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1 Introduction

The �eld of reinforcement learning (RL) addresses a fundamental challenge in arti�cial intelligence:

how can an agent learn to make e�ective decisions through interaction with its environment? In re-

inforcement learning, an agent learns by taking actions, observing their consequences, and receiving

rewards, gradually improving its decision-making policy through experience [75]. While this approach

has achieved remarkable successes in domains like game playing and robotics, many real-world ap-

plications involve multiple agents that must learn and act together, leading to the development of

multi-agent reinforcement learning (MARL).

MARL extends reinforcement learning to scenarios where multiple agents interact within a shared

environment. These agents must not only learn e�ective individual policies but also develop sophis-

ticated coordination strategies. Common applications include autonomous vehicles navigating tra�c

[66], cooperative robots in warehouse management [31], and gaming agents cooperating or competing

in strategic scenarios [83]. However, MARL faces signi�cant challenges including non-stationarity (as

agents' policies change during learning), exponentially growing state-action spaces, and the need for

e�ective communication between agents.

Recent advances in transformer architectures have opened new possibilities for addressing these

MARL challenges. Transformers, initially developed for natural language processing [82], excel at

modeling complex relationships in sequential data through their attention mechanisms. This capability

proves particularly valuable in MARL, where agents must reason about the temporal evolution of other

agents' behaviors and the environment state. For instance, transformer-based architectures enable

more �exible value function decomposition in cooperative scenarios [37] and allow for policies that can

generalize across varying numbers and types of agents [29].

The emergence of large language models (LLMs) has further expanded the potential of MARL

systems. LLMs trained on vast text corpora demonstrate sophisticated reasoning capabilities and

can follow complex instructions. When integrated into MARL frameworks, LLMs enhance agent

coordination through natural language communication [45], improve task planning capabilities [28],

and enable more robust consensus-seeking behaviors [10]. For example, warehouse robots equipped

with LLM capabilities can discuss task allocation strategies, negotiate resource con�icts, and adapt

their behaviors based on natural language feedback.

This paper provides a comprehensive examination of how transformers and LLMs are reshaping

MARL. We begin by establishing the foundational concepts of reinforcement learning, MARL, and

transformer architectures. This background provides essential context for understanding how these

technologies intersect. We then analyze speci�c advances in applying transformers to reinforcement

learning, including stabilization techniques and the emerging perspective of treating RL as a sequence

modeling problem.

The core of our analysis focuses on three key areas where transformers and LLMs have signi�-

cantly impacted MARL. First, we examine transformer-based architectures for multi-agent systems,

analyzing approaches like transformer-based value function decomposition and universal policy decou-

pling. Second, we investigate how LLMs serve as knowledge sources for RL agents, enhancing their

decision-making capabilities. Third, we explore frameworks for multi-agent collaboration using LLMs,

including both theoretical approaches and practical implementations in robotics.

Throughout this examination, we maintain a critical perspective, analyzing both the advantages

and limitations of di�erent approaches. We support our analysis with empirical results from stan-
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dard benchmarks and real-world applications, providing concrete evidence of where these technologies

excel and where challenges remain. This systematic review aims to equip readers with a clear under-

standing of the current state of research at the intersection of transformers, LLMs, and MARL, while

highlighting promising directions for future investigation.

2 Foundations

2.1 Reinforcement Learning Basics

Reinforcement Learning (RL) represents a paradigm in machine learning where an agent learns to

make decisions through interactions with an environment. This section introduces the fundamental

concepts and terminology of RL, providing a solid foundation for understanding more advanced topics

in multi-agent systems and the application of transformers to RL.

2.1.1 Key Concepts and Terminology

At the core of RL is the concept of an agent interacting with an environment. The agent, serving as

the learner and decision-maker, operates within the environment, which encompasses everything the

agent interacts with [75] . This interaction is typically modeled as a discrete-time process. At each

time step t, the agent receives a representation of the environment's stateSt , takes an actionA t , and

subsequently receives a scalar rewardRt+1 .

Figure 2.1: The agent�environment interaction in reinforcement learning[75] .

Figure 2.1 illustrates this fundamental interaction loop in reinforcement learning. The agent ob-

serves the state of the environment, takes an action based on its policy, and receives a reward and a

new state as a result of that action. This process continues iteratively as the agent learns to improve

its policy over time.

To concretely illustrate these concepts, let's consider a simple Gridworld environment in �gure 2.2.

In this 4x4 Gridworld (left), each cell represents a state. The agent can move up, down, left, or right,

corresponding to the available actions. The green cell (G) represents a goal state with a high reward,

while red cells (X) are obstacles with negative rewards. This environment provides a tangible example

of states, actions, and rewards in RL.

The RL problem is often formalized using Markov Decision Processes (MDPs), which provide a

mathematical framework for modeling decision-making in situations where outcomes are partly random
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Figure 2.2: Gridworld environment, value function, and optimal policy visualization.

and partly under the control of the decision-maker[4]. An MDP is de�ned by a tuple (S; A; P; R; 
 ),

where S represents the set of states,A the set of actions,P the state transition probability function,

R the reward function, and 
 the discount factor, with 
 2 [0; 1].

The state transition probability function P is crucial in de�ning the dynamics of the environment.

It is expressed as:

P(s0js; a) = Pr( St+1 = s0jSt = s; At = a) (2.1)

This equation represents the probability of transitioning to state s0 given that the agent is in state

s and takes actiona. In our Gridworld example, these transitions are deterministic: moving right from

S0 always leads to S1, unless blocked by an obstacle or the grid's edge.

The reward function R is another critical component of the MDP framework. It de�nes the

immediate, scalar feedback that the agent receives after each action. Formally, it can be expressed as:

R(s; a; s0) = E[Rt+1 jSt = s; At = a; St+1 = s0] (2.2)

In Gridworld, this might be represented as a high positive reward for reaching the goal state (G),

negative rewards for obstacle states (X), and small negative rewards for other states to encourage

e�cient paths.

The primary objective of an RL agent is to maximize the cumulative reward over time, often

expressed as the expected return:

Gt = Rt+1 + 
R t+2 + 
 2Rt+3 + ::: =
1X

k=0


 kRt+ k+1 (2.3)

Here, 
 serves as the discount factor, balancing the importance of immediate and future rewards.

The agent's behavior is de�ned by its policy � , a mapping from states to probabilities of selecting each

possible action. If the agent is following policy� at time t, then � (ajs) represents the probability that

A t = a if St = s. In the Gridworld example, the optimal policy is visualized in the rightmost grid of

Figure 2.2, where arrows indicate the best action in each state.

Two crucial value functions in RL are the state-value function and the action-value function. The

state-value function V� (s) represents the expected return when starting in states and following policy

� thereafter:

V� (s) = E� [Gt jSt = s] = E�

"
1X

k=0


 kRt+ k+1 jSt = s

#

(2.4)
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The middle grid in Figure 2.2 visualizes this concept, showing the value of each state under the opti-

mal policy. Higher values (brighter colors) indicate states that are expected to yield higher cumulative

rewards.

The action-value function Q� (s; a), on the other hand, represents the expected return starting from

state s, taking action a, and thereafter following policy � :

Q� (s; a) = E� [Gt jSt = s; At = a] = E�

"
1X

k=0


 kRt+ k+1 jSt = s; At = a

#

(2.5)

A fundamental concept in RL is the Bellman equation, which expresses the relationship between

the value of a state and the values of its successor states. For the state-value function, the Bellman

equation is:

V� (s) =
X

a

� (ajs)
X

s0;r

p(s0; r js; a)[r + 
V � (s0)] (2.6)

And for the action-value function:

Q� (s; a) =
X

s0;r

p(s0; r js; a)[r + 

X

a0

� (a0js0)Q� (s0; a0)] (2.7)

These equations form the basis for many RL algorithms, as they allow for iterative improvement of

value estimates[6]. In our Gridworld example, these equations would be used to compute the values

shown in the middle grid of Figure 2.2.

A key challenge in RL is balancing exploration (trying new actions to potentially �nd better

strategies) and exploitation (using known good strategies). This exploration-exploitation dilemma is

a fundamental issue in RL and has been extensively studied[79] . Common approaches to address this

include � -greedy methods, softmax exploration, and Upper Con�dence Bound (UCB) algorithms[2].

