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ABSTRACT

Partially Observable Markov Decision Process (POMDP) is
a popular framework for planning under uncertainty in par-
tially observable domains. Yet, the POMDP model is risk-
neutral in that it assumes that the agent is maximizing the
expected reward of its actions. In contrast, in domains like
financial planning, it is often required that the agent de-
cisions are risk-sensitive (maximize the utility of agent ac-
tions, for non-linear utility functions). Unfortunately, ex-
isting POMDP solvers cannot solve such planning prob-
lems exactly. By considering piecewise linear approxima-
tions of utility functions, this paper addresses this shortcom-
ing in three contributions: (i) It defines the Risk-Sensitive
POMDP model; (ii) It derives the fundamental properties
of the underlying value functions and provides a functional
value iteration technique to compute them exactly and (c) It
proposes an efficient procedure to determine the dominated
value functions, to speed up the algorithm. Our experiments
show that the proposed approach is feasible and applicable
to realistic financial planning domains.
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1. INTRODUCTION

Recent years have seen an unprecedented rise of interest
in autonomous agents deployed in high-risk domains ranging
from military operations and planetary exploration [4] to au-
tonomous trading [9]. Simultaneously, research in devising
optimal planning policies for these agents has progressed sig-
nificantly. Partially Observable Markov Decision Processes
(POMDPs) [16] in particular have received a lot of attention,
due to their ability to handle sequential decision making, the
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Figure 1: Expected Utility maximization vs Ex-
pected Value maximization.

uncertainty of the outcomes of agent actions and the uncer-
tainty of the agent observations of the environment.

Yet, POMDP solvers [7, 8, 12, 14, 15, 17, 18] typically
maximize the expected reward of agent actions. In contrast,
in high-stake domains such as financial planning, agents are
often required to maximize the expected wutility of their ac-
tions, for non-linear utility functions that characterize the
agent attitude towards risk [19, 2]. To date, only [10, 11]
have demonstrated how to solve planning problems where
risk-sensitivity is expressed via utility functions, yet, only
for problems characterized by fully observable environments.

In this paper we address these shortcomings by first defin-
ing Risk-Sensitive POMDPs. Next, by considering piecewise
linear approximations of utility functions, we provide a func-
tional value iteration method to compute the value functions
exactly, by exploiting their piecewise bilinear properties. Fi-
nally, to speed up the algorithm, we show how to find and
prune the dominated value functions using efficient approx-
imations to the underlying non-convex bilinear programs.

2. MOTIVATION

In this section, we provide an illustrative example from a
typical financial planning scenario to motivate risk sensitive
planning in partially observable domains. In this example,
we need to take a decision on whether to invest the current



wealth of $1000. This decision has to be made considering
that the state of the market is uncertain, 20% good and
80% bad and the return on investment is also uncertain.
Figure 1 provides further details on this example setting.
In this example, for purposes of exposition, we focus on a
single decision. However, in general and in our experimen-
tal section, we consider problems where a sequential set of
decisions need to be made.

There are two ways to make decisions in such settings:
(a) Expected value maximization: This is the risk neutral
way to make decisions, i.e., by not considering that people
have various attitudes towards risk. Thus, there is always
the same decision made by this method. As shown in Fig-
ure 1, maximizing expected value provides a decision to not
invest; (b) Expected utility maximization: This mechanism
is sensitive to the risk attitude of the person and as shown
in the figure, depending on whether the person is risk seek-
ing (utility function 1) or risk averse (utility function 2), the
decision appropriately changes.

Such reasoning is required in many high stakes domains
such as disaster rescue, mars exploration, gambling where
the utility functions are non-linear and the decisions made
should be sensitive to the risk attitude. In fact, in our ex-
perimental results section, we experimented with extensions
to the illustrative problem above.

