How can we unlock the potential of the Trans-
former structure to entirely adopt OOD tasks rather
than simply replacing Transformer with a component
of meta-RL? A collection of methods have been im-
plemented to enable generalizations to unseen work.
For example, Lin RJ et al. (2022) proposed a novel
Transformer-based meta-RL algorithm, named Con-
textual Meta Transformer (CMT), in which a pre-
training and fine-tuning paradigm is used to solve
offline RL problems in the offline setting. CMT aims
to conquer multiple tasks and generalizations in one
shot in the offline setting from the perspective of
sequence modeling. Introducing the prompt-based
framework from NLP and adapting it to the context
of offline RL, Prompt-based Decision Transformer
(Prompt-DT) (Xu et al., 2022) (the framework is
shown in Fig. 6 5©) incorporates the advantages of
the Transformer architecture in sequential model-
ing and the prompt framework in few-shot adapta-
tion, achieving excellent generality in offline meta-
RL, which is analogous to supervised learning with
the pretraining and fine-tuning paradigm. Compar-
ison of the standard meta-RL and offline meta-RL
refers to Mitchell et al. (2021).
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In the context of MARL, associating Trans-
former with the conventional meta-RL is a promis-
ing way to generalize to OOD environments. How-
ever, note that adapting Transformer with a specific
paradigm to RL problems is nontrivial. For exam-
ple, it is easy to pretrain language models and to
learn adequate knowledge from the pretraining cor-
pus. In RL, it is questionable whether a pretrained
model has enough knowledge to solve an unforeseen
task because of the inherent differences between the
different tasks (Xu et al., 2022). Finally, we provide
a summary of TransRL for single-agent DM tasks in
Table 3.

4 Representative TransRL models

This section is aimed to provide insights into
the details of three representative implementation
instances of TransRL models and to discuss their
characteristics, benefits, and limits. The goal here is
not to exhaustively detail all TransRL models but to
cover a series of representative samples of TransRL
models.

4.1 Decision Transformer

DT (Dosovitskiy et al., 2021) is the first suc-
cessful application of the Transformer model to DM
tasks, which shifts the focus to sequential modeling
and converts offline RL into pure supervised learn-
ing tasks. DT avoids the need for computing cu-
mulative rewards (including the discount factor γ)
through dynamic programming, and it also avoids
the stability issues related to bootstrapping for long-
term credit assignment and reward sparsity. Un-
like traditional RL, DT models the reward as the
returns-to-go Rt =

∑T
t′=t rt′ instead of the expected

return in an MDP. A trajectory for DT is repre-
sented as τ = (R1, s1, a1, R2, s2, a2, · · · , RT , sT , aT ),
in which the visual states are usually an encoder
with a convolution operation. DT employs a Trans-
former architecture (Fig. 10) that consists of stacked
self-attention layers with residual connections. In
the training loop, 3K tokens (K for each modal-
ity: return-to-go, state, or action) will be sam-
pled from a dataset of offline trajectories and fed
in DT with a same-time-step embedding which is
a slight difference from a standard positional em-
bedding. The training objective is to minimize the
mean square error (MSE) loss between the ground

truth action at and predicted action ât, that is,
L(θ) = 1

N

∑N
i (ât − at)

2. In the testing loop, DT
interacts with the environment with the predicted
action ât, which is generated based on input condi-
tioning information.
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Fig. 10 Structure of the original decision Transformer
(Chen LL et al., 2021)

