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ABSTRACT Reinforcement learning, a cornerstone in the expansive landscape of artificial intelligence, has asserted its dominance as
the prevailing methodology in contemporary multiagent system decision-making because of its formidable efficacy. However, the path to
the zenith of algorithmic excellence is fraught with challenges intrinsic to traditional multiagent reinforcement learning algorithms, such
as dimensionality explosion, scarcity of training samples, and the labyrinthine nature of migration processes. In a concerted effort to
surmount these formidable challenges and propel the evolution of algorithmic prowess, this paper unfurls its inquiry from the perspective
of learning mechanisms and undertakes an exhaustive exploration of the symbiotic integration of learning mechanisms and reinforcement
learning. At the inception of this scholarly expedition, we meticulously delineate the rudimentary principles underpinning multiagent
algorithms, present a historical trajectory tracing their developmental evolution, and cast a discerning eye upon the salient challenges that
have been formidable impediments in their trajectory. The ensuing narrative charts a course into the avant-garde realm of multiagent
reinforcement learning methods anchored in learning mechanisms, a paradigmatic shift that emerges as an innovative frontier in the field.

Among these learning mechanisms, meta-learning and transfer learning are empirically validated as useful instruments in hastening the
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learning trajectory of multiagent systems and simultaneously mitigating the intricate challenges posed by dimensionality explosion. This
paper assumes the role of a sagacious guide through the labyrinthine landscape of multiagent reinforcement learning, focusing on the
manifold applications of learning mechanisms across diverse domains. A comprehensive review delineates the impact of learning
mechanisms in curriculum learning, evolutionary games, meta-learning, hierarchical learning, and transfer learning. The research
outcomes within these thematic realms are methodically cataloged, with a discerning eye cast upon the limitations inherent in each
methodology and erudite propositions for the trajectory of future improvements. The discourse pivots toward synthesizing advancements
and accomplishments wrought by fusion algorithms in practical milieus. This paper meticulously examines the transformative impact of
fusion algorithms in real-world applications, with a detailed exposition of their deployment in domains as diverse as traffic control and
gaming. Simultaneously, an incisive analysis charting the future trajectory of fusion algorithms is conducted. This prediction
encompasses exploring nascent theories, refining algorithmic efficacy, and expanding dissemination and application across a broader
spectrum of domains. Through this scholarly odyssey, this paper provides an invaluable compass for navigating the uncharted waters of
future research endeavors and the judicious deployment of multiagent reinforcement learning algorithms in pragmatic scenarios.

KEY WORDS reinforcement learning; multiagent game; learning mechanism; curriculum learning; evolutionary reinforcement

learning
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(a) Running and chasing (b) Fort building (c) Ramp use

(f) Surf defense
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Fig.1 Training process for skill generation. Through the reward signal of hide-and-seek (shown on the y-axis), agents go through 6 distinct stages of
emergence: (a) seekers (red) learn to chase hiders, and hiders learn to crudely run away; (b) hiders (blue) learn basic tool use, using boxes and sometimes
existing walls to construct forts; (c) seekers learn to use ramps to jump into the hiders’ shelter; (d) hiders quickly learn to move ramps to the edge of the
play area, far from where they will build their fort, and lock them in place; (e) seekers learn that they can jump from locked ramps to unlocked boxes and
then surf the box to the hiders’ shelter, which is possible because the environment allows agents to move together with the box regardless of whether they
are on the ground or not; (f) hiders learn to lock all the unused boxes before constructing their fort; (g) 3 independent training runs with each seed shown
with a dotted line!!

F 1 PR R A > B A

Table 1 Curriculum learning improves reinforcement learning algorithms

Citations Curricula generation Main goal RL algorithm
Zhao et al."¥ Manual Acceleration IPPO
Long et al.™! Manual Stability MADDPG
Wang et al.*!! Manual Acceleration DQN
Yang et al.*"! Manual Acceleration Actor-critic
Narvekar et al.**! Automatic Acceleration Recursive Monte-Carlo
Chen et al.”?! Automatic Reward shaping VACL
Wang et al.”’! Automatic Reward shaping IPPO

Du et al.* Automatic Curriculum design SAC
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Fig.2 Evolution of PBT: (a) sequential optimisation requires multiple training runs to be completed (potentially with early stopping), after which new

(c) Population based training

hyperparameters are selected and the model is retrained from scratch with the new hyperparameters. This is an inherently sequential process and leads to
long hyperparameter optimisation times, though uses minimal computational resources; (b) parallel random/grid search of hyperparameters trains multiple
models in parallel with different weight initialisations and hyperparameters, with the view that one of the models will be optimised the best. This only
requires the time for one training run, but requires the use of more computational resources to train many models in parallel; (c) population based training
starts like parallel search, randomly sampling hyperparameters and weight initialisations. However, each training run asynchronously evaluates its
performance periodically. If a model in the population is under-performing, it will exploit the rest of the population by replacing itself with a better
performing model, and it will explore new hyperparameters by modifying the better model’s hyperparameters before training is continued. This process
allows hyperparameters to be optimized online, and the computational resources to be focused on the hyperparameter and weight space that has the most

chance of producing good results. The result is a hyperparameter tuning method that while very simple, results in faster learning, lower computational

resources, and often better solutions™”
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Table 2 Summary of algorithms for hierarchical reinforcement learning

Citation Classify Algorithm Baseline

Tang et al.> Option NNFQ/CNNFQ NN/CNN
Zhang et al.>”! Option HRL PPO
Liang et al.’" Option MAHRL Actor-critic
Bacon et al.””! Option  Option-critic DQN

Xu et al.*”) Goal HIT-MAC Actor-critic

Liu et al.” Goal FMA2C MARL

Vezhnevets et al.”)  Goal FuNs DQN/Option-critic
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Fig.5 Schematic of Expert-based soft actor-critic algorithm. The drone uses an expert actor to make decisions based on state s;, obtain an action a;, and

perform actions to obtain a reward r; and a new state s.+1 until the enemy is successfully destroyed. Repeat the above process in different air combat

environments, and store the obtained expert experience samples (s, ar, 71, +1) in the expert replay buffer'®!
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Fig.6 Example of Agent i lateral transfer in the target task, assigning three pretrained policy networks to agent i for transferring knowledge, and there are

three modules and one output layer in all policy networks ;. For each agent i, i represents the output of all assigned strategies in the A-th module, w;x

represents the weight of the A-th module output by the attention module, uy = h;( Wik
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Table 3 Summary of Transfer Reinforcement Learning Algorithms
Citations Subject Transferred knowledge Algorithm
MacGlashan et al. ! Prior knowledge Reward shaping Actor-critic
Liu et al.”™ Prior knowledge Reply buffer Actor-critic
Li et al.’ Homogeneous agent Action & Value MADDPG-INA
Hu et al.”™ Homogeneous agent Model parameters ACER
Liang et al.* Homogeneous agent State & action DDPG

Li et al.*" Homogeneous agent Strategy
Shi et al.[*! Heterogeneous agent Strategy
Lietal. ! Heterogeneous agent Model parameters

Zhou et al.*

Heterogeneous agent

Local Q function

Fuzzy agent
MADDPG
Any

Q-learning
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