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Task decomposition in multi-agent reinforcement learning

Cooperative multi-agent RL: A team of agents learn interact in a shared
environment to achieve a common objective.
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Task decomposition in multi-agent reinforcement learning

Cooperative multi-agent RL: A team of agents learn interact in a shared
environment to achieve a common objective.

Source: Blizzard Entertainment Source: OpenAl Source: Starship Technologies

Observation: Often, agents only interact in several crucial moments of the task.
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Objectives:

1) Present a framework for specifying structured
representations of team tasks.

2)  Use this specification to decompose problem into necessary
individual behaviors.

3) Present a reinforcement learning algorithm that uses
decomposition to simplify multi-agent learning.
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An lllustrative Running Example

A As Team objective:
Have A, safely reach the goal location Goal.

+—+— Colored walls block the agents’ paths.

_— Buttons remove the wall of the corresponding color.

Pressing the red button requires two agents.

Set of team Local states
environment states of agent 3
- .

* Environment states § = 51 X 5, X S5
* Environmentactions 4 = A; X A, X A
& &

Set of team Actions available
action toagent 3




An lllustrative Running Example

Team objective:
Have A, safely reach the goal location Goal.

Colored walls block the agents’ paths.

Buttons remove the wall of the corresponding color.

Pressing the red button requires two agents.




An lllustrative Running Example

Team objective:
Have A, safely reach the goal location Goal.

Colored walls block the agents’ paths.

Buttons remove the wall of the corresponding color.

Pressing the red button requires two agents.




An lllustrative Running Example

Team objective:
Have A, safely reach the goal location Goal.

Colored walls block the agents’ paths.

Buttons remove the wall of the corresponding color.

Pressing the red button requires two agents.




An lllustrative Running Example

Team objective:
Have A, safely reach the goal location Goal.

Colored walls block the agents’ paths.

Buttons remove the wall of the corresponding color.

Pressing the red button requires two agents.




Representing Temporally Extended Team Tasks — Reward Machines




Representing Temporally Extended Team Tasks — Reward Machines

U = {u;,uq,uy, ..., us} — Set of states




Representing Temporally Extended Team Tasks — Reward Machines

U = {u;,uq,uy, ..., us} — Set of states
Y = {Yg, Gg, RB,AgB,A;RB,AgB,A;RB, Goal} — Set of events




Representing Temporally Extended Team Tasks — Reward Machines

U = {u;,uq,uy, ..., us} — Set of states
Y = {Yg, Gg, RB,AgB,A;RB,AgB,A;RB, Goal} — Set of events
6:U XX > U— Transition function
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U = {u;,uq,uy, ..., us} — Set of states
Y = {Yg, Gg, RB,AgB,A;RB,AgB,A;RB, Goal} — Set of events
6:U XX > U— Transition function

o:U XU - R — Output function
F — Set of final states
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Y = {Yg, Gp, Rp, A5%, A%, A58, AJ"E, Goal}




Representing Temporally Extended Team Tasks — Reward Machines

, Rg ,—-Rgz ,Rg ,—R
2 = {Yp) Gg, R, A3%, A;"%, A5%, A", Goal}




Representing Temporally Extended Team Tasks — Reward Machines

Y = {Yp,(Gg Ry, A3%, A", ALE, AJRP, Goal}




Representing Temporally Extended Team Tasks — Reward Machines




Representing Temporally Extended Team Tasks — Reward Machines

S = {Yg,Gp, Rp, A3%, A%, A58, A5, Goal}
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Connecting Environment States to a Reward Machine

The labeling function: Relate the environment state to collections of high-level events.

High-Level Task * Reward machine states U
(Model: Reward Machine) * High-level Events X

a

Events from X

Labeling
function L

S

Environment states

Environment Dynamics
Model: Transition
distribution p(- |s, @)

* Environment states § = §; X 5, X S5
* Environment actions A = A; X A, X A3
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Using Reward Machines for Reinforcement Learning
Perform g-learning to learn a separate policy for each state of the reward machine.

q4(s,a)

Start

!

' Hl q(sa) | °

lSeIected action

Environment Transition

Reward
machine
state l
Next state
Labeling function L |[* ]

Previous

l High level reward

events machine

state

— Reward machineR |[——

Reward machine
output values

Q-learning update

ﬂ 4,(5,0)

Updated q;(s, a)
functions
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How does the reward machine change if one only has access to events from X; € X?

