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Multi-Agent Reinforcement Learning

Adversarial Games:

Cooperative - =
Games:

Mixed Games:

https://www.youtube.com/watch?v=kopoLzvh5jY;
Baker B., Kanitscheier |., Markov T., Wu Y., Emergent Tool Use From Multi-Agent Autocurricula, 2020

© salzbu rgresea rch 31.03.2026 Multi-Agent Reinforcement Learning for Resource Allocation in Wireless Network Communication Pochaba et al.


https://www.youtube.com/watch?v=kopoLzvh5jY

Multi-Agent Reinforcement Learning
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Challenges of MARL / Environment N \

‘).
® Non-unique Learning Goals & D
B Non-stationarity '«g-‘

B Scalability issues

m Cooperative vs competitive % 8;
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MARL Algorithms: 1QL

B Core idea: each agent learns its own Q-function independently

B Information: local state/ observation, own action, local/ shared reward

B Strength: simple, scalable, easy baseline

B Weakness: other agents are seen as part of the env, causing non-stationarity

® Q-function: Qy(s;, a;)
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MARL Algorithms: NashQ

B Core idea: learn joint Q-values & choose actions based on Nash equilibrium

B Information: full joint action payoff structure

B Strength: principled treatment of strategic interaction

B Weakness: NE computation is expensive, can be unstable, multiple NEs possible

®m Q-function: Q(s;, ayg)
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MARL Algorithms: JAL

B Core idea: each agent learns Q-values over joint actions

B Information: own state + actions of all agents or estimation of other actions
B Strength: explicitly captures interaction between agents

B Weakness: joint Action Space grows combinatorially

W Q-function: Q(s;, ay,...,a,)
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MARL Algorithms: VDN

B Core idea: team value is decomposed into the sum of individual agent Q-valued
B Information: individual utilities combined into one team utility

B Strength: supports cooperative learning while keeping decentralized execution
B Weakness: additive decomposition can be too restrictive

® Q-function: Q,,,; = Z Qi(s;» a;)
i

Joint team value is the sum of individual values
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Comparison of MARL Algorithms

_cnn | 1QL__| NashQ | _JAL VDN _

Suitable for
cooperative tasks
Sensitivity to non-

stationarity

Coordination
capability

Scalability

Computational
complexity

Sum up
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Comparison of MARL Algorithms

_cnn | 1QL__| NashQ | _JAL VDN _

Suitable for
cooperative tasks
Sensitivity to non- N
stationarity ~\
Coordination Il
capability ~
Scalability ('{
Computational n "
complexity P N
Sum up easy, bgt.difﬁcult highly depending  coordination vs  strong cooperation,
training on NE scalability weakly competitive
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Cellular and D2D communication

A/—

DU
BS = Base Station \
4

CU = Cellular User ‘%

DU = D2D User s =
BS v
|
DU
|
DU

Problem:
Reliable Communication
without regulation of BS

Solution:
Multi-Agent Reinforcement
Learning
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MARL in D2D communication

@ Agent

State / Agent \

E : Reward \
/ U ) =N

N
(J .
E:“,io' Environment

Action

Ccu
DU
\ B Action: Choose Channel
\
\E W State:
BS v m Own Channel selection

E ' W Satisfaction (QoS)
N m Neighbors

W Channel selection of neighbors

B Reward: Satisfaction (QoS) of all devices
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Results (2 Agents, 2 Channels)
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Results (2 Agents, 3 Channels)
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Results

Reward per episode for Qlearning
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Conclusion

B MARL Algorithms:
m |QL: learns quickly, but struggle to stabilize

E — =N m NashQ: powerful, but computationally complex
— E B JAL: improves interaction, but high scalability
\\ DU\ B VDN: very strong in cooperative settings, but only there
é\@ m Number of Agents increases training time
BS v
E | B Training Many-Agent-Scenarios with different amount of
N channels

B Assumption: VDN-algorithm outperforms other
B Reduce information
B Movement of devices
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