Algorithm 1 � -greedy Exploration Strategy � Balances exploration and exploitation in reinforcement
learning

Require: � 2 [0; 1], Q(s; a) for all s 2 S, a 2 A . � controls exploration rate, Q(s; a) stores action
values

1: function ChooseAction (s) . Takes current state s as input
2: p  UniformRandom(0; 1) . Generate random number to decide between exploration and

exploitation
3: if p < � then . With probability � , explore randomly
4: return RandomAction(A) . Choose a random action from action spaceA for exploration
5: else . With probability 1 � � , exploit current knowledge
6: return arg maxa Q(s; a) . Choose action with highest estimated value in current state
7: end if
8: end function

The � -greedy strategy, as shown in Algorithm 1, provides a simple yet e�ective approach to balanc-

ing exploration and exploitation. With probability � , the agent chooses a random action (exploration),

and with probability 1- � , it chooses the action with the highest estimated value (exploitation). This

method ensures that the agent continues to explore the environment, potentially discovering better

strategies, while also taking advantage of its current knowledge.

In our Gridworld example, an � -greedy strategy would allow the agent to occasionally take random

actions, helping it discover the high reward of the goal state or learn to avoid obstacle states, while
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generally following the optimal policy shown in the rightmost grid of Figure 2.2.

These concepts form the foundation of reinforcement learning and are essential for understanding

more advanced topics such as function approximation[81] , policy gradient methods [76] , and the

integration of deep learning techniques with RL, leading to the �eld of deep reinforcement learning

[50] .

As we progress to later sections, these fundamental ideas will be crucial in exploring multi-agent

reinforcement learning systems and the application of transformer architectures to RL problems. The

interplay between these basic concepts and more advanced techniques continues to drive innovation in

the �eld of reinforcement learning.

2.1.2 Classic RL Algorithms

The �eld of reinforcement learning (RL) has been shaped by several seminal algorithms that have

laid the foundation for modern RL techniques. This section explores these classic algorithms, their

underlying principles, and their signi�cance in the development of RL.

Dynamic Programming

Dynamic Programming (DP) methods [3] represent foundational approaches to solving reinforcement

learning problems, particularly in scenarios where the environment dynamics, including transition

probabilities and reward functions, are known a priori. While their computational complexity often

precludes their direct application to large-scale reinforcement learning problems, DP methods provide

critical theoretical underpinnings that inform many modern algorithms.

At the heart of dynamic programming lie two fundamental algorithmic approaches: policy iteration

and value iteration. Policy iteration employs an alternating optimization strategy, iteratively evalu-

ating the value function for the current policy before improving that policy based on the computed

values. This process continues until convergence, with each iteration re�ning both the value estimates

and the resulting policy. In contrast, value iteration takes a more direct approach by computing the

optimal value function through repeated application of the Bellman optimality equation, from which

an optimal policy can be derived [59].

The mathematics underlying policy iteration reveals its elegant structure. The algorithm alternates

between policy evaluation:

V � k (s) =
X

s0

P(s0js; � k (s))[R(s; � k (s); s0) + 
V � k (s0)] (2.8)

and policy improvement:

� k+1 (s) = a

X

s0

P(s0js; a)[R(s; a; s0) + 
V � k (s0)] (2.9)

where V � k represents the value function under policy� k , and 
 denotes the discount factor. This

process continues until the policy stabilizes, at which point the algorithm has converged to an optimal

solution.

Algorithm 2 formalizes this iterative process, demonstrating how policy evaluation and improve-

ment phases interleave to progressively re�ne the solution. While both policy iteration and value

iteration converge to optimal policies, they exhibit di�erent computational trade-o�s and generate

distinct sequences of intermediate policies during optimization [59]. Understanding these trade-o�s
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proves crucial when applying dynamic programming principles to practical reinforcement learning

problems.

Algorithm 2 Policy Iteration � Iteratively computes optimal policy through alternating evaluation
and improvement phases

1: Initialize � 0 arbitrarily . Start with any valid policy mapping states to actions
2: for k = 0 ; 1; 2; : : : do . Main iteration loop
3: // Policy Evaluation Phase: Compute value function for current policy � k

4: repeat
5: for eachs 2 S do . Update values for all states
6: vk+1 (s)  

P
s0 P(s0js; � k (s))[R(s; � k (s); s0) + 
v k (s0)] . Bellman update: sum over next

states (s0), using transition probability P, immediate reward R, and discounted future value
v k

7: end for
8: until vk converges . Continue until value estimates stabilize Copy
9: // Policy Improvement Phase: Find better policy using updated values

10: policy_stable  true . Flag to check if policy has converged
11: for eachs 2 S do . Update policy for all states
12: old_action  � k (s) . Store current action for comparison
13: � k+1 (s)  a

P
s0 P(s0js; a)[R(s; a; s0) + 
v k (s0)] . Select action maximizing expected value

using current value estimates
14: if old_action 6= � k+1 (s) then . Check if policy changed
15: policy_stable  false
16: end if
17: end for
18: if policy_stable then . If no changes in policy, we've found optimal solution
19: return vk ; � k . Return converged value function and optimal policy
20: end if
21: end for

Monte Carlo Methods

Monte Carlo (MC) methods learn from complete episodes of experience, without requiring knowledge

of the environment dynamics [75]. These methods are particularly useful in episodic tasks and can

learn directly from interaction with the environment.

The key idea in MC methods is to estimate the value of a state by averaging the returns observed

after visits to that state. This approach can be used for both prediction (evaluating a given policy)

and control (�nding an optimal policy).

One of the advantages of MC methods is their ability to focus on relevant parts of the state space,

as they only update values for states that are actually visited. However, they can be slow to converge

and are not suitable for continuing (non-episodic) tasks [72].

The Monte Carlo estimation process can be expressed as:

V (s) �
1
N

NX

i =1

Gi (s) (2.10)

Where V (s) is the estimated value of states, N is the number of visits to state s, and Gi (s) is the

return from the i -th visit to state s.

Figure 2.3 illustrates the iterative process of policy iteration, where the algorithm alternates be-

tween policy evaluation and policy improvement until convergence.
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Figure 2.3: Policy iteration process. Adapted from Sutton and Barto [75].

Temporal Di�erence Learning

Temporal Di�erence (TD) learning, introduced by Sutton [74], combines ideas from DP and MC

methods. Like MC methods, TD learning can learn directly from experience without a model of

the environment. However, TD methods update estimates based on other learned estimates, without

waiting for a �nal outcome (bootstrapping).

The simplest TD prediction algorithm, known as TD(0), updates the value function as follows:

V (St )  V (St ) + � [Rt+1 + 
V (St+1 ) � V (St )] (2.11)

where � is the learning rate and
 is the discount factor.

TD methods generally converge faster than MC methods and can be applied to continuing tasks.

However, they can be more sensitive to initial value estimates [75]. Table 2.1 provides a comparison

between TD and MC methods.

Aspect Temporal Di�erence Monte Carlo

Update Frequency Every step End of episode
Bias Biased (due to bootstrapping) Unbiased
Variance Lower variance Higher variance
Online Learning Suitable Not suitable
Continuing Tasks Applicable Not applicable
Convergence Speed Faster Slower

Table 2.1: Comparison of Temporal Di�erence and Monte Carlo methods

Q-Learning

Q-learning, introduced by Watkins and Dayan [84], represents a fundamental advancement in rein-

forcement learning through its ability to learn optimal behavior while following an exploratory policy.

This o�-policy temporal di�erence control algorithm directly learns the optimal action-value func-

tion Q� (s; a), which represents the expected cumulative reward when taking actiona in state s and

following the optimal policy thereafter.

The Q-learning update rule encapsulates this learning process:

Q(St ; A t )  Q(St ; A t ) + � [Rt+1 + 
 max
a

Q(St+1 ; a) � Q(St ; A t )] (2.12)
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This equation merits careful examination. The term Rt+1 + 
 maxa Q(St+1 ; a) represents the

target value, combining the immediate rewardRt+1 with the discounted estimate of optimal future

value 
 maxa Q(St+1 ; a). The learning rate � controls how much the current estimate is updated

based on the di�erence between this target and the current estimateQ(St ; A t ). Crucially, by taking

the maximum over all possible actions in the next state (maxa Q(St+1 ; a)), Q-learning learns about

the optimal policy regardless of the actions actually taken during exploration.

The complete Q-learning algorithm implements this update rule within an episodic learning frame-

work:

Algorithm 3 Q-Learning � Learning optimal action-values through o�-policy updates

1: Initialize Q(s; a) arbitrarily . Initialize action-value estimates
2: for each episodedo . Loop through training episodes
3: Initialize S . Set initial state for episode
4: for each step of episodedo . Continue until episode termination
5: ChooseA from S using policy derived from Q (e.g., � -greedy) . Select action balancing

exploration and exploitation
6: Take action A, observe rewardR and next state S0

7: Q(S; A)  Q(S; A) + � [R + 
 maxa Q(S0; a) � Q(S; A)] . Update Q-value using observed
transition

8: S  S0 . Transition to next state
9: end for

10: end for

SARSA: On-Policy Learning

SARSA (State-Action-Reward-State-Action), introduced by Rummery and Niranjan [63], provides an

alternative approach to Q-learning through on-policy learning. Unlike Q-learning, SARSA learns the

value of the actual policy being followed, including exploratory actions. This characteristic leads to

fundamentally di�erent learning dynamics and policy behaviors.