3. RISK-SENSITIVE POMDPS

Utility theory [19] defines utility functions as transform-
ing the current wealth of the agent (its initial wealth plus
the sum of the immediate rewards it received so far) into
a utility value. The theory postulates that the shape of
the utility function can be used to define the agent atti-
tude towards risk. To compute optimal policies for such
risk-sensitive agents, acting in partially observable environ-
ments, we are interested in solving finite horizon POMDPs
that maximize the expected total utility (as opposed to ex-
pected total reward) of agent actions. On account of being
sensitive to risk attitudes, we refer to these planning prob-
lems as Risk-Sensitive POMDPs and formalize them as fol-
lows: S is a finite set of discrete states of the process and A
is a finite set of agent actions. The process starts in some
state sop € S and runs for N consecutive decision epochs. In
particular, if the process is in state s € S in decision epoch
0 <n < N, the agent controlling it chooses an action a € A
to be executed next. The agent then receives the immediate
reward R(s, a) while the process transitions with probability
P(s'|s,a) to state s’ € S at decision epoch n + 1. Other-
wise, in decision epoch n = N, the process terminates. The
utility of the actions that the agent has executed is then a
scalar U(wo + Zf;ol rn) where wo is the initial wealth of
the agent, U is the agent utility function and r,, is the im-
mediate reward that the agent received in decision epoch n.
The goal of the agent is to come up with a policy n that
maximizes its total ezpected utility E[U(wo + >~ rn)|7].

What further complicates the agent’s search for 7 is that
the process is only partially observable to the agent. That
is, the agent receives noisy information about the current
state s € S of the process and can therefore only maintain
the current probability distribution b(s) over states s € S
(referred to as the agent belief state). When the agent exe-
cutes some action a € A and the process transitions to state
', the agent receives with probability O(z|a, s") an observa-
tion z from a finite set of observations Z. The agent then
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uses z to update its current belief state b, as shown later. In
the following, B denotes an infinite set of all possible agent
belief states and by € B is the agents’ starting belief state
(unknown at the planning phase). Also, W := Ug<n<nW"
is the set of all possible agent wealth levels where W™ de-
notes the set of all possible agent wealth levels in decision
epoch n. For the initial range of agent wealth levels W° :=
[w®, @°] we determine W™ = [w",w"] where w™ = w" ™! +
minses,aca R(s,a) and w" = W™ 4 maxses,aca R(s,a),
for n = 1,...,N. (Notice, that W° c W' c ... ¢ WV))
A policy 7w of the agent therefore indicates which action
m(n,b,w) € A the agent should execute in decision epoch
n, belief state b, with wealth level w, for all 0 < n < N,
be B, we W

4. SOLVING RISK-SENSITIVE POMDPS

We first show how value iteration [3] can be used to find
the optimal policy 7. However, due to the continuous na-
ture of belief and wealth space, it is not practical to solve
Risk-Sensitive POMDPs with value iteration techniques (em-
ployed to solve POMDPs). To address this issue, we intro-
duce one of the key contributions of this paper: a functional
value iteration technique to solve Risk-Sensitive POMDPs.

4.1 Value Iteration

Since the value function has to be sensitive to the risk
attitudes (dependent on the current wealth), while also ac-
counting for sequential decision making under uncertainty
(both observational and transitional), we cannot employ the
same value function definition as expected value POMDPs.
We denote by V{7(b,w) the maximum expected utility for
the agent if its starts acting in decision epoch n in belief
state b with wealth level w. The agent maximizes V{7 (b, w)
by executing an action 7*(n, b, w) that is computed by:

arg I;lgg{ {Z P(z|b, a)V[?'H (T(b, a,z),w + R(b, a))} (1)

z€Z

where P(z|b,a) = ,cq O(zla,s") 3, o5 P(s']s, a)b(s) is the
probability of observing z after executing action a from belief
state b, R(b,a) := > .4 b(s)R(s,a) is the expected imme-
diate reward that the agent will receive for executing action
a in belief state b and T'(b,a, z) is the new belief state of
the agent after executing action a from belief state b and
observed z. Formally, for each s’ € S it holds that: [16]
T'(b,a,z)(s") = [O(z]a, s") /P(z]b,a)] ZSES P(s']s,a)b(s).

