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{\}J Robot Motion Planning

Point-to-point navigation tasks

« “Starting from point A, reach point B while
avoiding obstacles”

L. Kavraki et al (TRA 1996), S. LaValle et al (IJJR 2001),
S. Karaman et al (IJJR 2011), L. Janson (IJRR 2015)

High-level complex tasks

* “Pick up the mail by visiting houses in a given order”

» “Next visit a delivery site”

» “Never leave the delivery site until a ground robot is
present to pick up the mail”

» “Repeat this process every day”

How to express complex tasks in a formal way?
How to synthesize optimal and correct-by-
construction controllers?

{

Delivery Task AutOnomous

Car
M. Kloetzer et al (TRO 2010), S. Smith et al (IJRR 2011)

A. Ulusoy et al (IJRR 2013), M. Guo et al (IJRR 2015)
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g\w/, Linear Temporal Logic

LTL is a formal type of logic that consists of Boolean and temporal operators defined over
a set of atomic propositions/predicates.

Syntax: ¢ ==true |w | Pp1 A2 | 2| O @ | prldpo

Set AP of Atomic Propositions (Boolean variables).

Other useful temporal operators:

Always ]

Eventually O

Infinitely often [] <>
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Reachability task <>7r7f°°m1

Rea.chablhty with —(7rEoomt \/ qrreom2)y 4 roon3
avoidance

Coverage task <>7T;‘oom1 A <>7T;'oom2 A <>ﬂ_;'oom3

Sequencing O (W;'ooml A (<> (ﬂ,;‘oom2 A <>7T;oom3 ) ) )
Recurrent D<> (,/T;‘ooml A (O (ﬂ_;oom2 A <>7r;oom3 ) ))
sequencing ’ ! ’

Compositional tasks: ¢ = Do(ﬂiooml) A (_.ﬂoomluﬂgoorﬂ) A (OD(WEOOHIS))
L L

J \ J J

Robot 1: visit Robot 1: never visit room1  Robot 2: eventually
room1 infinitely often  until robot 2 visits room 2 always visit room 3
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Optimal Control Synthesis

A Y
4%'\03»/>

Given N robots, an abstraction of the environment and robot dynamics
X’b(t) — fZ(X’L(t)7 ui(t))7 Vi € {17 o N}

and a collaborative task captured by a global LTL specification ¢, synthesize a discrete
T = ¢ and a user-specified metric J(7) , such as total

motion plan 7 such that
traveled distance, is minimized.

)

(07T,£00m4 A (Owioom5 A (OW

Room 3 Room4 | Room 5
""""" 1 s =0@mma
________ "," A (ODW{OOIDG) A (D_m_;_"oomS)
Roony2 Corridor :
H J T =rooml,room2,corridor,room4,
é @’ ’ roomb,corridor,room6, [room6|*
Room 1 Room 6
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Challenges

Optimal Control Synthesis

Discrete

Model
wTsS, |
g Graph
wTS, | ) FBA '| Search
¢

NuSMV 2, nUxmyv,
SPIN, SPOT

Conti‘ollers

M. Kloetzer (TRO 2010)

S. Smith et al (IJRR 2011)
A. Ulusoy et al (IJRR 2013)
M. Guo et al (IJRR 2015)

State explosion,
Computationally expensive,
Centralized (less than ~107
states)

Model Checking / Verification

More scalable (~103° states) but no optimality guarantees.
Return a feasible, and not the optimal, solution.

We propose an algorithm that can solve optimally hundreds of orders of magnitude larger
planning problems than state-of-the-art methods (~108°° states and beyond).
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Overview

_yAll possible robot behaviors

vV vV V

\ 4

J(7)
l Optimal
| Graph
PBA | Search
i ! No feasih
i i found
P i
Cont.alns Pick the best
possible “behavior”

intersections of  (gptimal plan)
“behaviors”

“* Desired robot behaviors
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\/, ed Transition Systems (wWTS)

Abstraction

%i(t) = fi(ai(t), wi(t)  _PTOCS - 0
— Si = (Qi,q; , —i, wi, APy, L
xi(t) € W " Qg v )

