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Summary

Motivation
» Risk-averse objectives are important in critical applications
» The total reward criterion (TRC) is a natural and popular objective
» When risk averse: discounted and total return objectives differ!

Limitations of existing methods

» The optimal policy of some common risk-averse discounted objectives must be
history-dependent or at least time-dependent

» Assume that the dynamic model is known
Contributions
» Stationary optimal policies for ERM-TRC and EVaR-TRC

» Algorithms: ERM-TRC Q-learning algorithm, EVaR-TRC Q-learning algorithm

Monetary Risk Measures

» Entropic Risk Measure (ERM) is a popular risk measure, with good dynamic properties,

for a risk level 5 > 0,

ERM;[%] = —37" - log Elexp (—%)]
» Entropic Value at Risk (EVaR), defined as, for a given risk level o € (0, 1),
EVaR, [%] = sup—B 'log (o 'E[exp (—f%)]) = supERMg[%] + 8 'loga
>0 >0

5 obstacles

» Capture the concept of stochastic termination
» Does not discount future rewards

» Objective:

t—1

sup liminf E™#
t—o0

r(Sk, dk, Skr1)
mellyr k=0

Scenarios of Previous Work and This Work

Model-based Model-free

ERM Bellman operator

(Bsq)(s, a) :== ERME’S [r(s, a,51) + max q(51, a’,B)] , VseS,ae A, peB,qge Q.

Theorem: assume some 3 € B and suppose that gj(s, a, 3) > —o0,Vs € S,a € A.
Then g5 is the unique solution to

q; — Bﬁqu where qg — q*('a 75)

Use the elicitability property of ERM to define the Bellman operator

N\

(Bra)(s.a) = argminE?* |6, (r(s,.5) + maxa(5. 8. 9) ~y ) | Vs € S.a€ A
yeR a

Equivalence of two Bellman operators: for each 5 > 0 and g € Q, we have that

Bsq = Bsq.

ERM-TRC Q-learning Algorithm

» Standard Q-learning algorithm

Giv1(5, 8) = Gi(5,8) — 7:2, Z =r(5,5,5)+ max Gi(5;,a") — Gi(5:, ).

» ERM-TRC Q-learning algorithm

Algorithm 1: ERM-TRC Q-learning algorithm

Input: Risk levels B C R, |, samples: (3;, a;, §,), step sizes 7;,7 € N, bounds 2zumin, Zmax
QOutput: Estimate state-action value function g;
1 qo(s,a,8)« 0, VseS8S,acA;
2forieN,seS,aec A, 3 e Bdo
if s = 5; A a = a; then
EI{JB) — r("’.'l i, E:) + mMax, « 4 éz{qiv a'r': JB) - @‘E (,g! a, -B) 5
if (zmin < Z(8) < zZmax) then return ¢; 1 (s, a, 5) = —oo;
Git1(5,a,B) < Gi(s,a,8) — ;- (exp (=B - Z(B)) — 1) ;
else ¢i11(s,a,8) < qi(s,a,5);

» Convergence theorem: for 5 € B, assume that the sequence (7j;);—, and (5, &;, §)%,

in the above algorithm satisfies Assumption 4.1 and step size condition

e o0

~ ~2
Y =00, Y i < oo,
i=0 i=0

where i € {i € N | (§,3;) = (s,a)}, if Zi € [Zmin, Zmax] almost surely, then the sequence
(Gi)>2, produced by the above algorithm convergences almost surely to g, such that
o — Bﬂqoo-

Previous Work and Risk-averse Q-learning

Previous work [su2025]
Scenario Model-based Model-free
TRC v v
Objective ERM, EVaR ERM, EVaR
Model-free approach X v

Convergence proof of
proposed algorithms  weighted-norm contraction monotonicity, boundedness condition

Risk-averse Q-learning

Optimal Policies and Simulated Returns

» EVaR risk level @« = 0.2 and a = 0.6 on cliff walking domain

Optimal policy (v = 0.2) Optimal policy (o = 0.6)

> — } b — |4
= Pl
> — 4
T 1
1d 1 l
c g

probability

1

0 [289°8 0-000000--799988 - - - o

1
J ]
—0.5 0.0 0.5 1.0 1.5 2.0
return

» EVaR risk level o = 0.2 on cliff walking domain

1.5

-
o

EVaR value

EVaR value difference

|
e
o

[ mean-std . : ‘ :
I 1.0 x 10" 2.0 x 10" 3.0 x 10"

| |
1.0 x 10" 2.0 x 10" 3.0 x 10"

number of samples number of samples




