Tightly and Loosely Coupled Decision
Paradigms in Multiagent Expedition
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Introduction

® We consider frameworks for online decision making:

® | oosely-coupled frameworks (LCF): do not
communicate, rely on observing other agents actions
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Introduction cont.

® Relevant computational advantages of each
paradigm are poorly understood.

® Ve wish to understand the tradeoffs in LCFs
and TCFs for multiagent planning.

® In this work we select one example framework
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What is Multiagent
Expedition (MAE)?

® Agents have no prior knowledge of how rewards are
distributed in the environment.

® Multiple alternative goals with varying rewards are
present.




Instance of MAE

1 04 | 01| 01| 02
109 | 04| 05| 05
0.3 04 | 01| 02| 04
0.7 09 | 03| 05 ] 009
0.3 01 | 04 | 02 ] o2
0.7 03 | 09 | 07| o7

0.1 0.4 0.2 0.4 0.1

0.9 0.9 0.5 0.9 0.5

0.1 0.3 0.3 0.2 0.3

0.3 0.7 0.7 0.5 0.6
(a)

® FEach cell has a reward pair (a).

® Observations are local (b).
- Agent can observe the |3 cells around it.

® [Effect of an action uncertain (c).
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MAE Rewards

® Physical interaction between agents has some optimal level.
- Above or below this level will reduce the reward.

- We set this level at 2 agents, but other levels could be
used.

® Thus each cell has a reward pair e iai i 0]

- "1 denotes unilateral reward, 7o bilateral reward.

.-... * Agents move and collect utility.
.. e Cells revert to default rewards d
after they are visited.

7“1, 7“2) — (01, 02)
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Unilateral / Bilateral Rewards

Initial Unilateral Bilateral

0.3
0.7

0.3 0.3
AO.7 A0.7 B

0.3
0.7
B

E—— A = North A = North
B = South B —=> West
A Reward 0} 3 A Reward 0} 7/2 0. 35
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Unilateral / Bilateral Rewards

Initial Unilateral

0.3 0.3
0.7 0.7
A

0.3 0.3
0.7 0.7
A B

A = North
B = South
A Reward = 0.3
B Reward = 0.3
Total = 0.6

* |f 3 agents cooperate

- Two receive bilateral reward

E 1

0.3
ol

0.3
0.7

A => North
B —=> WWest

A Rewarc
B Reward

Tota

= 0.7/2=0.35
= 0.7/2=0.35
=0.7

- One receives default unilateral reward
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MAE (DEC-W-POMDP)

® Instance of DEC-W-POMDP (NEXP-complete)
- Stochastic since effects uncertain.

- Markovian since new state is conditionally
independent of the history given the current state
and joint action of agents.

ahiage _par'tlally obser’vable agents cannot percelve
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Collaborative Design Network
(CDN) [Xiang, Chen and Havens, AAMAS 05]

® A multiagent component-based design paradigm.

® CDN gives optimal design based on preferences
of all agents.
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Design Network (DN)

o isaDAG, G = (V,F)where V = DUTUMUU

® [ the set of design nodes.
- design decisions
® [’ the set of environmental nodes.

- uncertalnty over worklng enwronment of the product under‘___.
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DN Continued...

® Syntactically each node is associated with a conditional
probability distribution.

® Semantically, the nodes differ. E.g P(d
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Collaborative Design Network
(CDN)

® Collaborative design network extends multiply sectioned
Bayesian networks to multiagent decision making.

- DAG domain structuring.

- Hypertree agent organization.
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CDN for MAE

® Each time-step an agent:
- Utilizes a dynamic graphical model.

- Updates domains for movement and
position nodes.

N




Position Nodes

® Encode probability of uncertain location ps™"

given agent movement muv®".
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Utility Nodes
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Applying CDN to MAE

® Encode movements {N, S, EW, H} in design
nodes.

® Encode uncertain locations given agent movements
through performance nodes.
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ical Model

Graph

PGM ‘08

CDN of a 3 agent group (A,B,C) for expedition/planning, where W is the hypertree.
19
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Recursive Modeling Method
(RM M) [Gmytrasiewicz et al. IEEE 98]

® | oosely-coupled multiagent decision making
paradigm.