Benefiting from the structure of Transformer,
DT achieves a good generalization ability on Atari
tasks. Siebenborn et al. (2022) replaced Transformer
with an LSTM model while keeping the other com-
ponents unchanged, and performed ablation experi-
ments to show the strong ability in the DT inherited
from Transformer in the same environments. How-
ever, DT loses a stitching ability, which is an im-
portant ability for an offline RL to learn the op-
timal policy from suboptimal trajectories, and is
significant particularly when the offline dataset col-
lects only suboptimal trajectories. Yamagata et al.
(2023) addressed the shortcomings of DT by leverag-
ing the benefits of dynamic programming (such as Q-
learning). Another drawback of DT is that goal (e.g.,
return-to-go) needs to be engineered at hand since
DT ignores the instant reward r signal. To explicitly
mitigate this issue, Shang et al. (2022) proposed a
novel model, StARformer, based on the original DT,
which could easily operate on the stepwise reward
(that is, the immediate reward generated by an envi-
ronment in each step), since the Step Transformer in
StARformer operates on “s-a-r” tokens in the short
term and Sequence Transformer in StARformer op-
erates on learned intermediate StAR-representation
in the long term. To implicitly address this issue,
Furuta et al. (2022) developed a new Transformer
structure to avoid the need for complicated reward
engineering and extracted a learning signal from each
trajectory data.
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4.2 Multi-agent Transformer

MAT (Wen et al., 2022) is a pioneering work
that extends TransRL to the multi-agent setting.
Unlike previous works that focus on replacing the
component in MARL with Transformer, MAT lever-
ages the multi-agent advantage decomposition the-
orem (Kuba et al., 2021) to entirely transform the
joint policy optimization problem into a sequential
DM process, and designs an encoder–encoder Trans-
former structure (Fig. 11) to enhance the paralleliza-
tion for proximal policy optimization (PPO). In this
subsection, we discuss the key techniques behind
MAT and provide a promising direction for combin-
ing MARL with Transformer models.

Markov games provide an analysis tool for coop-
erative multi-agent DM problems; however, they are
unsuitable for sequence-to-sequence methods since
all agents take actions simultaneously based on their
observation without sequential dependencies. The
multi-agent advantage decomposition theorem plays
a key role in building a surprising connection between
MARL and sequence models, which guarantees that
the joint advantage function can be decomposed into
a summation of each agent’s local advantages. Un-
derpinned by the multi-agent advantage decomposi-
tion theorem, it is trivial to convert a Markov game
to a multi-agent sequential decision model, in which
agents take actions by following a sequential order,
and each agent considers decisions from the preced-
ing agents. This sequential decision progress is sim-
ilar to DT in a single-agent setting, which provides

a new angle to solve the MARL problem by using a
Transformer model. As shown in Fig. 11, the Trans-
former encoder block learns expressive representa-
tions of the joint observation, and is followed by
multilayer perceptron (MLP) to fit the value func-
tions. The encoder outputs actions for each agent in
an autoregressive manner.

In training steps, the encoder is updated by the
temporal difference error (Sutton and Barto, 2018):

LEncoder(φ) =

1

Tn

n∑
m=1

T−1∑
t=0

[
R (ot, at) + γVφ̄

(
ôimt+1

)
− Vφ

(
ôimt

)]2
.

(7)
The decoder is trained by minimizing the follow-

ing clipping PPO (Schulman et al., 2017) objective:

LDecoder(θ) =

− 1

Tn

n∑
m=1

T−1∑
t=0

min
(
rimt (θ)Ât, clip

(
rimt (θ), 1± ε

)
Ât

)
,

(8)
where

rimt (θ) =
πim
θ

(
aimt | ôi1:nt , â

i1:m−1

t

)

πim
θold

(
aimt | ôi1:nt , â

i1:m−1

t

) . (9)

MAT leverages the multi-agent advantage de-
composition theorem to bridge MARL with the se-
quence model, which brings some remarkable advan-
tages: (1) Sequence modeling reduces the complex-
ity growth of the MARL problems with increase in
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the number of agents from multiplicative to addi-
tive, thus rendering linear complexity; (2) By treat-
ing a team of agents as a sequence, the Transformer
architecture allows us to model teams of agents
with variable numbers and types while avoiding the
drawbacks of MAPPO or heterogeneous-agent PPO
(HAPPO).

