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Problem Formulation

Problem 1 (Risk-constrained motion planning problem):

arg max E, [Uto | S, = I]

S.t. Pfail < A.

Problem 2 (Risk-minimizing motion planning problem):

arg max {]E;.T [Utﬂ | Se, = I] -n- me;;}.
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Problem Formulation

Unsafe states: S,
Safe states: S,
e Terminal states: S, +G.
S

Action space: A= {N,W,S E}.

i _ P(SN|S,N)=0.9
ACtIOﬂ N P(SNW I S, N:l — 0.05

P(SNE| S N) = 0.05.

ﬂ?l(t + 1) = f.'_?l(t) + }31 + nl(t),
zo(t + 1) = z2(t) + na(t),

x(t+1) = 1 (t) + nqy (1),
xa(t + 1) = wa(t) + Bo + na(t),
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Problem Formulation

Problem 2 (Risk-minimizing motion planning problem):

arg max {]E:.T [Utﬂ | S, = I] —7- me.:}-

T

Pfﬂéi =E, [ISIIESU |S!u =I]

7" =argmax E. [Uy, —n- s, es,| S, = I]

™

=argmax E,[U] | Sy, =1].

where,

A &
Dt[] — I)Ifr[] =1 ]]'SL}-ESE'
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Risk Estimation of t*

'L’ﬂ--u-(f) :Eﬂ--t [Utg |Stu = _lr]
Ui, = 15, es.

'Uﬂ--t (I) = Eﬂ-* []]-S':_f E'Su |St|:| == I]

Proa =By 15, cs, | S =1]
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Discrete State Space: Policy Synthesis
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Algorithm 1: Modified Q-learning
Parameters: step size o € (0, 1], € > 0, rewards

ARG p=0, =1

1 Initialize ()(s,a), ¥ s € §,a < A, arbitrarily except

that (}s,.) =0, ¥V s £ §,, and Q(5,.) =10

2 Loop for each episode:

3 Si, +—1

4 Loop for each step of the episode:

5 Choose A, from S; using e-greedy policy
derived from
Take action A; and observe I, ;.5 .,
if 5,,, =G then
11 Q(S{, Ag,j —
QS5 Ae) + &[RH] + RC — Q(ShAt)]
9 break
10 end
11 else if 5y, £ 5, then
12 QS Ay) +
Q(St, Ae) + a[Repa — 1 — Q(Se, A)]
13 break
14 end
15 else
16 Q(S{, A;j — Q{Sﬂ_, AL} =+ o [RH.] +
ymax, Sy, a) — Q{ShAt}]
17 S{ — -S‘L+1
1% end
19 end
2 end
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Discrete State Space: Risk Estimation of g™ Alrithm 2: Modiicd ThO)

Input : 7 synthesized from Algorithm 1
Parameters: step size o € (0,1, v =1
1 Initialize V(s), ¥ s € S arbitrarily except that

1.0 V(s)=0.¥se8,. and V(G) =0.
2 Loop for each episode:
3 Sp, + 1
0.8 4 Loop for each step of the episode:
5 A¢ — Fr*l:Sg,}
0.6 I3 Take action A; and observe 5;.,
- 7 if 5.., = & then
o $ V(Sy) « V(S:) — a[V(S:)]
0.4 9 break
10 end
11 else if 5;,,; € &, then
0.2 12 V(S:) « V(S:) +a[l —V(S)]
13 break
0.0 14 end
0 20000 40000 60000 80000 100000 15 else
Epsiodes 16 V(Se) < V(St) +aly V(Sis1) = V(Si)]
17 St — S¢+1
Convergence of Py, for 7 = 15 and 7 = 50 with one standard 18 d"'“d
deviation. Poloen

w end
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Continuous State Space: Function Approximation

Linear function approximation
- Polynomial features: z(s)=[1 21 z =z

» Tile coding
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Algorithm 3: Modified semi-gradient SARSA

Continuous State Space: Policy Synthesis e (m)pm';m}
Parameters: steI; E:.:th a:ew(Dfl]s,,:> 0, rewards

MRGE p=0,v=1.

— gE: ‘E";’ 1 Initialize value-function weights wy, € R? arbitrarily
: (e.g.. wy, =0)
- —m 2 Loop for each episode:
T T 3 S+ 1
S-1n 5 - 4 Choose Ay, from Sy, using e-greedy policy
derived from §(5;,, ., wy,)
i i 5 Loop for each step of the episode:
B Qi:' :"3 6 Take action A; and observe R, ,,5;.,
a(l. E) 7 if Sit1 € Sg then
00 -Ll'ﬂ?fg;wulri‘:'-!{lﬂ SO0 10000 ] 20 -m::tg:mu::'-:nn SO0 100 8 Wy 4wy 4+ Q[R¢+l L RS _
é{sts At‘. wt)]z(‘s‘t‘. At)
9 break
(a)' n= 15 (b) = 70 10 end

11 else if 5, € S, then

12 Wiy +—
wy+a[Rip—n—§(Se, Arwi) | 2( Sy, Ar)
break

13 end

14 else

15 Choose A;; from S;.; using e-greedy
policy derived from §(Spo1, ., wy)
Wiyl — Wi + O:[Rf,+1 + 7 G(Sta1, Qeqr,we)

(@) n=15 ) n="10 — G(Se, A, wi)]|T(Se, Ay)
Fig. 7. 100 sample trajectories generated using 7* for n = 15 and 5 = 70. 16 St +— Se1
. . . Th j i lor-coded: th i he f i
No noise trajectories for = 15and =50 X REHSRNURGNEREL oot )| A
18 en
19 end

2 end
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Continuous State Space: Risk Estimation of ;7™ _Atseritim & Modifed semi gradient To0)

Input : m* synthesized from Algorithm 3, a
differentiable linear state-value function
1.0 parameterization (s, w) = w” 2(s)
n=15 Parameters: step size o € (0,1], y=1
1 Initialize value-function weights w,, € R? arbitrarily
n =70 0
0.8 (e.g, wy, =0)
2 Loop for each episode:
3 Si, 1
~ 0.6 4 Loop for each step of the episode:
= 5 Ay ¢ m(5)
0.4 6 Take action A4; and observe Sy,
7 if S;r1 € S then
3 Wy +— Wy — aD(S,w) 2(5;)
0.2 9 break
10 end
i1 else if S;,, € S, then
0.0 b
0 20000 40000 60000 80000 100000 . el e [ = 0(Se,we)]=(S,)
Epsiodes 13 end
14 else
) . ) 15 Wi +—
Convergence of Pjgy; for n = 15 and n = 50 with one standard . S‘”i_ +5f" [YD(Seq1,we) — (S, we) |2 (Sy)
s t t4+1
deviation. n end
18 end

19 end
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