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________ Motivation_________j} ___ Method

How to evaluate a policy in the presence of rare events? An accelerated and scalable policy evaluation method Validation of Our MDP Evaluation Scheme
Rare events are important in safety-critical applications, such suitable for Markov Decision Processes (MDPs) with » Ours requires an order of magnitude fewer data than MC.
as medical treatments, marketing and finance, autonomous large discrete or continuous state and action spaces. « Qurs has a smaller variance than MC.
driving, and healthcare robotics. : . o ) > normal event rare event methods MC ours
>4 A Hisony 20172000 Estimate expected costs till termination, J*(s) = Eq,-. Z 9(Tn, '73"+1)} metric (x1e3) | mean std | mean [ std
| Light-tailed dist. - /,m\ e.g., rare event probability. "= J(21) 3.99 | 0.38 | 3.90 | 0.24
© Heavy-tailed dist. JM//AMNAVW L 0' W N the prob. of hitting rare termination set before hitting other termination sets. 9 (z,y) = Lyer ; gig 283 ggg ggi 8?‘;

Rare butmatter . e, - Adaptive IS for discrete Markov chains [Ahamed, 2006] prtransitions | 78300 | 10600 | 8884 | 2595

’ _ X ey (n+1) (n) (n) (n) Proroi repisodes | 19306 | 2012 | 552 | 154

[Stock Market Crash, Wiki] [Tesla Autopilot, 2019] J (zn) = JV (2n) + a[ — JV"(xn) + (g(xn,xn+1) + J (:cn+1)) - pﬁs'f,)mm ] (qym-minigri dj 0 89]° — 95% CI n — 15 =6
Existing Methods in estimating rare event-related probabilities 1 9(Xrs Tpy1) + I Ty 1)
Pl =55, Pavens 1 ) Perf f Function Approximati
in finite state-space Markov chains: o T (@) Snrelrinziniets e iAol 2 drElel.
» cross-entropy methods [De Boer, 2001] Adaptive stochastic approximation for discrete MDPs . In intersection-vO, ours is more stable than discretization.
» adaptive Monte Carlo [Desai, 2001] » Contribution 1: Extend to MDPs by treating environment nature | « In intersection-v1, ours has smaller variance than MC.
» adaptive importance sampling [Ahamed, 2006] as an agent with its policy as the importance distribution indicating better performance with smaller rare prob.
Limitations: P(Tni1]lann, Tn) = 7E(aE.n|aA.m:rn) * Ours samples more rare events = closer to zero-variance dist..
- Small discrete state and action spaces (limited scalability); Tntl = ff?("’"’a/‘~’““’5~") GP as J function approximator; rare event defined as crash.
] ) ] ] ’ AF n = fE (51771»(1A.1ze51771+1) ] -
» Rely on discretization when continuous spaces (drops the . L - - methods | Intersection-v0 | Intersection-v1
 stochastic approximation MC 0.06 0.001

environment or action structure information).

Prpnenir _ 20, TA(aa]Tn)p(Tni1|aa, Tn) . P@ntilaan, xn) _ me(aplaan, Tn) ASA discrete | 0.12 (2 times) X
m pg:i)wn_i_l ZCLA Trfqn) (CLA Ixn )p(TL) (In_*-l |aA, xn) p(TL) (xn_‘_l |aA"n7 :En) ﬂ-(E"n) (aE |alA”n, xN) ASA (OurS) 0.44 (7.5 timeS) 0.09 (90 timeS)

Algorithm 1 ASA f ti tate action space MDPs : ' - Sampled rare event probabilit
=n : — COI.l muouss. : p. : * lterative Update rule: Importance weight: [/n [highway-env, 2019] " g ’
rare event brob Input: Evaluation policy 74, Simulation envirionment —— P ) | I(s.0) I(5.0)
. RTOD. E, Ground truth transition prob 7z (ag|aa, ), Horizon | j" D (g, ) = J) () + a[ — J™(z,) + (g(a:n, Tpt1) + J(”)(a:n+1)> ’ (f) = ] 0.14 — ASA ASA_discrete 0010 = sA
function approximator N, initial value function parameters ), value function T (aplaan, Tn) 0.12 0.008 mg
. . e o gt
neu.ral net (NN) or learn'lng rate «vy, initial NF parameters § = {0, ¢}, NF i B s 9(Tn, Tt1) + I (@0t1) 010
\Gauss|an process (GP)) learning rate o, e (aglaan,x,) =max(d,Te(ap|aan, Tn) T () 0.08 0.006
Initialization: n = 0 o o.oe " oos
Pretrain mp ¢(-|aa, ) with target conditional probability . . . . . ' e
Temporal Adaptive \ 7x(|as,z), Vaa € As,z € X Adaptive stochastic approximation for continuous MDPs 0.04 .
_ " — _ . . . . . . . 0.02
Difference Importance| fern=0to N —1ldo » Contribution 2: Integrate adaptive IS with function approximations
: : Reset environment ] ] 0.008 1000 2000 3000 4000 0.000% 5000 10000 15000 20000 25000
Learning Sampling repeat « value function approx.: GP or NN; batch gradient descent (GD) 2) Tnter e 1 onv0 b Tnter "¢ 1 on vl
Sample agent action a4 ~ 7 4(-|z) (a) Intersection-v (b) Intersection-v
e . ) Sample env action ap ~ WE,B('|QA> ) ']U')(:En) - Eﬂg' 2) [(g(.’l?n, "En+1) + ']L"f (‘T?H-l )) ' pn] 0.7 Rare Event Probability Rare Event Probability
env. importance policy Execute a4 and a g and observe cost g, next state x’ ' ' —— ASA ASA_discrete 0.14 — ASA
conditional Calculate importance weight p TD target:  Jy 7p(%n) = (9(Zn, Tnt1) + Jy(Tnt1)) - Pn N e — e 0.12
normalizina flow Add data pair d = (z,a4,ag,2’, g, p) to buffer D _ _ _ 0.5 | 010
\ J J Update value function parameters ¢ with gradient « importance policy approx.: cMAF [Papamakarios, 2018]; GD 0.4 ‘ 006
lterative Updating Scheme descent + Ju(x 0.3 F .
P J Update transition target based on d Te(ag n|Cn) = me(ag..|Ch) (g ¥ I'E( 7;“)) . 0.06
Train 7EE,0('|CLA, x) with gradient descent Importance policy AN 0'1. - | 2’2‘;
Check the paper for more info! e target density: Pe(ar|Cn) = v(7E0(ap|Cn) + B - N(agn,o)) e——— |
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