- No explicit communication btw agents.
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Payoff Matrix
Representation

{N,N}:
{N.5}

Actions —>

(W,

{H,H}

Utility

Y. Xiang and F. Hanshar 22 PGM ‘08



Payoff Matrix
Representation

{N,N}:
{N.5}

Actions —>

(W,

{H,H}

Utility

Y. Xiang and F. Hanshar 22 PGM ‘08



Payoff Matrix
Representation

Utility

Y. Xiang and F. Hanshar 22 PGM ‘08



Payoff Matrix
Representation

{N,N}:
{N.5}

Actions —>

(W,

{H,H}

Utility

Y. Xiang and F. Hanshar 22 PGM ‘08



Payoff Matrix
Representation

Utility

Y. Xiang and F. Hanshar 22 PGM ‘08



Payoff Matrix
Representation

Utility

Y. Xiang and F. Hanshar 22 PGM ‘08



Payoff Matrix
Representation

Utility

Y. Xiang and F. Hanshar 22 PGM ‘08



RMM for MAE

® Observations are local to each agent in MAE.

® How does RMM evaluate joint actions of

agents when some payoffs of other agents are
unknown!?

....... D B’s Private Observations
BN e ,

Y. Xiang and F. Hanshar Pk PGM ‘08



RMM for MAE cont.

® Knowing the correct state that an agent is
in allows for successful planning.

® ldea: Agents model other agents states in
the RMM tree.
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Recursive Model Structure

::’

P(nbp% = allLow, nbp? = allLow) P(nbp% = —allLow, nbp5 = —allLow)

P(nbph = —allLow, nbpE = allLow)

Y. Xiang and F. Hanshar 25 PGM ‘08



Recursive Model Structure
Payoff Matrix

::’

P(nbp% = allLow, nbp? = allLow) P(nbp% = —allLow, nbp5 = —allLow)

P(nbph = —allLow, nbpE = allLow)

Y. Xiang and F. Hanshar 25 PGM ‘08



Recursive Model Structure
Payoff Matrix

) 3
s .
) ) ) .
) ) y .

P(nbp% = allLow, nbp? = allLow) P(nbp% = —allLow, nbp5 = —allLow)

P(nbpf = allLow, nbp8 = —allLow) P(nbp5 = —allLow, nbpZ = allLow)

2" models for mlssmg observations
Y. Xiang and F. Hanshar PGM ‘08



Recursive Model Structure
Payoff Matrix

Model probabilities

-

P(nbp% = allLow, nbp? = allLow) P(nbp% = —allLow, nbp5 = —allLow)

P(nbpf = allLow, nbp8 = —allLow) P(nbp5 = —allLow, nbpZ = allLow)

2" models for mlssmg observations
Y. Xiang and F. Hanshar PGM ‘08



RMM Update Issues

Need to compute: P(areaa,areac|moves, movec) (1)
Can compute: P(areaa|movey) - P(arealmovec) (2)

® Specifying joint probabilities is difficult in RMM.

® More difficult as the number of agents increases.
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Qutline

® [ntroduction
® What is Multiagent Expedition?

® Collaborative Design Network
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Agent teams
e CDN

- Agents communicate over agent interfaces
¢ RMM (No communication)

- Agents update bellef about state of other
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Experimental Instances
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Experimental Instances

Dense Path
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Experimental Results

® 30 runs for RMM,CDN,GRDU & GRDB

® 40 time-steps per run

Reward collected

Table 1: Experimental results. Highest means bolded.
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Significance Testing

Table 1: The t-test results.
CDN GRDU GRDB RMMBU

Barren | v/ 99.99 /99.99 / 99.99
Dense ¢ 99.99 ¢ 99.99 ¢ 99.99
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Performance Discussion

® CDN has higher mean reward collected on all instances
than RMM. Why!?

- RMM has ho communication.
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Social Convention

® A social convention defines, for each agent what

action to take when multiple optimal actions
exist.

® | exicographic ordering as social convention:

® Assume:u<b
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Discussion / Conclusion

® Work motivated by lack of comparative LCF - TCF research
® Setup level
- The agent organization is easier to set-up in LCF.

= [ CF more involved.

® Modeling level
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Discussion / Conclusion

® Decision-making level

- RMM and LCFs must guess about the states of other
agents based on observation.

= RMM may misjudge states and may misjudge when
multiple optimal joint plans exist.
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Discussion / Conclusions

- Generality

- Both RMM and CDN are decision-theoretic.




Thanks for listening.
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