The SARSA update rule reveals its on-policy nature:

Q(St ; A t )  Q(St ; A t ) + � [Rt+1 + 
Q (St+1 ; A t+1 ) � Q(St ; A t )] (2.13)

The key distinction from Q-learning lies in how future value is estimated. Instead of using the

maximum Q-value in the next state (maxa Q(St+1 ; a)), SARSA uses the Q-value of the actual next

action A t+1 that will be taken ( Q(St+1 ; A t+1 )). This means SARSA learns values that re�ect the

outcomes of the exploration policy being followed, leading to more conservative behavior in scenarios

where exploration carries risk [75].

Table 2.2 summarizes these algorithmic di�erences and their implications. These algorithmic dif-

ferences make each method suitable for di�erent scenarios. Q-learning's o�-policy nature makes it

particularly valuable for learning from stored experience (replay bu�ers) and forms the foundation for

modern deep reinforcement learning algorithms like DQN [50]. SARSA's on-policy updates make it

more appropriate for scenarios where safe exploration is crucial, as it learns values that re�ect the

risks inherent in the exploration process.
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Characteristic Q-Learning SARSA

Policy Type O�-policy: Learns optimal policy
independent of exploration

On-policy: Learns policy that in-
cludes exploration behavior

Value Updates Usesmaxa Q(S0; a): Assumes opti-
mal future actions

UsesQ(S0; A0): Accounts for actual
exploratory actions

Risk Handling May learn policies that are optimal
but risky during learning

Learns policies that are safer during
the learning process

Convergence Properties Converges to optimal policy with
su�cient exploration

Convergence depends on explo-
ration schedule and policy

Table 2.2: Comparative analysis of Q-Learning and SARSA algorithms

Policy Gradient Methods

Policy gradient methods embody a fundamentally di�erent approach to reinforcement learning by

directly optimizing the policy parameters without explicitly maintaining value function estimates.

First introduced through the REINFORCE algorithm by Williams [87], these methods have evolved

into sophisticated approaches that underpin many modern reinforcement learning systems.

At their core, policy gradient methods operate by adjusting policy parameters� to maximize the

expected return J (� ). This objective leads to the foundational update rule:

�  � + � r � J (� ) (2.14)

where � represents the learning rate. The gradientr � J (� ) captures how small changes in policy

parameters a�ect the expected return, providing a direction for policy improvement. This direct

parameter optimization stands in contrast to value-based methods, o�ering particular advantages in

continuous action spaces and stochastic policies.

The REINFORCE algorithm implements this concept through a theoretically elegant Monte Carlo

approach:

Algorithm 4 REINFORCE � Monte Carlo Policy Gradient

1: Initialize policy parameters � arbitrarily . Begin with random policy
2: for each episodef st ; at ; r t gT

t=0 � � � do . Sample trajectory
3: for t = 0 to T do
4: Gt  

P T
k= t 
 k� t r k . Compute discounted return

5: end for
6: for t = 0 to T do
7: �  � + �G t r � log � � (at jst ) . Update policy using likelihood ratio gradient
8: end for
9: end for

The algorithm's elegant simplicity belies its theoretical signi�cance. The term r � log � � (at jst )

represents the gradient of the log probability of taking action at in state st , while Gt serves as an

unbiased estimate of the expected return. This formulation provides unbiased gradient estimates but

often exhibits high variance, necessitating substantial sample sizes for reliable learning [75].
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Proximal Policy Optimization (PPO)

Building upon these foundations, Proximal Policy Optimization (PPO) [65] introduces crucial inno-

vations to enhance learning stability and e�ciency. PPO's primary contribution lies in its carefully

constructed objective function that prevents destructively large policy updates while maintaining the

bene�ts of policy gradient methods.

The PPO objective employs a clipped surrogate function:

L CLIP (� ) = Et [min( r t (� )Â t ; clip(r t (� ); 1 � �; 1 + � )Â t )] (2.15)

Here, r t (� ) = � � (at jst )
� � old

(at jst ) measures the ratio between new and old policy probabilities. When this

ratio strays too far from 1 (controlled by � ), the clipping function curtails the objective, e�ectively

constraining the policy update magnitude. The advantage estimateÂ t provides a learned baseline for

variance reduction, improving upon REINFORCE's pure Monte Carlo returns.

The complete PPO algorithm orchestrates these components into a robust learning procedure:

Algorithm 5 Proximal Policy Optimization (PPO) � Stable Policy Learning through Conservative
Updates

1: Initialize policy ( � 0) and value function (� ) parameters . Prepare neural networks
2: Set hyperparameters: learning rate� , clip ratio � , epochsK , minibatch size M
3: for iteration = 1, 2, ... do . Main training loop
4: Collect trajectories D i = f � j g using � � i � 1 . Environment interaction
5: Compute rewards-to-goR̂t . Monte Carlo returns
6: Compute advantagesÂ t using GAE-� . Advantage estimation
7: for epoch = 1, 2, ..., K do . Multiple passes over data
8: Shu�e D i into M minibatches . Randomize learning order
9: for each minibatch B do . Process data in small batches

10: r t (� ) = � � (at jst )
� � i � 1 (at jst ) . Policy probability ratio

11: L CLIP (� ) = Et [min( r t (� )Â t ; clip(r t (� ); 1 � �; 1 + � )Â t )]
12: L V F (� ) = Et [(V� (st ) � R̂t )2] . Value function loss
13: S[� � ](st ) . Policy entropy for exploration
14: L(�; � ) = � L CLIP (� ) + c1L V F (� ) � c2S[� � ](st ) . Combined loss
15: Update � , � using optimizer . Gradient-based optimization
16: end for
17: end for
18: � i  � . Store updated policy
19: end for

PPO's e�ectiveness stems from several key design choices. The multiple epochs of updates (K )

enable e�cient use of collected data, while minibatching provides stable gradient estimates. The

clipped objective ensures policy updates remain conservative, preventing the performance collapses

that often plague other policy gradient methods. Additionally, the inclusion of a value function

baseline and entropy bonus helps balance exploitation with exploration [65].

These innovations have established PPO as a remarkably robust algorithm, demonstrating strong

performance across diverse domains from robotics to game playing [5]. Its success has inspired various

extensions, such as PPO with Adaptive KL Penalty for dynamic constraint adjustment and Recurrent

PPO for partially observable environments [93]. The algorithm's combination of theoretical soundness,

implementation simplicity, and empirical e�ectiveness has made it a cornerstone of modern reinforce-

ment learning research and applications.
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2.2 Multi-Agent Reinforcement Learning (MARL)

Multi-Agent Reinforcement Learning (MARL) studies how multiple agents can learn e�ective decision-

making policies through interaction with a shared environment and each other. Unlike single-agent

reinforcement learning, where one agent learns to maximize its own rewards, MARL must address the

interactions between multiple learning agents whose actions a�ect each other's rewards and environ-

ment dynamics. This creates several technical challenges - the environment becomes non-stationary

from each agent's perspective, the joint state-action space grows exponentially with the number of

agents, and agents must learn to coordinate or compete e�ectively. MARL has proven particularly

useful for developing autonomous driving systems [66], coordinated robot teams [31], and game-playing

agents [83].

2.2.1 From Single-Agent to Multi-Agent Systems

Multi-agent reinforcement learning (MARL) extends single-agent methods to handle scenarios where

multiple agents learn simultaneously. Real-world applications include autonomous vehicles coordinat-

ing in tra�c [66] and agents competing in strategic games [7]. The core objective in MARL is to

develop agents that can learn e�ective policies while interacting with other learning agents.

Single-agent reinforcement learning assumes a stationary environment with �xed transition prob-

abilities and reward functions. Adding multiple learning agents changes this assumption, as shown by

Hernandez-Leal et al. [26]. When multiple agents learn concurrently, each agent's policy updates alter

the environment dynamics for all other agents. This non-stationarity appears in the joint state-action

value function:

Q� 1 ;:::;� N
i (s; a1; :::; aN ) = E[

1X

t=0


 t r t
i js0 = s; f � j gN

j =1 ] (2.16)

where agenti 's value depends on the changing policies� j of all agents.