Hence, to find the optimal policy, 7*, value iteration must
calculate values V{7 (b,w) for all 0 < n < N, b € B, w €
W'™. Value iteration calculates these values for n = N, N —
1,...,0. Specifically, for n = N the process terminates and
thus

Vo' (b, w) = U(w)
for all w € WY, b € B. Otherwise, for all 0 < n < N,
Vi (b, w)
_ n+1
= max O P, o)V (T (b, a,2), w+ R(b,a))}. (3)

z2€Z

(2)

for all b € B and w € W™. In the following, we group
values V{7 (b, w) over all (b,w) € B x W into value functions
Vi i BxW — R, for each 0 < n < N. Note, that computing
value functions V7 from value functions V7t exactly may
be hard because B and W are infinite. In addition, POMDP



solution techniques—that already handle an infinite B—are
not applicable for solving Risk-Sesitive POMDPs as they do
not handle an infinite W.

4.2 Functional Value Iteration

We now provide a functional value iteration technique for
solving Risk-Sensitive POMDPs exactly. This technique
backs up utility functions (unlike just reward values in
value iteration) defined on the wealth over the entire time
horizon. The key insight of this technique is to iteratively
construct the finite partitioning of the B x W search space
into regions where the value functions can be represented
with point based policies. To this end, denote by Z™ a set
of agent observation histories of length less than n. Also,
for each decision epoch 0 < n < N, we define a point based
policy 7" as a function

e ZNTr S A (4)
and the expected utility to go of #™ at some belief state and
wealth level pair (b,w) € B x W™ as a value:*

(™) (b, w) = E[U(w + 2 )77, bo = b]).

n’/=n

()

Let {7} }icr(n) be a collection of point-based policies such
defined, for a decision epoch n. It is then obvious that any
policy 7 can be represented as some (possibly infinite) col-
lection of point-based policies. For example, to represent
7 in decision epoch n we may maintain a different point-
based policy 7j* for each (b,w) € B x W". In particular,
to represent 7* in decision epoch n we may need to main-
tain a different point-based policy arg max» v{7;") (b, w) for
each (b,w) € B x W". Fortunately, (as we show below) a
finite collection {#]'},cs(n) is sufficient to represent 7™, for
each 0 < n < N. That is, there exists a finite partitioning
{Vi" Vier(n) of BXx W™ and a finite collection {#;" };cr(n) such
that v(m}") (b, w) = V{} (b, w) for all (b,w) € V;".

We now show how to find such finite collections {#}"};cr(n)
for 0 < n < N that represent 7*. Our technique assumes
that the utility function U(w) is piecewise linear over w €
whN (or, that it has already been approximated with a piece-
wise linear function with a desired accuracy). Specifically,
we assume that there exist wealth levels QN =w; < ... <
wg = w" and pairs of constants (C1,Dr),...,(Ck,Dk)
such that U(w) = Crw + Dy, for all w € [wi, wr41) over all
1<k<K.

For such U we now claim that, for all 0 <n < N:

1. The value function V{7 can be represented by a finite
set of functions {v(7}") }icr(n). That is, there exists a
partitioning {V;"' }icr(n) of B x W™ and a set of point-
based policies {7} };cr(n) such that for all (b,w) € B x
W™ there exists ¢ € I(n) such that (b,w) € Y;' and
Vi (b,w) = o) (b, w) = maxr e r(n) v(7) (b, w).

. For all i € I(n), v(n}") is piecewise bilinear. That is,
there exists a finite partitioning {B x W}y }ker(n,i) of
B x W™ such that W' is a convex set and for all
(b.w) € Bx Wiy, v(#)(b,w) = 3,cq bls) (el w +
diy.s), for all k € I(n,i);

Note, that v(#]")(b,w) is a function over B x W".
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3. For all i € I(n), v(7}") can be derived from the set of
functions {v (7} ) }irern1)-

We prove claims 1,2,3 by induction on n = N,...,0. (The
reader only interested in implementing our algorithm may
wish to only implement the operations given by Equations
(19), (9), (21), (24)—in that given order.)