4.3 Gato

Gato is a general-purpose agent for a wide range
of tasks (exactly 604 distinct tasks), such as video
games (Bellemare et al., 2013), simulated control,
chat, caption images, and block stacking with a real
robot arm. The remarkable performance of Gato
is attributed to the large-scale Transformer model
(with 1.2 billion parameters) and the expensive com-
putation, which costs 4 d with 256 tensor processing
units (TPUs). In this subsection, we introduce the
key techniques of Gato and discuss its benefits and
limits. Gato is characterized by sensing and act-
ing with multimodal and multiembodiment (Reed
et al., 2022), and learning a generalist policy that
can handle multiple tasks by a single network with
the same weights. The backbone of Gato is a large
decoder-only Transformer with 24 layers, an embed-
ding size of 2048, and a post-attention feed-forward
hidden size of 8196. In the training phase, Gato uses
different tokenization methods (Kudo and Richard-
son, 2018; Dosovitskiy et al., 2021) to process diverse
modality data, including text, images, discrete val-
ues, and continuous values. Note that Gato adds po-
sition (including temporal and spatial information)
by a parameterized embedding function, which takes
different operations on different modalities. For out-
put targets, each token is potentially a target la-
bel on the condition of the previous tokens under
autoregressive training. Additionally, the target la-
bels could be obtained by prompting with expert
demonstrations, which is useful in helping Gato in-
fer the relevant tasks from the observations and ac-
tions in the prompt. Given a sequence of tokens
s1:L = {s1, s2, · · · , sL}, the training loss for a batch
B is

L(θ,B)

= −
|B|∑
b=1

L∑
l=1

m(b, l) log pθ

(
s
(b)
l | s(b)1 , s

(b)
2 , . . . , s

(b)
l−1

)
,

(10)

where m(b, l) → {0, 1} is a masking function.
Gato handles tasks across several domains (such

as NLP, CV, and DM), which shows an inspiring
prospect for reducing the need for handcrafting pol-
icy models. However, Gato relies on extremely
large diverse modality datasets (which require sev-
eral weeks or even months of data collection), where
the main challenge is the lack of available data. Nat-
ural language or image datasets are relatively easy to
collect from the Web; however, a Web-scale dataset
for control tasks is currently problematic, especially
when scaling Gato to a higher number of parameters.
Another obvious limit of Gato is that it is computa-
tionally expensive; we will discuss this issue in detail
in Section 6.2.

5 Applications

Based on the familiar RL applications (Xi-
ang XC and Foo, 2021) (Table 4), here we re-
view how TransRL has been exploited in gaming
AI, robotics, transportation, and computer systems.
We summarize the applications of TransRL in video
games, robotic manipulation, robotic navigation, au-
tonomous driving, and combinational optimization.

Table 4 Existing applications of TransRL (TransRL
⊆ RL ⊆ Domain)

Domain RL TransRL

Gaming AI
Board games, Video games
card games, (open-ended
video games games)