The computational requirements grow exponentially with the number of agents [8]. WithN agents,

each having state spaceS and action spaceA, the joint space becomesSN � AN . This exponential

scaling makes direct applications of single-agent methods impractical for many multi-agent problems.

(a) Markov decision process (b) Markov game (c) Extensive-form game

Figure 2.4: System evolution diagrams showing: (a) single-agent RL as a Markov decision process,
where one agent interacts with a stationary environment, (b) simultaneous multi-agent RL as a Markov
game, where agents act concurrently, and (c) sequential multi-agent RL as an extensive-form game,
where agents act in order with access to previous actions[96] .

Figure 2.4 shows three key frameworks in reinforcement learning. The Markov Decision Process
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(Figure 2.4a) models single-agent learning with direct environment interaction. The Markov game

(Figure 2.4b) extends this to multiple agents acting simultaneously. The extensive-form game (Figure

2.4c) adds sequential dependencies between agent actions.

Oliehoek et al. [52] analyze how partial observability a�ects multi-agent systems. Agents typically

cannot observe the complete state of the system, requiring them to act based on limited local infor-

mation. This creates a need for e�ective communication protocols and methods to handle uncertainty.

In cooperative settings, determining each agent's contribution to team success poses technical

challenges. Foerster et al. [20] address this through counterfactual multi-agent policy gradients,

providing a way to estimate individual agent contributions to overall performance.

Competitive settings require di�erent optimization criteria than single-agent learning. As analyzed

by Shoham and Leyton-Brown [69], agents must �nd stable strategies rather than simply maximizing

individual rewards. This changes the learning problem from policy improvement to �nding Nash

equilibria or other game-theoretic solution concepts.

Claus and Boutilier [16] describe two main approaches to multi-agent learning: independent learn-

ers and joint action learners. Independent learners scale well but struggle with convergence in non-

stationary environments. Joint action learners model other agents explicitly but become computation-

ally expensive as the number of agents increases.

Deep learning methods have improved how MARL handles complex state and action spaces.

Vinyals et al. [83] show how deep neural networks can process high-dimensional inputs in multi-

agent settings. Iqbal and Sha [32] demonstrate attention mechanisms for modeling agent interactions,

while Jiang et al. [34] use graph neural networks to capture relationships between agents.

These technical advances have enabled new applications. Multi-agent systems can now coordinate

e�ectively in tasks like multiplayer games [5] and robotic control [31]. Morihiro et al. [51] show how

groups of agents can learn behaviors more sophisticated than individual agents could achieve alone.

2.2.2 Cooperation and Competition in MARL

Multi-agent reinforcement learning (MARL) systems can involve agents working together, competing

against each other, or a mix of both. Consider a team of warehouse robots coordinating to move

packages e�ciently - this represents cooperation. In contrast, autonomous trading agents competing

in a market represent a competitive scenario. Most real-world applications, like autonomous vehicles

navigating tra�c, involve both cooperation (avoiding collisions) and competition (reaching destinations

quickly) [46].

Game theory provides the mathematical tools to analyze these interactions [68]. In cooperative

settings, agents work to maximize a shared team objective. We can write this mathematically as

�nding the best joint policy � that maximizes the expected sum of rewards:

V � (s) = max
�

E

"
1X

t=0


 t Rt js0 = s; �

#

(2.17)

To understand this equation concretely, consider a two-robot warehouse scenario. The states might

represent the positions of robots and packages, whileRt represents the number of packages successfully

delivered at time t. The discount factor 
 (typically 0.9 to 0.99) makes future rewards worth less than

immediate ones, encouraging e�cient delivery. The joint policy � speci�es what actions each robot

should take in any given state - for example, which package to pick up or where to move next. The

equation �nds the policy that leads to the highest expected number of deliveries over time.
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In competitive settings, agents try to �nd strategies that work well regardless of what other agents

do. This leads to the concept of Nash equilibrium - a set of strategies where no agent can bene�t by

changing their strategy alone. For a two-player competitive game, this can be written as:

max
� 1

min
� 2

V � 1 ;� 2 (s) = min
� 2

max
� 1

V � 1 ;� 2 (s) (2.18)

Consider a simpli�ed autonomous driving scenario where two vehicles approach an intersection.

Each vehicle's policy � i determines whether to slow down or maintain speed. The value function

V � 1 ;� 2 (s) might represent the trade-o� between travel time and safety. The equation �nds policies

where neither vehicle can improve its outcome by changing strategy alone - if one vehicle chooses to

slow down, the other's best response might be to maintain speed, and vice versa.

Cooperative MARL faces technical challenges that become clear through mathematical analysis.

The credit assignment problem arises because the team rewardRt doesn't directly indicate individual

contributions. In the warehouse example, if ten packages are delivered by �ve robots, determining

each robot's contribution requires additional mechanisms. The QMIX algorithm [61] addresses this by

learning a decomposition of the team value function:

Qtot (s;a) = f (Q1(s; a1); :::; Qn (s; an )) (2.19)

where f is a mixing function that ensures individual agent valuesQi combine monotonically to

the team value Qtot . This allows each agent to learn its contribution while maintaining coordinated

behavior.

The CTDE paradigm, implemented in methods like MAVEN [48], enables agents to share infor-

mation during training while acting independently during deployment. These methods have enabled

successful applications in complex tasks like controlling multiple units in StarCraft [64] and coordi-

nating tra�c lights [15].

In competitive settings, algorithms extend traditional Q-learning to handle adversarial scenarios.

Minimax Q-learning [44] modi�es the standard Q-learning update to account for opposing agents:

Q(s; a)  (1 � � )Q(s; a) + � (r + 
 max
a0

min
o0

Q(s0; a0; o0)) (2.20)

where a and o represent the agent's and opponent's actions respectively. This update rule allows

agents to learn robust strategies by assuming opponents will choose actions that minimize the agent's

value.

Aspect Cooperative MARL Competitive MARL

Objective Maximize team reward Maximize individual reward
Key Challenges Credit assignment, scalability Finding equilibria, non-stationarity
Common Approaches Value decomposition, CTDE Minimax Q-learning, PSRO
Evaluation Metrics Team performance Individual performance, exploitability
Example Applications Tra�c control, robot swarms Poker, strategy games

Table 2.3: Key di�erences between cooperative and competitive MARL approaches

Methods like AWESOME [17] and LOLA [21] extend this idea by explicitly modeling opponent

strategies. These approaches have achieved impressive results in complex games like poker [7] and

StarCraft [83]. The MADDPG algorithm [46] handles mixed cooperative-competitive scenarios by
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allowing agents to maintain separate policies for cooperation and competition.

Current challenges in MARL stem from computational complexity. The joint action space grows

exponentially with the number of agents - for n agents each withm possible actions, the space be-

comesmn [27]. This scaling makes many current approaches impractical for large-scale applications.

Additionally, partial observability in real environments [52] and the need for transfer learning across

tasks [71] remain active areas of research.

2.3 Transformers and Sequence Models

The emergence of transformer models in 2017 marked a signi�cant advancement in machine learning,

fundamentally changing how we process sequential data [82]. These models introduced a novel ap-

proach to handling sequences by focusing entirely on attention mechanisms, moving away from the

traditional recurrent architectures that had dominated the �eld. This shift proved revolutionary, as

transformers could process entire sequences simultaneously rather than step-by-step, leading to more

e�cient training and better handling of long-range dependencies.

2.3.1 Architecture and Attention Mechanism

At its core, the transformer architecture introduces a mechanism called self-attention, which allows the

model to weigh the importance of di�erent elements in a sequence when processing each component.

This approach di�ers fundamentally from previous methods that relied on recurrent neural networks

(RNNs) or long short-term memory networks (LSTMs), which processed sequences one element at a

time. To understand this mechanism, consider how humans read text: when interpreting a word, we

naturally pay attention to other relevant words in the sentence, regardless of their distance from the

current word. The self-attention mechanism mathematically formalizes this intuitive process.

The basic attention computation takes three inputs: queries, keys, and values, all represented as

vectors. For a given queryq, the mechanism computes its compatibility with a set of keysK , using

these compatibility scores to create a weighted sum of the valuesV . This process is captured in the

attention equation:

Attention (q; K ; V ) = softmax
�

qK T
p

dk

�
V (2.21)

Here,dk represents the dimension of the keys, and the scaling factor1p
dk

prevents the dot products

from growing too large in magnitude, which could lead to extremely small gradients during training.