Induction base: Assume n = N. Let Y = B x WY,
I(N) := {0} and 7}’ be an arbitrary policy. Because at
decision epoch N the process terminates, it holds for all
(b,w) € Y§' that (from Equations (2) and (5)) Vi (b,w) =
Uw) = E[U(w)] = EU(w + Y04 )i, bo = b]) =
v(7g ) (byw) = max;er(ny v{7) )(b,w), which proves claim
1. Furthermore, to prove that v(7}’) is piecewise bilin-
ear, let I(N,0) := {1,..., K} and W, := [wk, wi+1), k €
I(N,0). Clearly, {B x Wé\fk}kel(N’o) is a finite partitioning
of B x W" and sets W(',,k € I(N,0) are convex. In ad-
dition, v(7)(b,w) = 3, b(s)(Crw + Di) = Crw + Dy, for
all (b,w) € Bx Wiy, k € I(N,0) and hence, v(73’)(b,w) is
linear—thus also piecewise bilinear—over (b, w) € B x WV,
which proves claim 2. Finally, claim 3 holds because we con-
structed v(7g’) without even considering the set of functions
{v(EJ ™ }rer(v41) and our choice of 7y was arbitrary. The
induction thus holds for n = N.

Induction step: Assume now that the induction holds for
n + 1. Our goal is to prove that it also holds for n. To this
end, recall from Equation (3) that V7 (b, w) is calculated by

max {ZEZZ P(z|b,a)V} T (T (b, a,2),w + R(b,a)) }.

We break this calculation into five stages. First, we calcu-
late V{7, . (b,w) := Vl?"'l (T(b, a,z), w) where V&L'H is repre-
sented by {U(ﬁ?+1>}¢€ I1(n+1) from the induction assumption.
Next, we derive Vi ,..(b,w) P(z]|b,a)V{} 4. (b,w) and
then V{7, (b,w) := > ., Via.2(b,w). Finally, we derive
Via(b,w) := Vit 4(b,w + R(b,a)) and conclude the proof of
the induction step by deriving V{7 (b, w) := maxaeca VTUL@ (b, w)
where V77 is represented by {v(7]") }icr(n)-

Stage 1: Calculate V}, . (b,w) := V3T (T (b, a,z),w).

From the induction assumption, VJL“ is represented by
a finite set of functions {v(#]™")}icr(ns1), corresponding
to point-based policies 7;,i € I(n + 1), and each v(7]™")
is piecewise bilinear. We now prove that V{7, .(b,w) :=
A (T(b7 a,z), w) can be represented by a finite set of func-
tions Vg . = {vg ..i}ici(nt1) derived from a collection of
functions {v{(7? ") }icr(n+1) and that each function v, ; is
piecewise bilinear. To this end, define a finite partitioning
{Va ziYicrtnsr) of B x W' where

Vaoi={(bw) € Bx W o) (T(b, a, 2), w)
.n+l>(T(b7 a, Z)vw)}

max v (7w,
i’ €l(n+1)

(6)

and a finite set of functions V7' , = {v; . ;i }icr(nt1) Where
v i(byw) == (AN (T (b, a, 2),w) (7)

for all (b,w) € B x W™ Tt is then true that for all
(b,w) € B x W™ there exists i € I(n + 1) such that
(byw) € Vi, and vy, ;(byw) = v(ETYNT(b,a, 2),w)



max; v(7 TN (T(b,a, z),w) = Vi TH(T(b,a,2),w) =
Thus, V{7, .(b,w) can be represented by a finite set of func-
tions V', = {vy ».i }ier(n+1) derived from {’U<7’r;~n+1>}i€[(n+1).
In addition, each vy ., is piecewise bilinear as proven by
Lemma 1 in the Appendix.

Finally, notice that if function vy . ; € V, . is dominated
by other functions va .it € Va.z, L., if for any (b,w) € B x
W' there exists i’ € T(n+1),4 # i such that Vg 21 (byw) <
vy (b,w) then (from definition (6)) Vi ., = 0. In such
case (to speed up the algorithm) vy . ; can be pruned from
Ve . and Vg . ; be removed from {7 ., ;}icr(nt1) as that will
not affect the representation of V{7, .. (How to determine if
a function vy, . ; is dominated is explained later.) The value
functions V7, . (b, w) can thus be represented by a finite sets
of piecewise bilinear functions V; . = {vg . ; }ic1(n,a,-) Where
I(n,a,z) C I(n+1).

