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Silver & Veness, Monte-Carlo Planning in Large POMDPs, NIPS 2010.
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Motion Planning in Automated Driving with the 3,
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Silver & Veness, Monte-Carlo Planning in Large POMDPs, NIPS 2010.

ego vehicle

- - —-»  Unknown Intention

- Probabilistic Prediction

< > Probabilistic Interaction

l '/ Sensor Uncertainty

Hubmann et al., Automated Driving in Uncertain Environments:
Planning with Interaction and Uncertain Maneuver Prediction,
Transactions on Intelligent Vehicles 2018.

Tas et al. — Exploiting Continuity of Rewards: Efficient Sampling in POMDPs with Lipschitz — PPNIV @IROS20



Motion Planning in Automated Driving with the 3,
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Map data

P = (pi)i:l ..... n Pi — (miayinliv Ri?vi)—r

States, Observations, Actions

S = (307317327"'7Sk) S0 — (Z())UO) Sk — (Zkavk‘apk‘)

02(01’02,...,01{;) Ok — (CUkaykavk)T
a & [—BmS_QalmS_z]
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Transition Model

ap = maX(aref,k + Gint, &, Cl_) + Gnoise, k

Observation Model

(Za U, p) — (:Ea Y, U) Lnoisey Ynoise ™ N(O 02 )

» Y 0,pos

Unoise ™~ N(Oa Jg,vel)
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Motion Planning in Automated Driving with the
POMDP Framework

Reward Model

7 =Tcoll T Ty T Tjlon T Ta lat

0 no collision
Tcoll —

Ccon  €go vehicle collides
C’U (UO - Uref)Q it Vo Z Uref
Ty = 2 .
Co log(l + (Vg — Vref) ) otherwise
Fjlon — Cj,lonjO2
2
Fatat = Catat (K V3)
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Multi-armed Bandits 5
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A = {ay,as,...,ax}

Upper Confidence Bound (UCB)

Algorithm 1: Upper Confidence Bound (UCB)

210gt if ¢ < K then
bi(a) = fiu(a) + ¢ Choose arm from {a : n;(a) = 0} at random
Nt (a) else
Choose arm a; = arg max b;(a)

acA

ne(a) ne(a)

) 262(a)logt 3clogt
bt(a)ﬂt(a)‘l—\/ t() g + g
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Multi-armed Bandits

Pareto Optimal Sampling for Lipschitz Bandits (POSLB)

Algorithm 1: POSLB [23, p. 22]

lp(a) — pla)| < & la—d if ¢ < T then

Choose arm from {a : ni(a) = 0} at random
else

af = argmax (i (a
: gaefﬂz()

fi(a) = ,
Z ni(a')(fu(a’) — Mi(a,a’))"(20*)7" if a # a}

a’'e A
ny(a)(fie(a) — bt(a’;))Q(QJZ)_l if a=a;

with
Ae(a,a’) = max(bt(a;‘) - ZLa—adl, ,&t(a’))

Choose arm a; = arg maxlogt — f;(a)
acA

POSLB-V

o2(a) = o2 = ne(a) (\/26?(&) logt N BClogt)

2

- 2logt ne(a) ne(a)
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Evaluation

5
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Scenarios
(a) Straight driving. (b) Traversing curves.
Scenario Vehicle Time-to-Intersection (s)
1 5 ego 2.11
1 Y - colt vehicle2 2.71
[ 3 ego 533 514 681
? S1-Lo vehiclel 399 420 478
Ej vehicle2 635 6.14 7.89 7.73
ego 266 228 5.63
St-ui vehiclel 278 323 452
vehicle2 342 305 6.21 5.92

(a) Collision scene. (b) Intersection scene.
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Evaluation
Q-value

Q-value
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(a) Collision scene.



Evaluation
Convergence

acceleration in m/s?

5

FZI
|A|  Straight Curve  Sco1: Si1-Lo  SI-Hi
5 0.0 —1.0 1.0 —1.0 —1.0
9 0.0 —1.5 1.0 —1.0 —1.5
17 0.0 —1.5 1.0 —1.0 —1.25
33 0.0 —1.0 0.876 —0.875 —1.125
|A|  Straight Curve  Scoi1 S1-1o S1-Hi
5 1247 1847 1003 1241 573
9 1271 2157 1981 1345 728
17 1336 2280 2742 1453 787
33 1370 2246 1260 1432 1033
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Evaluation
Convergence

m—1
MAEn = % ; ‘(I;n — a*‘

*

An
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Straight

Scoll ST-Lo S1-Hi

1.0 —1.0 —1.0
1.0 —1.0 —1.5
1.0 —1.0 —1.25
0.875 —0.875 —1.125

= argmax Q(ho, a)
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Evaluation

Convergence
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(a) Collision scene.
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Evaluation 5

FZI
Convergence
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Evaluation
Convergence
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(b) Intersection scene.

SI—LO

| | 17
m{ 1.5 - B a
g 1- UCB-V | |
= —  POSLB
2 05 L POSLB-V
= 0 | —— -
0 0.5 1 1.5 2
Number of Episodes 10

MAE (m/s?)

5

FZI
| 9
1.5 R
1+ UCB-V
| —— POSLB
0.5 POSLB-V
[ \ |
0 0.5 1 1.5 2
Number of Episodes 10
33
1.5 -
1- u
0.5 %\\ .
O I I I
0 0.5 1 1.5 2
Number of Episodes n 10

Tas et al. — Exploiting Continuity of Rewards: Efficient Sampling in POMDPs with Lipschitz — PPNIV @IROS'20

14



Evaluation 5
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Conclusion

= Uncertainties in the transition and observation model have a smoothing effect on the
discontinuities

= Utilizing the continuity of Q-values allows significant performance improvements
= POSLB-V bandit algorithm

‘ This work enables the use of POMDPs for problems where multiple actions need to be
considered, such as in motion planning.
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