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Motivation

Many practical multi-agent systems are decentralized and have time-varying dependencies.
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Connected Vehicles UAV swarms Warehouse robot fleet

https://www.topgear.com/car%20news/what-are-sae-levels-autonomous-driving-uk
https://arxiv.org/abs/1708.05732
Jiaoyang Li et al, Lifelong multi-agent path finding in large-scale warehouses, 2019
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Literature: Dec-POMDP

DEC-POMDP

General Dec-POMDP is NEXP-Complete!
[Oliehoek et al. 2012], [Oliehoek et al. 2016}
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any variants have proposed, but most of these results are negative (NP-hardness)!

* Interaction Driven Markov Game (IDMG) [Spaan & Melo 2008], [Melo Veloso 2009]

* Networked Distributed POMDP [Nair et al. 2005] [Zhang & Lesser, 2011]

e [Goldman & Zilberstein 2004], [Berstein et al. 2002]; [Allen Zilberstein, 2009]




Our Goal

Much of the theoretical literature on Dec-POMDP have hardness results due to:
* Partially Observability

* Scalability (Curse of Dimensionality), i.e. factored state/action space

... but Dec-POMDP setting is overly broad and do not consider real-world problem structures



Our Goal

... but Dec-POMDP setting is overly broad and do not consider real-world problem structures

* |n connected vehicles, each car interact with nearby cars
 Each drone in a swarm have aerodynamic interactions with nearby drones

* Warehouse robot fleets need to navigate while avoiding collision/congestion

In all examples, there is sense of local interdependence (“nearby”), but it is dynamic as agents can move

Communcation




Up next!

Locally Interdependent Multi-Agent MDP
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Locally Interdependent Multi-Agent MDP

x; € shared metric space 2’ Z Vi €Y,

Location Other states, e.g. velocity...

Local state s; = (x;, ;)



Locally Interdependent Multi-Agent MDP

Global State Space & (=& X ... X &

n

Local State Space §; = X X ¥

Local state s; = (x;, ;)

distance d(s;, 5;) = d(x;, x;)

/!



Locally Interdependent Multi-Agent MDP

Global Action Space & =9 | X ... X A,

Local Action Space .

Local action a;



Locally Interdependent Multi-Agent MDP

Each agent’s state transits independently: P(s’ s, a) = H P(s; i, ap)
keN

... but their distance can only move up to distance 1: P,(s; s, a;) = 0if d(s;, s;) > 1



Locally Interdependent Multi-Agent MDP

r(s.a) = ) s, a) T l(Sis @3, Spo @)
i

Every pair of agents within radius R will have interdepenent reward

Interdependent Radius

44444

NNNNNN



Locally Interdependent Multi-Agent MDP

r(s,a) = ) s, a) T l(Sis @3, Spo @)
i

Every pair of agents within radius R will have interdepenent reward

Interdependent Radius

As agents can move, the interdependence Iis dynamic
Agents can join or leave one’s interdependent radius



Locally Interdependent Multi-Agent MDP

Applications

« Cooperative Navigation: each agent wants to reach goal while avoiding collision within R

« Formation Control: each agent maintains relative distance/angle to the agents within R

Interdependent Radius
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Locally Interdependent Multi-Agent MDP

Each agent can see and communicate with agents within radius V

Visibility Radius V
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Summary of LIMDP

Locally Interdependent Multi-Agent MDP
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- Agents in metric space

- Independent transition with speed limit

- Reward dependence within radius R

- Visibility radius V



[DeWeese and Qu 2024]
Policy decompositions that are
scalable and near optimal

Up Next
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Does Locally Interdependent Multi-Agent MDP
admits scalable and near optimal solution?

Key ldea: Group Decentralized Policy Class
Contain near optimal policies with closed form construction

Scalable to compute

Locally Interdependent Multi-Agent MDP
Up Next
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Recall: Visibility Radius

Each agent can see and communicate with agents within radius V

Visibility Radius V
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Group Decentralized Policies

Visibility Partition Z(s) splits agents into visibility groups

Two agents are in the same vibility group if there are a chain of agents within visibility of each other.

