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Motivation : Multi agent Path Problem DefinitionMotivation : Multi‐agent Path Problem Definitiong
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• Goal directed navigation Find
G G (1)• Goal directed navigation G1 G2 (1)
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π1 π2N heterogeneous robots
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Trajectory of ith robot: πii

• Intermediate tasks• Intermediate tasks  • Size of joint state space increases exponentially with N
(e g exploration of rooms)

Size of joint state space increases exponentially with N
( li d i )(e.g., exploration of rooms) (coupling due to constraints)

• Constraints, Ωij(πi, πj) ≤ 0 
( p g )

N d f f t l i ll th ti l t, ij( i, j) ≤
(e g on time parametrized distance • Need for fast planning as well as theoretical guarantees(e.g., on time‐parametrized distance p g g

• Potentially non convex cost and constraint functionsS Sbetween trajectories) • Potentially non‐convex cost and constraint functionsS1 S2between trajectories)
l l f ( ) (e g cluttered non trivial environments)• Optimal plan satisfying constraints (minimize net cost) (e.g., cluttered, non‐trivial environments)p p y g ( )

Approach : Iterative planning in individual state‐space with guaranteesApproach  :   Iterative planning in individual state space with guarantees
A. Convert (1) to a series of unconstrained optimization problems, (2) (soft constraints)

Example: 6 robots with rendezvous constraints
A. Convert (1) to a series of unconstrained optimization problems, (2) (soft constraints)
B At kth iteration robot r solves only for π based on other robots’ current π’sOverviewExample: 6 robots with rendezvous constraints B. At kth iteration, robot r solves only for πr based on other robots  current π s
C I lt i ht t i t i l ti

Overview
C. Increase penalty weights on constraint violation

Goal‐1 Goal‐2 Goal‐3 Goal‐4 Goal‐5 Goal‐6Goal 1 Goal 2 Goal 3 Goal 4 Goal 5 Goal 6
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Start‐1 Start‐2 Start‐3 Start‐4 Start‐5 Start‐6

It ti (k) 0 (k)Iteration (k) =  0 Iteration (k) = 1 Iteration (k) = 2
Iteration (k) = 12Planning robot (r) = 1 Planning robot (r) = 2 Iteration (k) = 12g

Final converged solutionFinal  converged solution
satisfying constraintsj ≠ r; satisfying constraintsj ≠;

i 1 N i≠Subproblem (2)i=1…N, i≠rp (2)

Theoretical AnalysisTheoretical Analysis
Definitions There exists directions, which we call Separable Optimal

= Theorem 1: If the Step Direction returned by procedure Flow Directions, in which we can increment the penalty= Theorem 1: If the Step Direction returned by procedure 
C t St Di ti t th kth it ti f th

, p y
weight vector W, such that the global optimum for the new setComputeStepDirection at the kth iteration of the weight vector W, such that the global optimum for the new set
of penalty weights differs from the previous global optimum in

V d W t ith N(N 1)/2 l t Algorithm along with a small step size define a
of penalty weights differs from the previous global optimum in
only one partition of the optimization variables namely πV and W are vectors with N(N-1)/2 elements Algorithm, along with a small step size,     , define a 

S bl O i l Fl t Wk f
only one partition of the optimization variables, namely πr.
Thus by moving along such a direction in kth iteration we only

[ ] Separable Optimal Flow at Wk for Thus, by moving along such a direction in kth iteration, we only
d t h d till i t ti f th[ ] p p

need to change πrk, and still remain at an optimum of the
li d t t

[ ] i epenalized net cost.[ ] i.e.

For a small   , V is a Separable Optimal Flow Direction for      at W Theorem 2: If the condition in Theorem 1 holds and the If we always increment the penalty, p p
iff: Theorem 2: If the condition in Theorem 1 holds, and the If we always increment the penalty

i ht l di ti th t b thiff:
Step Direction returned by procedure weights along directions that are bothStep Direction returned by procedure 
C t St Di ti at the kth iteration of the Algorithm Ascent Directions and SeparableComputeStepDirection at the kth iteration of the Algorithm p

Optimal Flow Directions we will
V is an Ascent Direction at W iff: is also an Ascent Direction at Wk for all k then the

Optimal Flow Directions, we will
eventually converge to the globalV is an Ascent Direction at W iff: is also an Ascent Direction at W , for all k, then the 

Al ith t ti l l ti if i t
eventually converge to the global

i if i iAlgorithm converges to an optimal solution, if one exists. optimum, if it exists.g g p
Theorem 3: If the functions c and Ω areTheorem 3: If the functions cr and Ωij are
differentiable up to second order, and Ωij(πi, πj) is of the form Gij(πi – πj), where Gij is continuous, smooth and even, then we candifferentiable up to second order, and Ωij(πi, πj) is of the form Gij(πi πj), where Gij is continuous, smooth and even, then we can

te St Di ti if e e i t th t ti f The e 1 & 2 t i e Wkcompute a Step Direction, if one exists, that satisfy Theorems 1 & 2, at a given Wk. We use mollification techniques to smoothen cr and Ωij if and when required.

Planning in a cluttered environment with spatio‐temporal constraints: Conclusions
Results

Planning in a cluttered environment with spatio temporal constraints: Conclusions
Results

Ex 3: Heterogeneous agents •Developed an algorithm forEx. 1: Planning with extended rendezvous
Ex.3: Heterogeneous agents 

f i l k i 3
•Developed  an algorithm for 

An exact implementation:
performing complex tasks in 3D:  efficiently solving largeAn exact implementation: efficiently solving large 

bl hoptimization problems with opt at o p ob e s t
li t i t inonlinear constraints in 

distributed fashiondistributed fashion.
•Theoretical analysis givesTheoretical analysis gives 

U i d l i Optimal plan satisfying conditions required for guaranteesUnconstrained solution Optimal plan satisfying
communication constraints

conditions required for guarantees 
d ti lit

Planning in continuous space with  communication constraints on convergence and optimality.
g p

rendezvous constraints
Ex.2: Planning with tasks and constraints

g p y
• Implemented the algorithm on

rendezvous constraints

• Implemented the algorithm on 
multi‐robot planning problems inmulti robot planning problems in 

Spatial

complex environments.
p

coordinates complex environments.
as Tasks
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