The transformer architecture extends this basic attention mechanism through multi-head attention,

where multiple attention functions operate in parallel. This parallel processing allows the model

to capture di�erent types of relationships within the same sequence. Mathematically, multi-head

attention combines several attention outputs:

MultiHead (Q; K ; V ) = Concat(head1; :::; headh)W O (2.22)

Each head processes the input di�erently:

headi = Attention (QW Q
i ; KW K

i ; VW V
i ) (2.23)
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The matrices W Q
i , W K

i , W V
i , and W O are learned during training, allowing each attention head

to specialize in detecting di�erent types of patterns.

Figure 2.5: The Transformer architecture, showing the encoder-decoder structure with multi-head
attention mechanisms. The encoder processes the input sequence, while the decoder generates the
output sequence[82] .

As shown in Figure 2.5, the complete transformer architecture consists of an encoder and decoder,

each containing multiple layers. The encoder processes the input sequence through alternating self-

attention and feed-forward layers, while the decoder generates outputs using both self-attention and

attention over the encoder's output. This structure enables the model to capture complex relationships

within the input sequence while generating contextually appropriate outputs.

2.3.2 Applications and Impact

The transformer architecture has proven remarkably versatile, �nding applications far beyond its

original purpose in machine translation. In natural language processing, models like BERT [18] and

GPT [60] have demonstrated unprecedented performance in understanding and generating human

language. BERT's bidirectional approach to language understanding has particularly revolutionized

how machines process text, enabling more nuanced comprehension of context and meaning.

The architecture's success has sparked innovation across numerous scienti�c domains. In computer

vision, the Vision Transformer (ViT) [19] demonstrated that images could be e�ectively processed by

treating them as sequences of patches, challenging the long-held assumption that convolutional neural

networks were essential for image processing. This approach has led to signi�cant improvements in

tasks such as object detection and image segmentation.

The impact of transformers extends into the biological sciences, where models like AlphaFold 2

[35] have achieved breakthrough results in protein structure prediction. By adapting the attention

mechanism to process amino acid sequences, these models have solved one of biology's grand chal-
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lenges, demonstrating the architecture's ability to capture complex spatial relationships in molecular

structures.

In reinforcement learning, transformers have enabled new approaches to decision-making problems.

The Decision Transformer [11] reconceptualizes reinforcement learning as a sequence modeling task,

allowing for more e�ective learning from historical data. Similarly, the Trajectory Transformer [33] ap-

plies sequence modeling principles to planning and control problems, demonstrating the architecture's

utility in sequential decision-making contexts.

Despite these successes, transformers face signi�cant challenges. The computational complexity of

self-attention scales quadratically with sequence length, limiting the model's ability to process very

long sequences. Research e�orts like the Reformer [38] and Performer [13] architectures address this

limitation by proposing more e�cient attention mechanisms, though the fundamental challenge of

balancing computational e�ciency with model capacity remains an active area of research.

As transformer architectures continue to evolve, their application to reinforcement learning, par-

ticularly in multi-agent settings, represents a promising frontier. The ability to model complex depen-

dencies and process multiple streams of information simultaneously makes transformers particularly

well-suited for coordinating multiple agents. The following sections will explore how these capabilities

translate into practical advantages in multi-agent reinforcement learning systems.

3 Transformers in Reinforcement Learning

The integration of transformer architectures into reinforcement learning (RL) represents a signi�cant

advancement in the �eld of arti�cial intelligence. This chapter explores the application of transformers

to RL, addressing the challenges encountered in this fusion and examining the innovative approaches

that have emerged as a result. We begin by discussing the methods used to stabilize transformers for

RL applications, followed by an in-depth look at decision transformers, which have revolutionized how

we approach RL problems.

3.1 Stabilizing Transformers for Reinforcement Learning

While transformers have shown impressive results in processing human language, adapting them for

reinforcement learning introduces new challenges that require careful consideration. To understand

these challenges, let's �rst consider what makes reinforcement learning di�erent from language pro-

cessing. In reinforcement learning, an agent learns by interacting with an environment and receiving

feedback in the form of rewards. Unlike language tasks where the rules of grammar remain constant,

the environment in reinforcement learning keeps changing as the agent learns - what worked well

early in training might become suboptimal later. This changing nature of the environment is called

non-stationarity, and it poses a signi�cant challenge for transformer models [55].

Think of it like learning to play chess: at �rst, simple strategies might work against a beginner, but

as your opponent improves, those same strategies become less e�ective, forcing you to adapt contin-

uously. Similarly, in reinforcement learning, the agent's experiences (called trajectories) evolve from

random exploration in the beginning to more strategic behavior later. This evolution can destabilize

the learning process of transformer models, which were originally designed for more stable tasks like

language processing.
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Figure 3.1: Three generations of transformer architectures for reinforcement learning. The original
Transformer-XL design (left) serves as the starting point. The TrXL-I version (center) improves
stability by changing how it normalizes data. The GTrXL version (right) adds controls to better
manage information �ow through the network [55] .

As shown in Figure 3.1, researchers have developed several improvements to make transformers

work better for reinforcement learning. Let's walk through these improvements step by step, under-

standing why each one matters.

The �rst crucial improvement involves how the model handles numerical stability through a process

called layer normalization. In any deep learning model, numbers �owing through the network can grow

very large or very small, making it di�cult for the model to learn e�ectively. Layer normalization

helps prevent this by adjusting these numbers to a consistent scale. Mathematically, for any set of

numbers x �owing through the network, normalization adjusts them using this formula:

x̂ =
x � E[x]

p
Var[x] + �

(3.1)

Here, E[x] represents the average value ofx, and Var[x] represents how much these values vary

from their average. The small number� (epsilon) is added to prevent division by zero. Think of this

like adjusting the volume levels in a music recording - if some parts are too loud and others too quiet,

we normalize them to a consistent volume that works better for listeners.

The second major improvement involves controlling how information �ows through the network

using what's called a gating mechanism. In the GTrXL architecture (shown on the right in Figure

3.1), this gating works like a series of adjustable �lters that can emphasize or de-emphasize di�erent

pieces of information. Mathematically, this �ltering process works as:

y = x + g � F (x) (3.2)

In this equation, x represents the input information, F (x) represents how that information has

been processed by the network, andg is a learned set of numbers between 0 and 1 that control how

much of the processed information to use. The symbol� means we multiply these numbers together

element by element.

Another important improvement deals with how the model keeps track of position in a sequence.

Earlier transformer models used �xed position markers, like numbering words in a sentence from 1 to
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n. However, in reinforcement learning, sequences can be di�erent lengths - one game might take 100

moves while another takes 500. The solution, called relative positional encoding, only keeps track of

how far apart things are rather than their absolute positions. This is like remembering that one event

happened three steps after another, rather than trying to remember exactly when each event occurred.

These improvements work together with careful training procedures. Just as you might start

exercise gradually to avoid injury, the model uses a "warm-up" period where it starts learning slowly

and gradually increases its learning rate. This careful approach, combined with proper initialization

of the model's parameters, helps ensure stable learning from the beginning.

The e�ectiveness of these modi�cations becomes clear in practice. When testing these improved

transformers on complex tasks like playing Atari games, where rewards might come long after the

actions that earned them, the stabilized models learn much more reliably than their predecessors.

For example, in games requiring long-term strategy, the GTrXL architecture can maintain stable

performance while simpler models often fail to learn e�ectively.

These advances in stabilizing transformers have opened the door to new applications in reinforce-

ment learning. In particular, they have enabled the development of Decision Transformers, which we'll

explore in the next section. Decision Transformers take advantage of these stability improvements to

create a novel approach to reinforcement learning, treating the learning process as a type of sequence

prediction problem.

3.2 Decision Transformers

The introduction of Decision Transformers by Chen et al. [11] represents a fundamental rethinking

of how reinforcement learning problems can be solved. To understand this innovation, consider how

a human might learn from watching an expert play a video game. Rather than just trying random

actions and learning from rewards, we observe sequences of successful gameplay, noticing how di�erent

actions in di�erent situations lead to higher scores. Decision Transformers formalize this intuitive

process, treating reinforcement learning as a type of sequence prediction problem.

Traditional reinforcement learning approaches typically learn through trial and error, gradually

building up a policy (a strategy for choosing actions) through direct interaction with an environment.

Decision Transformers take a di�erent approach. Instead of learning through active experimentation,

they learn from existing recordings of behavior, much like how a student might learn from watching

recorded lectures. This approach, known as o�ine reinforcement learning, o�ers particular advantages

in situations where experimenting with a real system might be costly or dangerous, such as in robotics

or healthcare applications.