Qi = {q; ° }vregions r, : set of states

0 . g
q; : initial state

—.C Q; X O; : transition rule

AP; = Uy {m.°} : set of APs

| /!
! Room 2 '

| r
A

w; : Q; x Q; — R, :costfunction

I !
L 0, — 9AP; : observation relation Rodm 1 / Room 6
7 " 1 /
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\/ ’ 1nistic Buchi Automaton (NBA)

Translate the LTL formula to a NBA: B =(Qp,0% %, -5, 05
9B Set of states
0 . ey

Oxn Set of initial states The LTL formula is

y — 9AP Alphabet satisfied if the set of
final states is visited

—5C Op X/X/x Op Transition rule infinitely often.

oL Set of final states

NBA transitions are activated
based on the observed atomic
propositions.

Translation

¢=D<>/\7rf E—

D. Oddoux, P. Gastin.
LTL2BA software, 2009.
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'%,\W/,, ¢t Buchi Automaton (PBA)

: .\ PTS
wnd N the oAt P =TS x . xwISyk[B ] (Qr, @b, ~p. OF)
Op =91 X -+ x QN[ X|9OB Set of states
Q% =¢) x...q% x Q% Set of initial states li[izsgglt?ggs
p: Op x Op , Transition rule /
qPTS quTS qi =i q.,Vie {1,...,N}

(q'17Q27' .- 7q]\‘77q3) —P (Q£7qg7 . 7Q5V7QE3)

Ll(Ql),---,LN(QN)\ /

\

/ / .

w = w;(qs, q;

P (qp ’ qP) Zl ‘ (q“ qﬁ) Cost function Feasible NBA transitions
I = o . based on the observed

QP = Ql X - X QN X QB Set of final states atomic propositions_

The LTL formula is satisfied if the set of final states of the PBA is visited infinitely often.
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\~/ Optimal Control Synthesis

Suffix part « State-space of the PBA:

Op =091 X+ x Oy x 9p

* Find paths in the PBA from initial states
to final states (prefix part) and cycles
around the final states (suffix part).

e Plans in Prefix - Suffix structure:

f
@ Final States T = TP
® Siates
@ Initial State

* Pick the prefix-suffix plan with the
minimum cost.

Transition weights
« Cost of plan: / (e.g., distance metric) \
TP -1 N -1 N
Jr)= Y > willllwrs, 7 (k) Mlwrs, 7Pk + 1))+ > > wi(Mlwrs, 7 (k), s, 7 (k + 1))
k=1 =1 k=1 =1 .
Cost J(’Tpr‘;) of prefix Cost J(7suf) of suffix

UFitoiion €@



Optimal Control Synthesis

Model
. ! M. Kloetzer (TRO 2010)
{ S. Smith et al (IJRR 2011)
wTs, : | R . A. Ulusoy et al (IJRR 2013)
| g Graph Discrete M. Guo et al (IJRR 2015)
— PBA " g h >
wTS, > Sl Controllers
| State explosion,
NBA Computationally expensive,
. | WISN | _ Centralized (less than ~107
states)
¢
Model Checking / Verification
NuSMV 2, nUxmv, More scalable (~103° states) but no optimality guarantees.
SPIN, SPOT Return a feasible, and not the optimal, solution.

We propose an algorithm that can solve optimally hundreds of orders of magnitude larger
planning problems than state-of-the-art methods (~108°° states and beyond).
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\~/ , Based Optimal Control Synthesis

» Completely avoid taking the product among wTSs and NBA.
* Approximate representation of PBA by a tree Gy = {Vr,Er}

@, Approximate?

O Vr C QOp
o Er C—p

Why trees?
O = Resource efficient (memory

® O complexity):
O(lé7]) << O(|Vp| +[€p])

O = Computationally inexpensive graph
O - search methods.
e How to build trees?
qu(q@ @ Final States = Incrementally through sampling
@ States on the PBA state-space.
@ /nitial State = Cycle-detection method.