Stage 2: Calculate V?],a’z(b,w) = P(z|b,a)V}, . (b,w).
Consider the value functions V{7, . (b, w) represented after
stage 1 by finite sets of piecewise bilinear functions Vg . =
{va 2, }ier(n,a,)- We now demonstrate that the value func-
tion Vi 4. (b,w) := P(2|b,a)V{},..(b,w) can be represented
by a set of piecewise bilinear functions V;Z = {0, ...} ici(n,a,2)
where

UZ,z,i(b7 w) = P(Z|bv a)vg,z,i(b7 w) (8)

for all (b, w) € Bx W™, Indeed, since {Va ziticin,a,z) is a
partitioning of Bx W™ (from definition (6)), it holds for all
(b,w) € B x W™ that there exists i € I(n,a, z) such that
(byw) € Vi.; and Vi, .(bw) = P(zlb,a)Vi, . (b, w)
P(z|b,a)v, , ;(b,w) = Uy, ;(b,w). Furthermore, each func-
tion Uy ,; is plecewise bilinear over (b,w) E B x W™ be-
cause for the existing partitioning {B x W % }kez(nﬂ iy of
B x W™t it holds that

ﬁz,z,i(bfw) = P(Z|b7 a)Ug,z,i(b7 w)
a) Y b(s)(cpiiw + dty)
seES
= S ue)Etrw+dity) 9)
sES

for all (b,w) € B x VV"+1 k € I(n + 1,i) where E:,’f,’f =
P(z|b,a)c e

ks and d, ), = P
Stage 3: Calculate V{7, (b, w) := Zzezvg’a’z(b,w). Con-

ey (z[b, a)dgff are constants.
sider the value functions V&mz represented after stage 2 by

. . oy . I -
the sets of piecewise bilinear functions V, , = {Us . i }ic1(n,a,z2)-

We now show that V77, can be represented with a finite set
of piecewise bilinear functions V; = {vg;}icr(n,qe) derived
from the sets of functions VZ,Z = {0y ..} icr(nya,z2): 2 € Z. To
this end, let i := [i(z)].ez € I(n,a) denote a vector where
i(z) € I(n,a,2),z € Z. For each such vector i € I(n,a)
define a set

Yoi= ﬂ Vi 2 i(2) (10)
z2€Z
and a function
Ug,i(b7 w) = ng,z,i(z) (ba w) (11)
z2€Z
for all (b,w) € B x W"''. To show that V{7, can be rep-
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Vit a,=(b,w). resented with a set of functions V' = {vg; }icr(n,a) We first

prove that {V; }icr(n,a) is a finite partitioning of Bx W™t
To this end, first observe that Vg’ ; N Y5y = 0 for all i,i’ €
I(n,a),i # i'. Indeed, if i # i’ then i(z) # i’(z) for some
z € Z. Thus, if (b,w) € Vi; N Y5y then in particular
(byw) € V7. i) N Vi . (- Which is impossible because
Ve ity Vi L2y = 0 for i(2) # i (2) (from definition (6)).
Also, if (b,w) € B x W™T! then for all z € Z there exists
some i(z) € I(n,a,z) such that (b,w) € Yy _ ;) (from defi-
nition (6)). Hence, for the vector i := [i(2)].ez € I(n,a) it
must hold that (b,w) € M, Vi . iz) = Vai

We then show that V{7, can be represented with a set of
functions Vg = {vy ;}ici(n,q) as follows: Since {V7';}icr(n,a)
is a partitioning of B x W™, for each (b,w) € B x W"*?
there exists i = [i(2)].ez € I(n,a) such that (b,w) € Vi';
and V(ﬁa(bvw) = ZzEZ VTUL,GYZ(bv w) = EzEZﬁg,z,i(z)(IL w) =
Vg 1(b,w). In addition, each function v ;(b, w) is piecewise
bilinear as proven by Lemma 2 in the Appendix.