At its core, the Decision Transformer works by processing three types of information: states (what

the agent observes), actions (what the agent does), and returns-to-go (how well the agent expects to

perform from that point onward). Think of returns-to-go as a running score prediction - if you're

playing a game and typically score 1000 points from your current position, that would be your return-

to-go. Mathematically, we can express this relationship as:

p(at js1; a1; R1; :::; st ; Rt ) = Transformer(s1; a1; R1; :::; st ; Rt ) (3.3)

This equation might look complex, but it's expressing a simple idea: given a history of states (s),

actions (a), and expected returns (R), what action should we take next? The transformer processes

this history using attention mechanisms that help it identify which past experiences are most relevant
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Figure 3.2: The Decision Transformer architecture processes sequences of states, actions, and expected
returns to predict future actions. The model uses attention mechanisms to identify relevant patterns
in past behavior, enabling it to generate appropriate actions for achieving desired outcomes[11] .

for the current decision.

As shown in Figure 3.2, the architecture processes this information through several stages. First,

the raw inputs are transformed into a format the model can work with through an embedding process:

E(x t ) = Wex t + Pt (3.4)

Here, We transforms the input into a higher-dimensional representation (think of this as giving

the model more room to capture subtle patterns), andPt adds information about when each event

occurred in the sequence. This is similar to how we might remember not just what happened in a

game, but also the order in which events occurred.

The embedded information then �ows through a series of attention layers based on the GPT

architecture [60]. These layers allow the model to focus on relevant parts of the history when making

decisions. For example, if the current state looks similar to a situation seen earlier in the sequence,

the model can pay special attention to what actions worked well in that similar situation.

What makes Decision Transformers particularly innovative is their ability to condition behavior

on desired outcomes. By adjusting the return-to-go values during inference, we can guide the model

toward more or less ambitious behavior. This is analogous to telling a human player whether to play

conservatively for a steady score or aggressively for a high score - the same basic skills are applied

di�erently depending on the goal.

The e�ectiveness of this approach has been demonstrated across a range of challenging tasks.

Consider the results from testing Decision Transformers on the OpenAI Gym environments, a standard

set of benchmarks for reinforcement learning:

Environment Dataset DT CQL

HalfCheetah-v2 Medium-Expert 86.8 � 1.3 62.4
Walker2d-v2 Medium-Expert 108.1 � 0.2 98.7
Hopper-v2 Medium 67.6 � 1.0 58.0

Table 3.1: Performance comparison between Decision Transformers (DT) and Conservative Q-Learning
(CQL) on standard reinforcement learning benchmarks. Scores are normalized, with higher values
indicating better performance.

These results in Table 3.1 show that Decision Transformers often outperform traditional approaches

like Conservative Q-Learning (CQL). In the HalfCheetah-v2 environment, for example, Decision Trans-
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formers achieve a normalized score of 86.8, substantially higher than CQL's 62.4. These environments

involve complex physical simulations where an agent must learn to control a robotic system - no small

feat for a model that never actively experiments with the environment.

Even more impressive are the results from Atari game experiments, where Decision Transformers

learned to play games like Breakout e�ectively just from watching previous gameplay. Using only 1%

of the data typically needed for traditional methods, Decision Transformers achieved a normalized

score of 267.5 on Breakout, signi�cantly outperforming other approaches.

The success of Decision Transformers suggests a promising direction for reinforcement learning

research. By recasting the problem of learning behavior as one of sequence modeling, they open up

new possibilities for leveraging advances in transformer architectures and large-scale sequence models.

This connection between sequence modeling and reinforcement learning, which we'll explore further

in the next section, may provide a bridge between the powerful pattern-recognition capabilities of

modern language models and the challenges of learning complex behaviors.

3.3 O�ine RL as Sequence Modeling

The �eld of o�ine reinforcement learning faces a fundamental challenge: how can an agent learn

optimal behavior from pre-recorded data without actively interacting with its environment? While

traditional approaches focus on directly estimating value functions or policies from static datasets,

recent work by Janner et al. [33] has introduced an elegant alternative - treating reinforcement learning

as a sequence modeling problem. This perspective builds upon our earlier discussion of Decision

Transformers, extending the application of sequence modeling techniques to address broader challenges

in o�ine RL.

To understand this approach, consider how we might view a recorded gameplay session. Rather

than seeing it as a collection of isolated state-action pairs, we can view it as a coherent sequence of

events, much like a story. Mathematically, we represent this sequence as:

p(s1; a1; r1; : : : ; sT ; aT ; rT ) (3.5)

Here, at each timestept, we record the state of the environment (st ), the action taken (at ), and the

reward received (r t ). This format allows us to capture not just what happened at each moment, but

how events unfold and in�uence each other over time - crucial information that might be lost when

treating experiences as independent samples.

The Trajectory Transformer, introduced by Janner et al. [33], implements this sequence modeling

perspective using transformer architecture. Just as a language model learns to predict the next word

in a sentence by understanding the context of previous words, the Trajectory Transformer learns to

predict appropriate actions by understanding the context of previous states, actions, and rewards.

This model processes sequences of the form:

(s1; a1; r1; s2; a2; r2; : : : ; sT ; aT ; rT ) (3.6)

What makes this approach particularly powerful is how it handles the temporal relationships

between events. Traditional reinforcement learning methods often struggle with credit assignment -

determining which past actions were responsible for current outcomes. The transformer's attention

mechanism addresses this challenge naturally by learning to focus on relevant past experiences when
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making decisions, regardless of how far back they occurred.

Figure 3.3: The Trajectory Transformer architecture processes states, actions, and rewards as a se-
quence. The attention mechanism allows the model to identify and utilize relevant past experiences
when making decisions, enabling e�ective learning from o�ine data [33] .

This sequence modeling perspective o�ers several practical advantages beyond those discussed in

our earlier examination of Decision Transformers. Kumar et al. [40] demonstrated that the proba-

bilistic nature of sequence generation enables natural uncertainty estimation - the model can express

varying degrees of con�dence in its decisions, crucial for safe deployment in real-world applications.

Additionally, Parisotto et al. [55] showed how the attention mechanism provides an implicit form

of credit assignment, helping the model focus on truly relevant historical information when making

decisions.

The approach particularly shines in environments with sparse rewards, where feedback is infrequent.

Traditional methods might struggle in such scenarios because they rely heavily on immediate reward

signals. In contrast, sequence modeling can learn from entire trajectories, understanding how sequences

of actions eventually lead to delayed rewards. This capability proves especially valuable in real-world

applications where reward signals might be rare or delayed.

Building on these advantages, Reed et al. [62] demonstrated how this sequence modeling approach

enables more e�cient learning from limited data. Their work on the Gato architecture showed that

by treating reinforcement learning as sequence modeling, they could leverage techniques from natural

language processing to extract more information from available data, leading to better performance

even with limited task-speci�c examples.

This conceptual shift from traditional o�ine RL to sequence modeling represents more than just

a technical innovation - it provides a new way of thinking about how agents can learn from recorded

experiences. By treating an agent's experience as a coherent sequence rather than isolated events,

we can better capture the temporal dynamics and long-term dependencies that characterize complex

tasks. This perspective continues to inspire new approaches in reinforcement learning, pushing the

boundaries of what's possible in o�ine learning scenarios.

4 Transformers in Multi-Agent Reinforcement Learning

As we've seen in previous sections, transformer architectures excel at modeling relationships between

sequences of information. This capability becomes particularly valuable in multi-agent reinforcement

learning (MARL), where agents must coordinate their actions based on observations of each other's

behavior. Traditional MARL approaches often struggle with three key challenges: how to e�ectively

share information between agents, how to scale to larger numbers of agents, and how to generalize

across di�erent team compositions. This chapter examines how transformers can address each of
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these challenges through three innovative approaches: transformer-based value function decomposition,

universal policy decoupling, and sequence modeling for MARL.

5 Transformers in Multi-Agent Reinforcement Learning

The coordination of multiple learning agents presents unique challenges beyond those faced in single-

agent reinforcement learning. A critical challenge is credit assignment - determining how each agent's

individual actions contribute to the team's success. As we saw in previous chapters, transformer ar-

chitectures excel at modeling relationships between sequences and capturing long-range dependencies.

This chapter examines how these capabilities can be leveraged to address fundamental challenges in

multi-agent reinforcement learning (MARL).

5.1 Transformer-based Value Function Decomposition

Consider the challenge faced by a team of robots coordinating to defeat opponents in a real-time

strategy game. Each robot needs to make individual tactical decisions, but these decisions must be

coordinated to achieve victory. This scenario raises a fundamental question: how can we enable agents

to make independent decisions while ensuring their actions combine e�ectively toward the team's

goals?