UF|FLORIDA
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Initialize __»| Sample a state g% € Qp :
the tree
Yes e
qp = € Vr?
No
Extend (if possible) the tree
towards gp " € Op
No
Extended?
l Yes
Rewire (if possible) the tree to
—

neW E QP

UFiidkiva €



4,\”/', Sampling Function

Sample a state gp " = (gppg; gB) € Qp from
the density function £, ple : Qp — (0,1}

If g% = (gprg,9B) € Vr , then “Rewire”
otherwise “Extend”

@® state
@ /nitial State Qp = Qprs X Op

\ The choice of the sampling function affects
the performance of the algorithm

The root of the tree is an
initial state of the PBA.
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g\wj, Extend Function

1) Collect all states in the tree that
can directlyreach ¢p ' ina

new

Ry (ap™) ={gp € V1T | qp =P qp

2) Select as a parent for ¢p " the node
qPreV c RVT (qnew

that incurs the minimum cost from the
root.

Cost (qneW) — Cost (qprev + Z w; (HWTS qprev, WS, q}qjew

R

Transition weights

Complexity of extending: O (|Vr|(N +1)) (e.g., distance metric)

UF [FLORIDA



\ 7 . o
4'\.-./’ Rewire Function

1) Collect all states in the tree that can
be directly reached by ¢p " ina

Ry, (@p™)={ap €V | ¢p" —pPqpr}

2) Rewire nodesgp € RS, (¢5%) to ¢p"

if their cost from the root can be further
minimized.

UFtioiioa €



4,\”/', Construction of Prefix Plans

The construction of the tree is terminated after a
user-specified maximum number of iterations.

Compute paths (prefix parts) by tracking the
sequence of parent nodes from final states
to the root.

/_)v
q-= (qPTSI qB)

@ Final States
@ States

@ /nitial State

Complexity of finding paths: O(|Vr|)

UFkiskin €
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4,\’/', Construction of Suffix Plans
\

new

dp

()
‘ Q)
|
() |
| :
| A tree graph rooted at a final state
‘| @ @ ® is built.
|
O \ (J
o O _ )
| (O Every time a new node is added,
() | \ check if a direct transition to the
Q) “ o final state (root) is feasible, forming
| a suffix loop.
|
Q ! @
|
. 1 .
|
1
Final state (Root)
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\/’ ptimal Discrete Plan Synthesis

Tree for suffix parts

Tree for prefix parts

@ Final States
@ States
@ Initial State

Constructed motion plans: 7/ = rPre.f[psubflw £ 7 9

Optimal motion plan: 717 = gpref [psub. W

f* = argmin,J(7/)

UFkSkiva €
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- \,3’/’ ompleteness and Optimality

Theorem: The proposed sampling-based algorithm is probabilistically complete.

Theorem: The proposed sampling-based algorithm is asymptotically optimal, i.e.,

. nsuf "
P lim J(r siex) =J =1
N ax —00,nsuf 00 EEERS

max
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\/A' onvergence Rate Analysis

Theorem: Let p denote a feasible prefix or suffix path.
P=0p:qp, - dp 4P

Then there exist parameters o, (p) € (0, 1] such that the probability [T (g5 ) of finding
the feasible prefix/suffix path p within 7gax iterations satisfies

szza an (p)

maX+K, if nmax > K

Depend on the selected
sampling functions

Theorem: Let p* denote the optimal prefix or suffix patr:

*

1 2 K-1 K
p ZQP7QP7"'7QP 7QP

Then there eX1st parameters a,(p*) € (0, 1] and -g%) € (0,1] and itérations ny for
every state e p in the optlmal path such that the pfobability of finding the qptimal path
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%,\‘3’/’ gility with Uniform Sampling

Team 1 Team 2 Team 3 Team 4

¢ = [B0(m° A )] A [O0(my! Amst Ay )] A OOy Amg” AmgT)] A [BO(mg* A mre)]
A [OO(m7t Amgh)] A [O0(mg Amg)] A [2(m1° Ay JUmy]

Team 5 Team 6
= Execution of prefix part
¢ ) |Qp|=-_8 L of2 ofi ol gfs
D. Oddoux, P. Gastin. " / N : ™
LTL2BA software, 2009. N
2 fg to
N = 9 robots |$ »
1
|Qi|:97v’l/€{1,...,9} ol .{.L .{‘i .|{r7
1Qp| =|Q;]° - |QB| = 3.099 x 10” states |
0 2 4 B a 10

Using uniform sampling functions, the proposed method detected the first feasible
path in 1.6 hours with cost 568.1857 meters.