Sim-to-real, Robotic manipulation,Robotics control robotic navigation

Transportation Traffic control Autonomous driving

Computer Resource assignment, Combinatorial
systems security optimization

5.1 Gaming artificial intelligence

In the RL community, games are ideal bench-
marks with features that have simple rules and well-
defined boundaries (Yuan WL et al., 2021). Gaming
AI is referred to as the drosophila of AI (Omidshafiei
et al., 2020), which is an open problem that drives re-
search on the AI frontiers. In recent years, gaming AI
has achieved superhuman performance in DM games
(Silver et al., 2017a; Jaderberg et al., 2019; Vinyals
et al., 2019; Badia et al., 2020; Li JJ et al., 2020;
Zha et al., 2021; Zhao EM et al., 2022), such as card
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games (e.g., Texas hold’em poker, DouDizhu, and
Bridge), board games (e.g., Go), and video games
(e.g., Gym-like game (Brockman et al., 2016), Atari,
StarCraft II, Quake III Arena, and Google Research
Football (Kurach et al., 2020)). There have been few
studies of TransRL in board games and card games,
and researchers currently focus on video games, since
video games are characterized by real-time interac-
tion, data generation with low cost, high-level vi-
sual inputs, and long-time horizon DM, being a per-
fect application instance of TransRL. However, in
principle, there is no reason why TransRL models
could not be trained with either board games or
card games. TransRL (Reed et al., 2022) is currently
one of the state-of-the-art algorithms in Gym-like
and Atari games (participating type games with near
state-of-the-art performance) in the single-agent set-
ting. However, for complex multiplayer games, Tran-
sRL can be applied only in partial scenarios or
some subtasks, rather than by playing the large-scale
full game. For example, current Transformer-based
MARL methods (Meng et al., 2021; Khan et al.,
2022; Yang YD et al., 2022; Wang HB et al., 2023)
focus solely on micromanagement in StarCraft II,
which is concerned with the fine-grained control of
individual units instead of a high-level strategy. One
of the main reasons is that the large-scale adversarial
game brings great practical challenges involving the
nontransmit game (Czarnecki et al., 2020). However,
not all games are bounded by rules. For example,
Minecraft (Guss et al., 2019) is an open-ended game
with a sandbox design. Current TransRL algorithms
(Reid et al., 2022) take a revolutionary application
in Minecraft, which is beneficial to drive AI to ex-
press creative behavior by building structures that
adapt to the world around it (Barthet et al., 2023).
Like Minecraft, XLand (including versions 1.0 and
2.0) (Open Ended Learning Team et al., 2021) is a
productive game that consists of a huge variety of
tasks in complex worlds with embedded hidden pro-
duction rules. DeepMind provides an adaptive agent
(Bauer et al., 2023) in XLand, which was created on
a large Transformer model AdA with meta-RL. We
summarize the applications of TransRL in gaming
AI in Table 5.

5.2 Robotics

Robotic tasks are characterized by high-
dimensional, continuous states and actions (Singh et

Table 5 Applications of TransRL in gaming AI

Type Game SA MA TransRL

Board game Go, Chess, Shogi � –

Texas hold’em poker, � –
Card game

DouDizhu, Bridge � � –

Video game
Gym-like, Atari, � �

StarCraft II, � �

Quake III Arena, � �

Google Research Football � �

Open-ended game Minecraft, XLand � � �

SA: single-agent setting; MA: multi-agent setting

al., 2022). The wide application of TransRL in
robotics focuses mainly on video/image/language-
conditioned robotic manipulation and navigation.
Robotic manipulation (Fig. 12) requires a robot
move an object to a location relative to another ob-
ject (Pan C et al., 2023), with visual perception
or language understanding as the major input to
make decisions in the simulator or physical environ-
ment (Boularias et al., 2015; Oh et al., 2015; Du-
vallet et al., 2016). For example, a cooking robot
may need to place a lasagna in an oven. Key skills
for robotic manipulation include understanding and
placing objects in task-specific locations and gener-
alizing to novel objects (such as taking new steak off
the grill or sweeping the beans into the new red dust-
pan). Traditional approaches for handling robotic
manipulation tasks try to divide the problem into
subtasks such as Assistive Tele-op (Clever et al.,
2022), legged locomotion (Yang RH et al., 2022),
and grasping (Han YH et al., 2021), and solve each
subtask independently (Sanchez et al., 2022). Cur-
rently, many new approaches for robotic manipula-
tion have been proposed, aiming to learn end-to-end
policy mapping from high-level visual observations
to low-level robot actions, among which TransRL
is one of the most promising and effective methods
(Xu et al., 2022). The original DT (Dosovitskiy
et al., 2021) is the first TransRL method applied
to simple robotic manipulation tasks, such as the
key-to-door scenario (Mesnard et al., 2021). Based
on the original DT, TransRL-related studies extend
to meta-RL (Melo, 2022), MARL (de Witt et al.,
2020), and even general agent settings (Reed et al.,
2022). Furthermore, some advanced TransRL al-
gorithms consider even richer applications, such as
intense spatiotemporal coupling states (Yang YM
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“Open the middle drawer” “Lide the block to pink target” “Stack 2 purple blocks” “Place the wine bottle on the
middle of the rack”

“Put the moon in the
shape sorter”

“Screw in the gray lightbulb” “Turn the right tap” “Take the steak off the grill” “Use the stick to drag
the cube onto the rose target”