Value function decomposition provides a solution by breaking down the team's overall value func-

tion into individual components that can guide each agent's decisions. Traditional approaches like

QMIX [61] use �xed architectures with strict monotonicity constraints - ensuring that an improve-

ment in any agent's individual value estimate leads to an improvement in the team's value. However,

this constraint can be overly restrictive, preventing the representation of more complex coordination

patterns.

TransMix, introduced by Khan et al. [37], provides a more �exible approach using transformers.

At its core, TransMix learns a mixing function that combines individual agent values (Q1; Q2; :::; Qn )

into a team value (Qtot ):

Qtot = f (Q1; Q2; :::; Qn ) (5.1)

The innovation lies in how this mixing function f is implemented. Rather than using a �xed

monotonic network, TransMix employs a stack of transformer encoder layers that process individual

agent Q-values along with their action-observation histories (ht
i ) and global state information (St ).

This allows the model to learn rich patterns of agent interaction that adapt to the current situation.

As shown in Figure 5.1, TransMix �rst processes the global state through self-attention to identify

important state features. These are then combined with individual agent values and histories through

a series of additive attention operations:

Attention (Q; K; V ) = softmax
�

QK T
p

dk

�
V (5.2)

The use of additive attention, rather than the standard scaled dot-product attention, provides

both computational e�ciency and improved training stability. The model uses 4 attention heads with

embedding dimension 512 and hidden dimension 2048, allowing it to capture di�erent aspects of agent

coordination while maintaining reasonable computational requirements.
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Figure 5.1: The TransMix architecture consists of three main components: (a) a transformer encoder
that processes agent values and states, (b) the overall mixing framework that combines individual
contributions, and (c) GRU-based networks that compute individual agent values. The transformer's
ability to model relationships between all inputs enables more sophisticated coordination than �xed
mixing networks. Adapted from Khan et al. [37].

Khan et al. [37] demonstrated TransMix's e�ectiveness on the StarCraft Multi-Agent Challenge

(SMAC), where teams of units must coordinate to defeat opposing forces. In complex scenarios like

3s5z_vs_3s6z (3 Stalkers and 5 Zealots vs 3 Stalkers and 6 Zealots), TransMix achieved a 96.9%

win rate compared to QMIX's 83.7%. This improvement stems from TransMix's ability to learn

sophisticated coordination strategies that adapt based on unit types, positions, and the evolving

battle situation.

Notably, TransMix also showed superior robustness to noisy state information. When global states

were corrupted with Gaussian noise to simulate imperfect information, TransMix maintained higher

performance than both QMIX and QPLEX across multiple scenarios. For example, in the 3s5z scenario,

TransMix achieved an 84.2% win rate under noise compared to QMIX's 65.8%, demonstrating its ability

to maintain e�ective coordination even with degraded information.

The success of TransMix highlights several key advantages of transformer-based approaches in

MARL. First, the attention mechanism's ability to dynamically weight di�erent sources of information

allows for more nuanced credit assignment than �xed mixing architectures. Second, the model's

permutation invariance means it doesn't depend on speci�c agent orderings, making it more �exible

than previous approaches. Finally, the transformer's ability to process multiple input types (Q-values,

histories, and states) in a uni�ed way enables it to learn rich patterns of agent interaction that would

be di�cult to capture with simpler architectures.

5.2 Universal Policy Decoupling with Transformers (UPDeT)

One of the key challenges in multi-agent reinforcement learning is developing policies that can adapt to

varying numbers and types of agents without requiring retraining. The Universal Policy Decoupling

25



Transformer (UPDeT) approach, introduced by Hu et al. [29], addresses this challenge through an

innovative architecture that separates agent-speci�c processing from shared coordination mechanisms.

Figure 5.2: Overview of the UPDeT framework. The model replaces the commonly used GRU/LSTM-
based individual value function with a transformer-based function. Actions are separated into action
groups according to observations, allowing the model to scale �exibly with di�erent team sizes.[29]

As illustrated in Figure 5.2, UPDeT consists of three main components that work together: individ-

ual encoders that process each agent's observations, a shared transformer that enables coordination,

and a �exible policy head that generates actions. This architecture allows UPDeT to handle het-

erogeneous teams where agents may have di�erent capabilities or roles. The �gure shows how the

transformer processes observations and generates appropriate actions by separating them into groups,

enabling �exible scaling with team size.

The key innovation lies in how UPDeT processes information from multiple agents. Rather than

treating all agent observations as a single input, it uses agent-speci�c encoders that transform each

agent's observations into a suitable representation:

� (ai joi ; o� i ) = PolicyHead(Transformer(Encoderi (oi ); f Encoderj (oj )gj 6= i )) (5.3)

Here, oi represents agenti 's observations,o� i captures the observations of all other agents, and

ai is agent i 's action. This formulation allows each agent to maintain its individual perspective while

still coordinating with teammates.

The transformer component employs a modi�ed attention mechanism that explicitly di�erentiates

between an agent's own information and that of others:

Attention (Qi ; K; V ) = softmax
�

Qi K T
p

dk
+ M i

�
V (5.4)

whereM i represents an agent-speci�c mask. This masking mechanism helps the model distinguish

between self-attention and attention to other agents' information, enabling more nuanced coordination

strategies.

Looking at the architecture in Figure 5.2, we can see how UPDeT's transformer backbone allows

the model to identify relevant relationships between agents, while the decoupled structure ensures that

adding or removing agents doesn't require architectural changes. This design directly addresses the

scalability challenges faced by traditional approaches that rely on �xed network architectures.

Empirical evaluations demonstrate UPDeT's e�ectiveness across diverse scenarios. In the Multi-

Agent Particle Environment (MAPE) cooperative navigation task, UPDeT achieved signi�cantly better
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performance than baseline approaches like MADDPG and QMIX, even when tested with di�erent

numbers of agents than it was trained on. For instance, when trained with 3 agents and tested with

5, UPDeT maintained substantially higher average rewards than previous methods.

More impressively, in StarCraft II micromanagement scenarios, UPDeT exhibited strong zero-

shot generalization capabilities. Models trained on 5v5 unit con�gurations maintained over 90% win

rates when tested on 10v10 scenarios - a signi�cant achievement given the increased complexity of

coordinating larger teams.

This generalization capability stems from UPDeT's decoupled architecture, which allows it to pro-

cess information from each agent independently while still maintaining coordinated behavior through

the shared transformer. The attention mechanisms provide insights into how agents prioritize infor-

mation, making the system more interpretable than traditional approaches.

These results suggest that UPDeT represents a signi�cant step toward more �exible and scalable

multi-agent systems. Its ability to handle teams of varying sizes and compositions without retrain-

ing makes it particularly valuable for real-world applications where agent con�gurations may change

dynamically.

5.3 MARL as a Sequence Modeling Problem

While TransMix and UPDeT demonstrate the bene�ts of transformer architectures for value decom-

position and policy generalization respectively, Wen et al. [86] propose a more fundamental reconcep-

tualization: treating the entire MARL problem as sequence prediction. This perspective shifts focus

from learning value functions or policies directly to learning the underlying patterns in successful

multi-agent trajectories.

The key insight lies in recognizing that e�ective coordination requires understanding both the

temporal structure of interactions and the causal relationships between agent actions. While previous

approaches handle these aspects separately - with recurrent networks for temporal dependencies and

attention mechanisms for agent relationships - sequence modeling provides a uni�ed framework for

both.

Consider a team ofN agents operating overT timesteps. Traditional MARL approaches would

attempt to learn a policy � � (ai
t jo

i
t ) for each agenti , potentially with some communication mechanism.

In contrast, the sequence modeling perspective treats the entire interaction history as a sequence to

be modeled and extended:

� = [( s1; f oi
1gN

i =1 ; f ai
1gN

i =1 ; r1); :::; (sT ; f oi
T gN

i =1 ; f ai
T gN

i =1 ; rT )] (5.5)

This representation captures not just the states, observations, and actions, but their evolution over

time. The learning objective becomes predicting future elements of this sequence conditioned on past

elements:

p(� t+1: T j� 1:t ) =
TY

k= t+1

p(sk ; f oi
kg; f ai

kg; r k j� 1:k� 1) (5.6)

This formulation reveals a crucial di�erence from previous transformer-based approaches. Rather

than using attention merely as a mechanism for information aggregation, here it serves to identify

predictive patterns across both time and agents. The attention computation at each layerl and
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position t becomes:

hl
t =

X

k� t

� l
tk W l

V hl � 1
k ; � l

tk = softmax

 
(W l

Qhl � 1
t )T (W l

K hl � 1
k )

p
d

!