The existing optimal control synthesis method (e.g., Dijkstra, implicit graphs) failed to
solve this problem (can solve problems with ~107 states/edges).

NuSMV generated a feasible plan in 2 seconds with cost 672.2431 meters.
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[o3s]

Optimality

¢ = 00(m® A O(my)) AD(-m1*) AD(my — O(-my™Uni*)) A (Om5'2) A (D07

Execution of prefix part
45 : v 8 v "
() €2 €y £y
§§ ®-—-—-@----g----9
k N\ . >
| ' 18 \ ’ ol
|y | bg Tacl ,f-; | £y
3 L . . .
” 4
| ’ \ y; 5 |
2571 : 3l : Pl s :
Ay - Ao | An | €12
27 O S i (e k. g e e
| \ \\ 5 |
- SR . N
AT - A4 S €15 | €16
1} ® L 2 & & 1
0.5 s . -
05 1 15 2 25 3 35 4 45

Q;| =16, Vi € {1,2}
Op| = 24
Qp| = 6,144
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20

19

14

13

___________________ N
_|’P| = 4 E\Iireﬁx =1.92 m‘ins
Prefix : 1.33 mins | Su\ﬂii( = 6.49 mins
“Suffix = 0.69 mins \
; | \
N Pl=22

< Prefix = 6.28 mins -
\S\uﬁix = 16.42 mins

i %
\ |P| =26
\ Prefix = 8.28 mins
%
i J N Suffix = 35.42 mins
: i Y
Pl =9 ; '
i Prefix = 6.88 mins 7
Suffix = 9.27 mins
; i i i i
nPr = 200 nPr, = 300 nly, = 350 nhe =400 nPr =500
f £
nsuf — 200 n?rlllix = 300 nfrlllix - 350 n?rlllax = 400 nilllax - 500

max

JNusmv = 30.883

meters
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TABLE 1

parative Results: Small NBA

MATLAB runtimes to detect
the first feasible plan

FEASIBILITY AND SCALABILITY ANALYSIS: |Qp| = 21

N 9; Op nprel + nsurt | VRS + [V Prel+Sufl NuSMV/nuXmv
1 100 107 28 + 28 180 + 54 0.5+0.2 (secs) < 1 sec

1 1000 107 42 +31 338 + 119 0.9+0.7 (secs) < 1 sec

1 10000 | 107 71 + 43 512 + 131 19.2+11.2 (secs) M/M

9 9 1010 36 + 37 373 + 83 0.78+0.29 (secs) < 1 sec
10 100 1021 31+ 31 289 + 101 0.7+0.4 (secs) ~ 1.5 secs
10 1000 1031 34 + 27 309 + 82 2.1+1.7 (secs) ~50/40 secs
10 2500 10°° 41 + 32 367 + 142 5.94+6.4 (secs) M/~ 31 mins
10 | 10000 | 10* 40 + 23 357+123 48.44+38.1 (secs) M/M
100 100 10200 49 + 39 421 + 81 2.5+0.8 (secs) F/F
100 | 1000 | 10390 30 + 38 254 + 110 12.6+24.1 (secs) M/M
100 | 10000 | 10%00 24 + 49 241 + 55 4.245.2 (mins) M/M
150 | 10000 | 10699 29 + 87 382+530 6.1 + 27.71 (mins) M/M
200 | 10000 | 10890 42 + 49 453 + 276 11.3423.5 (mins) M/M
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FEASIBILITY AND SCALABILITY ANALYSIS: |Qp| = 59