“Sweep dirt
to the short dustpan”

“Put the tomatoes
in the top bin”

“Put the tape
in the top drawer”

“Place the blue whiteboard
marker in the mug”

“Sweep the beans into
the gray dustpan”

“Hit the green ball
with the stick”

(a) (b) (c) (e)(d)

(f) (g) (h) (j)(i)

(k) (l) (m) (o)(n)

Fig. 12 Illustration on different manipulation tasks (a)–(o) (Shridhar et al., 2023)

et al., 2022), three-dimensional (3D) environments
(Hermann et al., 2017; Mees et al., 2022), and imper-
fect perception, adapting to user preferences (Jain
et al., 2023) and language instructions (Guhur et al.,
2022).

Traditional robotic navigation can be divided
into static tasks and dynamic tasks according to
the environmental properties. Static robotic navi-
gation tasks, such as empty outdoor scenarios, re-
quire the agent reach the destination while avoiding
obstacles in the fixed environment without moving
obstacles. In contrast, dynamic scenarios contain in-
teractive objects that are generally inherent to real
human environments, such as toys and shoes, which
require the robot interact with the environment by
pushing or moving the obstacles away to clear the
path (Li WY et al., 2022). TransRL has received
much attention in natural-language-grounded visual
navigation (Fig. 13), an emerging field of robotic
navigation, due to its powerful encoding ability on
high-level information and multimodal Transformer
data. Natural-language-grounded visual navigation
contains mainly two research directions, vision-and-

language navigation (VLN) (Anderson et al., 2018;
Gu et al., 2022) and vision-and-dialog navigation
(VDN). In VLN, a robot with first-person views for
observations moves to a goal location according to
step-by-step natural language instructions. Specifi-
cally, the navigation procedure can be viewed as a
sequential DM process, where a robot is placed at
an initial location (such as in the living room), re-
ceives a series of task information in the language
instruction form, and then moves to the destination
(such as in the kitchen) following the instruction.
The given language instruction describes the agent’s
trajectory in detail, such as “Walk toward the ta-
ble,” “When you get to the bed,” and “Turn left
and exit the room.” Similar to VLN, VDN con-
siders more complex scenarios where robots need to
interact with humans; the interactions include un-
derstanding human instructions and active inquiries.
Owing to the limitations of collecting real-world data
and the safety concerns with real robots (Zhao WS
et al., 2020), robotic simulators are popular in train-
ing agents, such as Gym, ManipulaTHOR (Ehsani
et al., 2021), dm_control (Tunyasuvunakool et al.,
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2020), SAPIEN (Xiang FB et al., 2020), Causal-
World (Ahmed et al., 2021), and RLBench (James
et al., 2020), which greatly accelerate the devel-
opment of manipulation and navigation methods.
However, TransRL focuses on applications in simula-
tors, and few TransRL studies currently explore the
simulation-to-reality (sim-to-real) (Zhao WS et al.,
2020) transfer process, which leads to a gap between
the simulated and real worlds. For example, em-
ploying excessive force to real objects might cause
elastic deformation and even damage, while grasp-
ing can flop with a lack of force. This gap degrades
the performance of trained models when they are
transferred into real robots.

Help!

Go forward

2

4

1

3
2

4

5

Turn left

Target: find a clock in the dining room

Object name Target area

Help!

Fig. 13 An illustration of natural-language-grounded
visual navigation tasks (Li X et al., 2022)

5.3 Transportation

In urban driving scenarios, a major challenge
for DM arises from the stochastic nature of interac-
tive traffic participants and the complexity of road
structures (Yurtsever et al., 2020; Liu HC et al.,
2022). Many TransRL-related methods outperform
traditional RL with the powerful representation abil-
ity of Transformers, especially when dealing with
multimodal data. For example, Liu HC et al. (2022)
developed a two-layer encoder TransRL framework.
The Multi-Stage Transformer (MST) was first used
to extract latent features (e.g., latent agent interac-
tions) from a multimodal scene representation (in-
cluding map information, neighbor information, and
dynamic interactions among agents). The Sequential
Latent Transformer (SLT) follows, aiming to cap-
ture latent agent interactions by a self-supervised
learning method. MST and soft actor–critic (SAC)
(Haarnoja et al., 2018) are used to make driving
decisions during the inference phase, while SLT is
employed only to speed up training in the training
phase. Yuan Z et al. (2022) considered a multive-