(5.7)

where W l
Q , W l

K , and W l
V are learned parameters, andhl

t represents the hidden state at position

t and layer l . The crucial innovation is that ht can represent any element of the trajectory - a state,

an observation, an action, or a reward - allowing the model to learn arbitrary predictive relationships

between these elements.

Figure 5.3: The MAT architecture processes trajectories through an encoder-decoder structure. The
encoder builds representations that capture both temporal and inter-agent dependencies, while the
decoder generates future trajectory elements through masked attention. This uni�ed treatment of
temporal and agent relationships enables more sophisticated coordination strategies[86] .

To implement this approach e�ectively, Wen et al. [86] introduced the Multi-Agent Transformer

(MAT) architecture shown in Figure 5.3. MAT consists of an encoder that processes past trajectory

elements and a decoder that generates future elements. The encoder employs bidirectional attention

to build rich representations of the interaction history:

zt = Encoder(� 1:t ) = MultiHead (LayerNorm(ht + MLP (ht ))) (5.8)

The decoder then generates future trajectory elements autoregressively, using masked attention to

maintain causality:

p(� t j� 1:t � 1) = Decoder(z1:t � 1) = softmax(WoMultiHead (Mask(z1:t � 1))) (5.9)

This architecture o�ers several theoretical advantages over previous approaches. First, it naturally

handles partial observability by allowing attention to span the entire interaction history. Second, it

provides a principled way to incorporate demonstrations or prior experiences through pre-training on

trajectory data. Finally, it enables more sophisticated reward prediction and planning by explicitly

modeling the relationship between actions and future rewards.
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The training process introduces unique challenges not present in previous transformer-based MARL

approaches. The model must learn to predict not just actions but entire trajectory segments, requiring

careful handling of the di�erent element types and their relationships. Wen et al. [86] address this

through a hierarchical loss function:

L = � sL state + � oL obs + � aL action + � r L reward (5.10)

where each component focuses on predicting its respective element type, and the� coe�cients

balance their contributions.

Empirical evaluations demonstrate the bene�ts of this uni�ed approach. In the StarCraft II

3s5z_vs_3s6z scenario, MAT achieved a 98.7% win rate compared to 96.9

The sequence modeling perspective also enables new theoretical analyses. Wen et al. [86] prove that

under certain regularity conditions, the model's predictive accuracy bounds its policy performance:

J (� � ) � J � � 2
p

2RmaxT
p

E� � � � [� logp� (� )] (5.11)

whereJ (� � ) is the expected return of the learned policy,J � is the optimal return, and Rmax is the

maximum possible reward. This provides theoretical justi�cation for using sequence prediction as a

training objective.

These results suggest that treating MARL as sequence modeling o�ers more than just an alternative

training approach - it provides a fundamentally di�erent way of understanding and implementing multi-

agent coordination. By unifying temporal and agent-wise relationships in a single predictive framework,

it enables more sophisticated coordination strategies while maintaining theoretical guarantees.

6 Advanced Applications and Techniques

6.1 Transformer World Models in RL (TransDreamer)

The integration of transformer architectures into reinforcement learning (RL) has led to signi�cant

advancements in the �eld, particularly in the domain of model-based RL. One notable example of this

integration is TransDreamer, introduced by Chen et al. [9]. This model builds upon the success of the

Dreamer framework [22, 23] by incorporating transformer-based world models to enhance long-term

dependency modeling and complex reasoning in RL tasks.

TransDreamer's key innovation lies in its use of a Transformer State-Space Model (TSSM), which

replaces the Recurrent State-Space Model (RSSM) used in the original Dreamer. The TSSM leverages

the power of transformer architectures to model the dynamics of the environment more e�ectively,

particularly in scenarios requiring long-term memory and complex temporal dependencies.

The TSSM consists of several components that work in concert to create a powerful world model:

ht = f transformer (z1:t � 1; a1:t � 1) (6.1)

Here, ht represents the deterministic state at timet, computed by applying a transformer function

to the sequence of past stochastic statesz1:t � 1 and actions a1:t � 1. This allows the model to directly

access and reason about past states and actions, unlike recurrent models which compress all past

information into a single hidden state.
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The stochastic statezt is modeled using a representation model and a transition model:

zt � q(zt jx t ) (Representation Model) (6.2)

ẑt � p(ẑt jht ) (Transition Model) (6.3)

Where x t is the observation at time t. The representation model infers the current stochastic state

given the current observation, while the transition model predicts the next stochastic state given the

current deterministic state.

One of the key di�erences between TSSM and RSSM is in the representation model. TSSM uses

a "myopic" representation model that depends only on the current observationx t , rather than on

both x t and ht as in RSSM. This design choice allows for parallel computation of stochastic states,

signi�cantly improving computational e�ciency.

TransDreamer also includes observation and reward prediction models:

x̂ t � p(x̂ t jht ; zt ) (Observation Model) (6.4)

r̂ t � p(r̂ t jht ; zt ) (Reward Model) (6.5)

These models allow TransDreamer to imagine future trajectories, a crucial capability for model-

based RL.

The training of TransDreamer follows a similar pattern to Dreamer, alternating between world

model learning and policy learning. The world model is trained by maximizing the evidence lower

bound (ELBO), while the policy is trained on imagined trajectories generated by the world model.

One of the key advantages of TransDreamer is its ability to handle tasks requiring long-term mem-

ory and complex reasoning. The authors demonstrate this through experiments on a novel "Hidden

Order Discovery" task, where an agent must deduce and follow a hidden sequence in an environment.

TransDreamer consistently outperforms Dreamer on these tasks, showcasing its superior ability to

model and utilize long-range dependencies.

Moreover, TransDreamer shows comparable performance to Dreamer on simpler tasks that don't

require long-term memory, such as certain Atari games and DeepMind Control Suite tasks. This

indicates that the transformer-based architecture doesn't compromise performance on simpler tasks

while providing signi�cant bene�ts for more complex scenarios.

The success of TransDreamer highlights the potential of transformer architectures in model-based

RL. By enabling more e�ective modeling of long-term dependencies and complex temporal relation-

ships, transformer-based world models open up new possibilities for tackling challenging RL problems

that require sophisticated reasoning and memory capabilities.

6.2 On-Policy RL with Transformers (PoliFormer)

The integration of transformer architectures with on-policy reinforcement learning (RL) represents a

signi�cant advancement in the �eld of embodied AI, particularly for navigation tasks. PoliFormer,

introduced by Zeng et al. [94], demonstrates the potential of this approach by achieving state-of-the-

art performance on multiple navigation benchmarks. This section explores the key innovations and
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methodologies that enable e�ective on-policy RL training with transformer models.

Figure 6.1: PoliFormer architecture: a fully transformer-based policy model for navigation tasks. At
each timestept, the model processes an ego-centric RGB observationi t through a vision transformer
to extract visual representationsr t . These are combined with goal featuresg (and optional bounding
box features gt

b) in a transformer state encoder to produce state featuresst . A causal transformer
decoder with KV-cache models the state beliefbt over time, enabling e�cient temporal reasoning.
The model outputs action logits at and value estimationset via linear actor and critic heads. The
KV-cache strategy prevents recomputation of past timesteps, signi�cantly speeding up both training
and inference[94] .

PoliFormer employs a transformer-based architecture consisting of three main components, as

illustrated in Figure 6.1: a frozen vision transformer backbone, a transformer state encoder, and a

causal transformer decoder. This can be expressed as:

PoliFormer(i t ; g) = f decoder(f encoder(f vision (i t ); g)) (6.6)

wherei t is the input observation at time t, g is the goal speci�cation, f vision is the vision transformer

backbone based on DINOv2 [53],f encoder is the transformer state encoder, andf decoder is the causal

transformer decoder.

A key innovation in PoliFormer is the use of a KV-cache technique in the causal transformer

decoder. This approach addresses the computational challenges associated with training transformer

models in an on-policy RL setting. The KV-cache allows the model to store past key and value

matrices, reducing the computational complexity from quadratic to linear in sequence length:

Complexity = O(t) instead of O(t2) (6.7)

where t is the sequence length. This optimization enables e�cient training and inference, making

it feasible to use transformer models in on-policy RL scenarios.

PoliFormer achieves its impressive performance through a multi-faceted approach to scaling up

the training process. The architecture scales to hundreds of millions of parameters, leveraging the

representational power of large transformer models. Training is distributed across multiple machines,

utilizing 32 GPUs and 512 CPU cores to collect 192-384 parallel rollouts. The e�ective batch size

is increased during training by extending the rollout length from 32 to 128 steps. Additionally, the

simulation environment is optimized for faster scene loading and physics approximations, reducing
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