parative Results: Large NBA

TABLE 11

MATLAB runtimes to detect
the first feasible plan

UF

N 9, Op| | nprer +nsunt | VE<' + [V Prel+Sufl NuSMV/nuXmv
1 100 103 54 + 92 533 + 274 2.18+1.55 (secs) < 1 sec
1 1000 103 78 +51 326 + 252 1.84+1.37 (secs) <1 sec
1 [ 10000 | 107 150 + 107 769 + 364 19.2+11.2 (secs) M/M
9 9 1010 93 + 27 400 + 168 20.7+18.9 (secs) < 1 sec
10 100 1041 51+ 39 650 + 239 2.1+0.74 (secs) ~ 3/2 secs
10 | 1000 | 103T 36 + 154 450 + 404 3.9+6.1 (secs) ~ 80/65 secs
10 | 2500 | 10°° 61 + 98 710 + 516 10.4+11.9 (secs) M/~ 32 mins
10 | 10000 | 10%T 47 + 164 722+604 56.6 + 98.1(secs) M/M
100 | 100 | 10200 21 + 117 154 + 1431 1.6+18.5 (secs) F/F
100 | 1000 | 10300 52 + 74 401 + 856 19.8+53.32 (secs) M/M
100 | 10000 | 10%00 39 + 89 398 + 1621 5.1+28.3 (mins) M/M
150 | 10000 | 10800 39 + 112 526+1864 8.3 + 60.11 (mins) M/M
200 | 10000 | 10390 48 + 103 588 + 1926 11.7+65.9 (mins) M/M
UNIVERSITY of Y
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\/ NuSMV vs STyLuS*

o
E
)
: | B [ L
m “tie”
S~
& L]
: | N [ N N
® i
Q .
)] >
Large NBA Large NBA Small NBA Small NBA wTS with no
Small N Large N Small N Large N self loops &
Small & sparse Large/small & Small & sparse Large/small & tasks that
wTSs sparse/dense wTSs wTSs dense/sparse wT'Ss require robots
\ | to wait
|

wTS with self loops or tasks that do not require robots to wait

NuSMYV is more scalable if the words/guards on the NBA transitions cannot be classified as
feasible/infeasible.

NuSMV does not provide any optimality guarantees. STyL.uS* is asymptotically optimal
and can find “good” plans fast enough.
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Summary

Optimal Control Synthesis

Discrete

Model
wTsS, |
g Graph
wTS, | ) FBA '| Search
¢

NuSMV 2, nUxmyv,
SPIN, SPOT

Conti‘ollers

M. Kloetzer (TRO 2010)

S. Smith et al (IJRR 2011)
A. Ulusoy et al (IJRR 2013)
M. Guo et al (IJRR 2015)

State explosion,
Computationally expensive,
Centralized (less than ~107
states)

Model Checking / Verification

More scalable (~103° states) but no optimality guarantees.
Return a feasible, and not the optimal, solution.

We propose an algorithm that can solve optimally hundreds of orders of magnitude larger
planning problems than state-of-the-art methods (~108°° states and beyond).
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Distributed Control & Optimization for Networked
Robots

Reactive controllers for dynamic and uncertain
environments

Robust controllers (robot failures?)

Realistic communication models (e.g., acoustic channels
for underwater applications)

Joint optimal task planning and communication control

Formal Methods/Control Synthesis for Cyber-
Physical Systems

UF

Reactivity and learning

Probabilistic control synthesis for large-scale networks
Secure optimal control synthesis

Trade-offs between security and optimality

Model-free optimal control synthesis

Human-in-the-loop control synthesis (e.g., human-robot
collaborative tasks)

g
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\~/ ’ Thank You

Sampling-Based Optimal Control Synthesis

* Y. Kantaros and M. M. Zavlanos, “Sampling-Based Optimal Control
Synthesis for Multi-Robot Systems under Global Temporal Tasks,” IEEE
Transactions on Automatic Control, 2018.

* Y. Kantaros, B. Johnson, S. Chowdhury, D. J. Cappelleri, and M. M.
Zavlanos, “Control of Magnetic Microrobot Teams for Temporal
Micromanipulation Tasks,” IEEE Transactions on Robotics, 2018.

STyLuS*: large-Scale Temporal Logic optimal

Synthesis /g
* Y. Kantaros and M. M. Zavlanos, “STyLuS*: A Temporal Logic Optimal @
Control Synthesis Algorithm for Large-Scale Multi-Robot Systems,”

International Journal of Robotics Research, under review.

« Y. Kantaros and M. M. Zavlanos, “Temporal Logic Optimal Control for
Large-Scale Multi-Robot Systems: 104°° States and Beyond,” 57th IEEE
Conference on Decision and Control, 2018.

Distributed Sampling-Based Optimal Control

Synthesis
+ Y. Kantaros and M. M. Zavlanos, “Distributed Optimal Control Synthesis for

Multi-Robot Systems under Global Temporal Tasks,” gth ACM/IEEE
International Conference on Cyber- Physical Systems, 2018.
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