hicle pursuit (MVP) problem under the background
of the Internet-of-Vehicles system (Mohamed et al.,
2021; Wu TH et al., 2021). The MVP game arises
from a real-world application of the police depart-
ment’s pursuit of suspicious vehicles, where multi-
ple vehicles work together to capture mobile targets,
which is usually characterized by partial observa-
tions and multi-agent dynamic interactions. Yuan Z
et al. (2022) proposed a Transformer-based time and
team reinforcement learning scheme (T3OMVP) to
solve MVP, in which QMIX is used to address multi-
agent reward assignments and the agents are trained
under the CTDE paradigm. Notably, Transformer-
based methods jointly model the states and actions
as a pure generic sequence generation problem, and
try to disentangle the effects of the policy and en-
vironment dynamics on the return. Thus, in ad-
versarial or stochastic environments, these methods
lead to overly optimistic behaviors, which tend to
be unsafe and unreliable in critical systems such as
autonomous driving. However, in autonomous driv-
ing, which is a safety-critical domain, understanding
the stochastic environment is critical for safe and
robust autonomous driving. The abovementioned
TransRL methods act optimistically without consid-
ering the uncontrollable factors in the environment,
which leads to an entanglement between the effec-
tiveness of the policy and stochastic factors on the
outcomes. Villaflor et al. (2022) attempted to ad-
dress this optimism bias by proposing a separated
latent trajectory Transformer (SPLT Transformer),
which uses two separate policies and world varia-
tional autoencoder (VAE) models to efficiently per-
form a robust search at the test phase.

5.4 Computer systems

In the computer systems domain, we focus on
combinatorial optimization problems as the main
applications of TransRL. Many industry problems
are combinatorial by nature (Bresson and Laurent,
2021). Combinatorial optimization (Kool et al.,
2019; Vesselinova et al., 2020; Wang Q and Tang,
2021) aims to find an optimal object from a finite
set of objects under constraint conditions (Deudon
et al., 2018), which usually leads to NP-hard prob-
lems (Hartmanis, 1982). Classical combinatorial op-
timization problems include the mixed-integer linear
program (MILP) (Wolsey, 2020), traveling salesman
problem (TSP) (Bello et al., 2017), vehicle routing
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problem (VRP) (Toth and Vigo, 2014), and orien-
teering problem (OP) (Golden et al., 1987). Ap-
proaches to these combinatorial optimization prob-
lems can be divided into exact methods and heuristic
(or approximate) methods (Anbuudayasankar et al.,
2014; Kool et al., 2019). We take an example to
illustrate the differences between these two classes
of methods. In TSP, the best-known exact method
is the dynamic programming (DP) algorithm, which
guarantees optimal solutions. However, DP has a
complexity of O(2nn2) for TSP, which makes it infea-
sible to scale up to large instances (n > 40). Never-
theless, handcrafted heuristics that search the space
of feasible solutions in an efficient manner, making
a trade-off between optimality and computational
cost, can provably handle optimality symmetric TSP
instances with thousands of city nodes (Deudon
et al., 2018). However, the solution from scratch with
hand-crafted features and human-engineered heuris-
tics is difficult to transfer to similar tasks. With
the development of DNNs, many approaches with
general-purpose frameworks have been proposed and
successfully applied in combinatorial optimization
problems, among which TransRL is a successful ap-
proach that is able to learn heuristics to produce
high-quality solutions. Mazyavkina et al. (2021) out-
lined the recent advancements in applying RL to
combinatorial optimization problems; the advance-
ments consist mainly of an encoder architecture (e.g.,
RNN, LSTM, and attention) to represent the state
and a learned decoder module (e.g., DQN, PPO, and
REINFORCE (Zhang et al., 2021)) to find the solu-
tion. Bresson and Laurent (2021) adapted a Trans-
former architecture to the TSP with RL training (de-
noted as Trans-TSP), which casts TSP as a trans-
lation problem with quadratic complexity O(n2L).
Trans-TSP encodes the input (2D cities) in the same
way as the source language in translation tasks,
and the target label is a tour with the minimum
length. Wu YX et al. (2022) designed a Transformer-
based network to learn to choose nodes for the 2-Opt
heuristics, in which the learning was under an actor–
critic framework. Deudon et al. (2018) focused on
TSP, using Transformer to encode cities and decode
the probability of a tour, and heuristic learning was
performed by REINFORCE. Kool et al. (2019) re-
placed RNN with an encoder–decoder Transformer
and achieved better performances on both TSP and
CVRP.