These two agents are In the same group




Group Decentralized Policies

Visibility Partition Z(s) splits agents into visibility groups

Two agents are in the same vibility group if there are a chain of agents within visibility of each other.

Visibility group
Visibility group



Group Decentralized Policies

Note: the groups can be time varing!

Groups can break up and new groups can form as agents move



Group Decentralized Policies

Note: the groups can be time varing!

Groups can break up and new groups can form as agents move

@ @ @



Group Decentralized Policies

Group Decentralized Policy

n(s) = (7(s,) ZS)

Each group in the partition

"\



Group Decentralized Policies

Group Decentralized Policy
n(s) = (z(s.) : 2 € Z(s))

Each group acts independently from other groups!



Group Decentralized Policies

Group decentralized policies are practical to implement
Assume two agents visible to each other can communicate

Agents in visibility group form a connected communication graph



Does Locally Interdependent Multi-Agent MDP
admits scalable and near optimal solution?

Key Idea: Group Decentralized Policy Class Up next

Contain near optimal policies with closed form construction «

Scalable to compute



Contain near optimal policies with closed form construction

Amalgam Policy

== = -

ﬂ(s) — (SZ)I Vz € Z(S))

Each group take optimal policy

pretending others don’t exist!



Contain near optimal policies with closed form construction

Amalgam Policy Guarantee

A(s) = (7%(s.) : Vz € Z(s)) VE(s) = VA(s) < =,




Contain near optimal policies with closed form construction

Amalgam Policy Guarantee

A(s) = (7%(s.) : Vz € Z(s)) VE(s) = VA(s) < =,

V—R
Exponentially decaying in ¢ := { ‘ = (V)

This is near opitmal for reasonable large V (as it decays exponentailly in V)



Two other closed-form policies

Cutoff Policy G“ara"teg_ .
V* - V)( S r max
x(s) = (xf((s,, {z})) : Vz € Z(s5)) (5) (5) (1 — },)27/ g

This is near opitmal for reasonable large V (as it decays exponentailly in V)



Two other closed-form policies

First Step Finite Horizon Guarantee
Optimal Polic 2
P * y V>x<( S) _ V¢( S) < }/C+1 roo
P(s) = 7 2(s) I=y
{JZ'*’O, ol n*’c}— are the set of discounted finite

horizon optimal policies with horizon ¢ = L% > %J

This is near opitmal for reasonable large V (as it decays exponentailly in V)



Comparison

Amalgam Policy

A(s) = (m*(s,) : Yz € Z(s))
Cutoff Policy
x(s) = (£ (s, {z})) : Vz € Z(s))

First Step Finite Horizon
Optimal Policy

p(s) = (s

Guarantee
g)
VE(s) — VA(s) < 7 nax
(1 =y)?
Guarantee
VE(s) — VA(s) < 2oV Yoty
T (=-p2
Guarantee

2
ViE(s) — VO(s) < 1 Y
—7



Does Locally Interdependent Multi-Agent MDP
admits scalable and near optimal solution?

Key ldea: Group Decentralized Policy Class

Contain near optimal policies with closed form construction

Scalable to compute « Up next



Scalable to compute

Amalgam Policy

A(s) = (7 (s,) - Vz € Z(s))
Optimal policies for each group are exponetially® more scalable to store and compute
than optimal centralized policy

*Caveat: only holds when groups are small
may become harder and harder when groups become larger.



Does Locally Interdependent Multi-Agent MDP
admits scalable and near optimal solution?

Key ldea: Group Decentralized Policy Class
Contain near optimal policies with closed form construction

Scalable to compute

Locally Interdependent Multi-Agent MDP
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Proof Idea

Amalgam Policy Guarantee

A(s) = (x(s) : Yz € Z() V=V < a0

Exponentially decaying in

How to prove this?