Finally, notice that if function v, ; € V,' is dominated by
other functions vy ;, € V' then V;'; = 0. Precisely, for any
(b,w) € Bx W™ if there exists some other function Vi €
Ve such that vy ; (b, w) < vg i/ (b, w) then (from definition 11)
T zi(2) (0, W) <0y i (b, w) for some z € Z and obviously
(from definition (9)) vy . ;) (b,w) < vy . y(.)(b,w) which
implies that (from definition (6)) (b,w) € V; . i,y and ob-
viously (from definition (10)), (b,w) € Vg';. Therefore (to
speed up the algorithm) if function UZ‘ ; € V2 is dominated
by other functions v ;, € Vg then vy ; can be pruned from
V. and set V,'; be removed from {ya i ficI(n,e) as that will
not affect the representation of Vi7,. (How to determine if
a function vy ; is dominated is explained later.)

Stage 4:
Calculate Vg,a(b, w) = V{7 .(b,w + R(b, a)).

For notational convenience in this stage (but without the
loss of precision), we denote vectors i,k defined in stage
3, as i, k. Recall that W" is the set of all possible wealth
levels at decision epoch n and that W™~ = [w™ !, w" '] C
[w™, @"] = W" where w" = w™ ™" + minses,oca R(s,a) and
w" =w" ! +maxses,aca R(s,a), forall 1 <n < N. Hence,
we only have to calculate the values Vy; , (b, w), (b,w) € B x
W™, from the values V{7, (b,w+ R(b,a)), (b,w) € Bx W
To this end, we show how to represent VTUL,a(b, w), (byw) €
B x W" with a finite set of piecewise bilinear functions V, =
{Ua,; : BXW"™ — R}icr(n,q) derived from the set of piecewise
bilinear functions V' = {vy ; : B x wntt R}icr(n,a) from
stage 3. Formally, for each i € I(n,a) define a set

?ZI = {(b, w) € B x W" such that

(b,w + R(b,a)) € Y} (12)

and a function
@:J(b, ’LU) = U;L,i(b7 w + R(bv a)) (13)
To show that VTUL@ can be represented by {V,, = {Ua.: Yiern,a)
we first need to prove that {?Z,i}ie,(n,a) is a finite parti-
tioning of B x W". Indeed, if (b,w) € ?Zl N ?ZJ for some
i,j € I(n,a) then (b,w+R(b,a)) € Vs ;NYs; and thusi = j
because {V; ;}icr(n,a) is a partitioning of B x Wt (from
stage 3). In addition, for any (b, w) € B x W™ we have that
(b,w + R(b,a)) € B x W' (because minses aca R(s,a) <
R(b,a) < maxses,aca R(s,a) and thus, (b,w + R(b,a)) €



Ve for some i € I(n,a), which implies (from definition
(12)) that (b,w) € Y, ;.

We then show that V&a(b,w) can be represented for all
(b,w) € BxW"™ with the set of functions V= {Ua.iticrn,a)
as follows: Since {?Z,i}ie,(nﬁa) is a finite partitioning of B x
W, for all (b, w) € BxW" there exists i € I(n,a) such that
(b,w) € By ; x W, ; and Vi 4 (b, w) := Vi, (b, w+ R(b,a)) =
vy i(b,w + R(b,a)) = U, ;(b,w). In addition, each function
Ug,i(b,w) € V., is piecewise bilinear over (b,w) € B x W"
and can be derived from vy ; € V', as shown in Lemma (3)
in the Appendix.

Stage 5:
Calculate V{7 (b, w) := maxaea V.o (b, w).

Consider the value functions VZ’G represented after stage
4 by the set of piecewise bilinear functions V,, = {Ua,: Yicr(n,a)-
To conclude the proof of the induction step, we show how
to represent V7 with a finite set of piecewise bilinear func-
tions V" = {v(7(l, 1)) }(a,i)er(n) derived from functions from
sets V,,a € A. To this end, let I(n) := {(a,i)|a € A,i =
[i(2)]:ez € I(n,a)}. For each pair (a,i) € I(n) then define
a set

Yoy = {(b,w) € BxW" | Tg ;(b,w)

(a/,?’l)aé)in) Va’ i/ (b7 ’LU)} (14)
and a point based policy #Zla,i) according to which the agent
first executes action a € A and then, depending on the ob-
servation z € Z received, follows the policy 7%{21)1 given by
the induction assumption.