6 Challenges and open problems

6.1 Stability and structure optimization

Although TransRL’s remarkable performance
has been attributed mostly to the ability of Trans-
former to effectively model long-range dependencies,
understanding the fundamental mechanism behind
the success of Transformer networks and guiding
the design of a stable network are still open prob-
lems, likely due to the highly complex and non-
convex structure of Transformer networks. Guided
by general principles in deep learning, solid empir-
ical studies (Voita et al., 2019; Takase et al., 2022)
have analyzed the underlying factors (e.g., attention
mechanism, feed-forward network, and layer normal-
ization) behind Transformer’s success. For example,
Liu BY et al. (2021) analyzed the loss landscape and
optimization of attention models, and discussed how
regularization, concentration on attention, and over-
parameterization in attention weight matrices can
further improve the attention model. Vashishth et al.
(2019) discussed the relationship between the ex-
plainability of attention weights and the model out-
puts. Dong et al. (2021) provided new insights into
the operation and inductive bias of networks built by
stacking multiple self-attention layers. Furthermore,
some works developed tools to understand the in-
ner workings of Transformers from other angles. Er-
gen et al. (2022) tried to improve the understanding
and optimization of the Transformer networks form
the perspective of convex optimization. Davis et al.
(2021) introduced the concept of sensitivity to guide
a stable Transformer design. Effective analysis tools
contribute to designing more robust future models.
Conversely, a blind design easily leads to instability
in training. Liu LY et al. (2020) tried to explore the
factors that complicate Transformer training from
the perspective of the structure of Transformer; they
compared the training of Transformer with different
layer norm positions (Post-LN and Pre-LN variants
(Baevski and Auli, 2018; Xiong et al., 2020)). Davis
et al. (2021) introduced a new sensitivity concept
to measure stability, which is a function of archi-
tectures that measure the effect of random param-
eter perturbations on the output variance. Trans-
former is picky in configurating the model, optimizer,
and other hyperparameters, resulting in the stan-
dard Transformer architecture being difficult to opti-
mize in a supervised learning setting, which becomes
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especially pronounced with RL objectives. There
is still lack of research on understanding the diffi-
culty of TransRL, guiding the design of an effec-
tive model and suitable training frameworks. Fur-
ther improvements of the TransRL structure may
lie in the following potential directions: (1) theo-
retical analysis of TransRL ability—exploring the
theoretical reason why TransRL trained with suf-
ficient data has better performance than deep RL
with RNN networks, will be beneficial to design the
TransRL structure; (2) global interaction mechanism
design—better global interaction mechanisms with a
lightweight architecture beyond attention might be
alternative approaches worth exploring.