Proof ldea: Dependence Time Lemma

Suppose two agents are initially out of view

V—-—R
2

If they try to get close as much as possible in ¢ = [ J steps
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Proof ldea: Dependence Time Lemma

Suppose two agents are initially out of view

V—-—R
2

If they try to get close as much as possible in ¢ = [ J steps

||
4— .~

/‘): _,a" V—-R
Theirdist > V—-2c=V-2| 5 | >R




Proof ldea: Dependence Time Lemma

Key Observation
Suppose two agents are initially out of view
V—-R
2

Within ¢ = [ J steps, the two agents cannot have interdependent rewards!
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Near Optimal and Scalable Policies

Amalgam Policy

A(s) = (m(s,) : Vz € Z(s))
Cutoff Policy

x(s) = (xF (s, {z})) : Yz € Z(5))
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First Step Finite Horizon
Optimal Policy

P(s) = 7(s)



Near Optimal and Scalable Policies

Amalgam Policy

A(s) = (”z* (SZ) . Vz € Z(s)) Locally Interdependent Multi-Agent MDP

-y
" .Q

Cutoff Policy

2(5) = (&7 (s, {z}) : Yz € Z(s)) ECRTA

——> \iisibility Radius

First Step Finite Horizon .
Optimal Policy o

po =2



Applications: Multi-Agent Path Finding

Each robot reaches target locations while avoiding collision



Applications: Multi-Agent Path Finding

State-of-the-art
Lifelong Multi-Agent Path Finding in Large-Scale Warehouses*

Jiaoyang Li,! Andrew Tinka,* Scott Kiesel,
Joseph W. Durham,” T. K. Satish Kumar,' Sven Koenig'

! University of Southern California
2 Amazon Robotics

Amalgam Policy Cutoff Policy First Step Finite Horizon
Optimal Policy

A(s) = (m*(s,) : Vz € Z(s)) x(s) = (xf((s,, {z})) : Vz € Z(s)) PH(s) = 7%s)



Applications: Multi-Agent Path Finding

State-of-the-art
Lifelong Multi-Agent Path Finding in Large-Scale Warehouses*

Jiaoyang Li,! Andrew Tinka,* Scott Kiesel,
Joseph W. Durham,” T. K. Satish Kumar,' Sven Koenig'

! University of Southern California
2 Amazon Robotics

Equivalent

Both solve a finite-horizon planning
problem and take the first action

il
I

A d

i
'I
I

First Step Finite Horizon
Optimal Policy

p(s) = (s



Applications: Multi-Agent Path Finding

State-of-the-art
Lifelong Multi-Agent Path Finding in Large-Scale Warehouses*

Jiaoyang Li,'! Andrew Tinka,” Scott Kiesel,’
_ Joseph W. Durham,” T. K. Satish Kumar,' Sven Koenig'
All agents form a giant group ! University of Southern California

2 Amazon Robotics

. but they are using V' = oo

First Step Finite Horizon
Optimal Policy

p(s) = (s



Applications: Multi-Agent Path Finding

All agents form small groups

Much imporved scalability

Our results natually suggest we can use a small V

First Step Finite Horizon
Optimal Policy

p(s) = (s



Applications: Multi-Agent Path Finding

All agents form small groups

Much imporved scalability

Our results natually suggest we can use a small V

Only suffer a small loss of optimality

First Step Finite Horizon Guarantee
Optimal Polic 2
P POy Vi(s) — V() < ———yOp
P(s) = & (s) I =y
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ht chantry (k=50) — full curve to convergence [95% CIl, n=50 seeds]

Computation Time vs Visibility Throughput vs Visibility
: 0.20 -
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Visibility V

A small visibility reduces computation time by 10x, suffers almost no loss in throughput




Near Optimal and Scalable Policies

Amalgam Policy

A(s) = (”z* (SZ) . Vz € Z(s)) Locally Interdependent Multi-Agent MDP
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Cutoff Policy

2(5) = (&7 (s, {z}) : Yz € Z(s)) ECRTA

——> \iisibility Radius

First Step Finite Horizon .
Optimal Policy o

po =2



The policies are near optimal only when visibility is large

Exponentially decaying in

Amalgam Policy Guarantee
. % — V/1 < {
A(s) = (F(s,) - Vz € Z(s)) (5) (5) < (1 —pA.
Cutoff Policy Guarantee R YR
Vi(s) = VA(s) < ——lelp) A R
x(s) = (22 (s, {z})) : Vz € Z(s)) (I =) ! 'R V)
A [
First Step Finite Horizon Guarantee N e W

N
o L
------

OptimaI*PoIicy VE(s) — VO(s) <
P(s) = m V(s)




Summary So Far

Locally Interdependent Multi-Agent MDP
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Models practial applications of decentralized agents with dynamic local dependencies!