Projected Reward Machine Ry

/ e e Yp @ Rp e Goal

. * Transitions triggered by missing
B
o events are not observed.

Goal

 Merge states that cannot be
differentiated by events from X;.




Reward Machine Projection

How does the reward machine change if one only has access to events from X; € X?

Projected Reward Machine Ry

e DD DD
Yp Rp Goal

2
start uj

Projected Reward I\/Igchine R;
A“‘ B

3
: i jecti 3 o .3 o .3
Note: reward mach!ne projections may be start@ - ,w —{ 3 -
computed automatically. B A3B B




Projected reward machines encode the sub-tasks of
individual agents who only observe events in ;.




Problem Equivalence

When is the task described by the team reward machine equivalent to the
composition of its projections?
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Problem Equivalence

When is the task described by the team reward machine equivalent to the
composition of its projections?

Team Reward
Machine R

Projected Reward
Machine R

Behavioral equivalence

— I

|

Projected Reward
Machine R,

Bisimulation: Parallel composition:

of reward machines

Concurrent combination
of reward machines

Projected Reward
Machine Ry
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Local Labeling Functions

Connecting environment dynamics with projected reward machines?

Team Reward ~ Projected Reward " Projected Reward " " Projected Reward
Machine R — Machine Ry Machine R, Machine Ry
Labeling Local labeling Local labeling Local labeling
function L function L function L, function Ly

J 4 A A

Local environmentstates

Team environment states

Synchronization on shared events

Environment Dynamics




Problem Equivalence

Subtask 1 Subtask 2 Subtask N
Task complete AND ..« AND
P < complete complete AND complete
A A A *
|
Team Reward ~ Projected Reward " Projected Reward " " Projected Reward
Machine R — Machine Ry Machine R, Machine Ry
Labeling Local labeling Local labeling Local labeling
function L function L function L, function Ly

J 4 A A

Local environmentstates

Team environment states

Environment Dynamics




Observation: Agent i may use R; to learn its subtask,
without observing the states of its teammates.




Decentralized Q-Learning with Projected Reward Machines (DQPRM)

Agents learn to accomplish their subtasks in the absence of teammates.
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Decentralized Q-Learning with Projected Reward Machines (DQPRM)

Agents learn to accomplish their subtasks in the absence of teammates.
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Decentralized Q-Learning with Projected Reward Machines (DQPRM)

While ensuring the resulting composite behavior accomplishes the team task.
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While ensuring the resulting composite behavior accomplishes the team task.
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Agents learn to accomplish their subtasks in the absence of teammates.

Agent 1 Agent 2 Agent 3
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Decentralized Q-Learning with Projected Reward Machines (DQPRM)

While ensuring the resulting composite behavior accomplishes the team task.

Team reward machine R

Comparisons to baselines (lower is better)

g

s le3

'%1.0 "‘— ''''''''''' —-—-—'—.,—-A._,_“\.

Sosl |} \IndependentQ-Learners
v \ \

0.6 \ '

S04 “Hierarchical Independent Learners

§ . |‘ “\“\

xn0.2 DQPRM (our method) "\

[=11] .".,_ '& d’__\

E 0 ————————————————————————— ——

7040 0.5 1.0 15 L8
= Training Steps le5




DQPRM Scaling with the Number of Agents

Rendezvous Experiment
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Rendezvous Experiment
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DQPRM Scaling with the Number of Agents

Rendezvous Experiment
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DQPRM scales well with the number of agents.

Each agent learnsin the O
absence of its teammates.
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DQPRM scales well with the number of agents.

Al

Each agent learns in the = Composite behavior
absence of its teammates. accomplishes the team task.




DQPRM scales well with the number of agents.
Two agent rendezvous
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Reward machines for MARL task decomposition

Reward machines to specify and decompose cooperative RL tasks.

Conditions guaranteeing equivalence between original and decomposed tasks.

1R

Decentralized Q-learning algorithm that trains each agent separately.

Execution

Training

Team

Agent 1 Agent 2 Agent 3

Cyrus Neary
cneary@utexas.edu