6.2 Expensive memory and computation

Recent research shows a trend toward large-
scale Transformers. The capacity has substantially
increased from millions of parameters (Devlin et al.,
2019; Conneau et al., 2020) to billions (Radford et al.,
2019; Brown et al., 2020; Raffel et al., 2020; Wang HY
et al., 2022) and even trillions (Du et al., 2022). Em-
pirical evidence indicates that the scaling of model
parameters is beneficial for model performance im-
provements (Kaplan et al., 2020). For example, the
original Transformer has only millions of model pa-
rameters, while Gato has 1.2 billion model param-
eters with superior performance. However, such
a large-scale model suffers from instability, expen-
sive memory, and high computational costs. Some
works on scaling Transformers focus on inference
with better parallelization or optimization of the
network to improve training. Miao et al. (2022) fo-
cused on data and model parallelism and presented
a novel automatic parallel Transformer training sys-
tem, Galvatron, over multiple graphical processing
units (GPUs). To stabilize extremely deep Trans-
formers, Wang HY et al. (2022) proposed a new
normalization function to modify the residual con-
nection in Transformers, which plays a key role in
scaling up the network to 1000 layers. Ma et al.
(2022) provided an open-source toolkit TorchScale
(https://aka.ms/torchscale) that allows efficient and
effective scaling up of Transformers. Yao et al.
(2022) proposed a layerwise token-dropping method
(Random-LTD), which skips the computation of a
subset of the input tokens at all middle layers. Also,
an advanced training method in CV is worthy of
consideration to solve the training issue. Li CL et al.

(2022) explored an efficient training method, which
accelerates Vision Transformer (ViT) training by in-
troducing progressive learning to achieve lossless ac-
celeration by automatically increasing the training
overload on the fly. Although some skills are devel-
oped to speed up training stably, effort-light training
is still a big challenge for TransRL, which is also an
opportunity to explore new possibilities to advance
the state of the art. Furthermore, with the devel-
opment of the intelligent terminal, lightweight struc-
tures become an urgent requirement for TransRL de-
ployed on physical devices. To satisfy this require-
ment, search-based neural network structure design
(Zoph et al., 2018) and automated model compres-
sion (Cheng et al., 2020) will be promising directions
to further improve the ability of TransRL.

6.3 Stochastic effectiveness

TransRL methods that directly convert RL to
Transformer are limited in largely stochastic do-
mains (Villaflor et al., 2022), since most prior works
focused on the mainly deterministic environment
(such as D4RL) and a variety of weakly stochastic
environments (such as Atari). First, in adversarial
or stochastic environments, the state–action transit
function will result in different trajectories although
following the same action based on the same state,
which obstructs reaching the desired results. Sec-
ond, we often need to perform different optimiza-
tions over exploration and exploitation. Generally,
we want to find the optimal actions that maximize
the total expected rewards or take the best response
to the worst-case scenario. Thus, in critical domains
or adversarial games, it is safe to perform at max-
imum over the potential actions and at minimum
over the possible futures in the environment. Paster
et al. (2022) drew the same conclusion that DT can
fail dramatically in stochastic environments, since
trajectories that bring a return may have achieved
only that return due to luck. Paster et al. (2021) de-
scribed a counterexample to illustrate that the RvS
method (reducing RL to a prediction task that is
solved via supervised learning) does not converge
in a stochastic environment. Ozair et al. (2021)
demonstrated similar issues in chess when deploy-
ing MuZero (Schrittwieser et al., 2020) with different
MCTS frameworks (Coulom, 2007). They observed
that playing with a single-agent variant of MuZero
that treats the other agent as an unknown part of
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the environment results in a severe drop in perfor-
mance relative to the traditional one-to-one adver-
sarial framework. To improve stochastic effective-
ness, further research on TransRL mechanism design
for the stochastic environment is beneficial to extend
TransRL’s application scenario.

7 Conclusions

We summarized the research related to Trans-
former in RL for DM. A large number of TransRL
algorithms were classified into Transformer-based of-
fline RL, Transformer-based online RL, Transformer-
based hierarchical RL, Transformer-based multi-
agent RL, and Transformer-based meta-RL. We dis-
cussed the improvements and limits of these meth-
ods. Then some representative TransRL methods
were introduced in detail. Next, according to the
applications of RL in DM, we summarized the appli-
cations of TransRL in DM domains, such as gaming
AI, robotics, autonomous driving, and combinatorial
optimization. Finally, we analyzed the challenges
raised by TransRL from the perspectives of stability
and structure optimization, memory and computa-
tion, and stochastic effectiveness. We hope that this
survey can bring inspiration to the RL community
for future directions.
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