Admits a scalable and near optimal solution!

scalable when groups are small

near optimal when the visibilities large What if the visibilities are small?



When the visibility Is small...

Optimal
centralized policy
Amalgam with
visibility 20.5

Cutoff with
visibility 20.5

Note: the interdependent radius is R = 20



Penailty Jittering

Optimal
centralized policy



Penailty Jittering

Optimal
centralized policy

Amalgam with
visibility 1

Cutoff with
visibility

X
X
X



Summary So Far

Locally Interdependent Multi-Agent MDP

o B2 B
s ™ ~ o

:‘ > Visibility Radius

oy L
------

Models practial applications of decentralized agents with dynamic local dependencies!

Admits a scalable and solution! Up next

lable wh I i isibili
scalable when groups are sma Handling small visibility

when the visibilities large



Idea: Think Beyond Visibility
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Idea: Think Beyond Visibility

Extended cutoff policy
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Think Beyond Visibility

Theorem [DeWeese and Qu 2025] Regardless of the estimation error for out-of-view agents,

V*(s) — VeXt'CUtOﬁ( 5) < B ‘

Exponentially decaying in

We maintain the same guarantee as before

even If the estimation of out-of-view agents are arbitrarily bad



Think Beyond Visibility

If the out-of-view estimates are good, we can get much better bounds

Theorem [DeWeese and Qu 2025]. Suppose:

 The transition is deterministic;
* Given an initial state s where all agents are within view.

When using a Simple Memory Based Out-of-view Estimator

Vext—cutoﬁ(s) — V¥(s)as V., ~—— o

omp

Simple Memory Based Out-of-view Estimator works by

* For agents that go out of view, track where it was last seen

e Simulate its trajectory from last known position



Penalty Jittering Revisited

Optimal centralized ><

Extended cutoff with |
execution visibility 20.5, ><
computational visibility 30

Amalgam with | ><
visibility 20.5 =

Cutoff with
visibility 20.5 E




Penalty Jittering Revisited

Extended cutoff with
| | execution visibility 1,
Jptimal centralizea >< >< >< >< computational visibility 1

Amalgam with >< ><

visibility 1

Cutoff with >< ><

visibility 1

RemElty_JiL_



Penalty Jittering Revisited

Extended cutoff with
execution visiblility 1,
computational visibility 1

Dptimal centralized >< >< ><
Amalgam with >< >< ><

visibility 1

Cutoff with X X X

visibility 1

computational visibility 2

X X X

computational visibility 3

=]“ﬁ=om >< computational visibility 4



Large Scale Simulation
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Take home message

Locally Interdependent Multi-Agent MDP
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Models practial applications of decentralized agents with dynamic local dependencies!

Admits a and solution?

when groups are small. Larger groups handled by heuristics.
when the visibilities large. Small visibility? Extended cutoff
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Future directions

Better ways to handle large groups
More systematic studies on out-of-view estimation

Develop RL algorithms based on LIMDP



Take home message

Locally Interdependent Multi-Agent MDP

......

! ¢ S .

Interdependent Ra.dIUS '."\R NV
: -‘ — > Visibility Radius

1 L Y "

\‘ \~~ "¢ .

~
......

Alex DeWeese, Guannan Qu, Locally Interdependent Multi-Agent MDP: Theoretical Framework for
Decentralized Agents with Dynamic Dependencies, ICML 2024

Alex DeWeese, Guannan Qu, Thinking Beyond Visibility: A Near-Optimal Policy Framework for Locally
Interdependent Multi-Agent MDPs, arXiv preprint arXiv:2506.04215, 2025.