Clearly, {y(’;,i)}(a,i)e,(n) is a finite partitioning of B X
W". Thus, for all (byw) € B x W" there exists some
(a,i) € I(n) such that (b,w) € YV ; and Vi (b,w) =

maXg/eA V?f,a’ (b7 w) = aX(q’ i’YcI(n) EZ’,i(b7 w) = 5Z,i(b7 w) =

V(T (o.1)) (b, w) (the last equality follows directly from def-
initions (13) (11) (8) (7)). Therefore, V{7 can indeed be
represented by a finite set of piecewise bilinear functions
Vr = {1)<7'T?a7i>>}(a’i)€](n) = {F’g’i}(a’i)ej(n) derived (through
stages 1,2,3,4,5) from functions {v(#%*")}icr(ni1), which
proves claims 1, 2 and 3 of the induction step and the whole
proof by induction.

Finally, notice that if a function v(7(, ;) € V" is dom-
inated by other functions v(7(,, ;) € V", ie., if for all
(b,w) € Bx W™ there exists some v (7, ;) € V" such that
{7 5)) (byw) < v{7l, 1)) (b,w) then Vi, ;) = 0. In such
case, (to speed up the algorithm) v(7(, ;) can be pruned
from V" and y(’fm) be removed from {yg;,i)}m,i)e,(n) as that
will not affect the representation of V{7. (How to determine
if function v(7(, ;)) is dominated is explained in the next
section.)

S. PRUNING THE DOMINATED BILINEAR
FUNCTIONS

In stages 1,3,5 of the proof by induction we indicated the
possibility to speed up the algorithm by pruning from a set of
piecewise bilinear functions these functions that are jointly
dominated by other functions. The goal of this section is
then to show how to quickly and accurately identify if a
function is dominated or not. Formally, for a set of piecewise
bilinear functions V = {v; : B X W — R}ic; we now show
how to determine if some v; € V is dominated, i.e., if for

1361

all (b,w) € B x W there exists v; € V, i # j such that
v (b, w) > v;j(b,w).

Let v; € V be piecewise bilinear over Bx W, i.e., there is a
partitioning {B X Wi i }1<k<x (i) of Bx W such that set W
is convex and wv;(b,w) = > ¢ pw +d;y for all (b,w) €
BxW;k, 1 <k < K(i). Thus, there must exist wealth
levels w = w; o < ... < wix < ... < wjxi) = w such that
Wik = [wik—1,w;x] for all 1 < k < K(i). In determining
whether v; € V is dominated we first split functions of V into
functions defined over common wealth intervals. Precisely,
let W = {wr}o<k<r = Uje{wirti<k<r@) be a set of
common wealth levels where w = wo < ... < wp < ... <
wg = w. For all (b,w) € BX [wk—1,wk], 1 <k < K we then
represent v; (b, w) with v; k(b w) := > ¢ G yw +d; , where
Gy =G, Eik = Ef,k, for k' such that w € [w; g1, w; 1],
for all i € I.

v; € V is then not dominated if there exists 1 < k < K
and (b,w) € B X [wk—1,ws] such that for all v; € V, i # j
it holds that v; (b, w) < wvjr(b,w). That is, if for some
1 < k < K there exists a feasible solution (b, w) to Program

vik(b,w) —vix(b,w) >0 Vv, €V
Wr—1 < W < wy (15)

Ysesb(s) =1
also written as

ZSGS b(s)(c;;j,W+di ;i x) >0 Yu, €V

max 0

max0| wr_1 < w < wy (16)
Zses b(s) =1
where b = [b(s)]ses is a vector, ¢; ;) = €j — ¢, and

d; ;. = E;k — Efk Unfortunately, Program (16) is hard to
solve exactly, because of non-linear, non-convex constraints
ZSES b(S)(CijykW + di]’k) > O, v; € V.

5.1 Error-free Pruning

Observe that, by relaxing the constraints of Program (16),
we can only increase the chance of finding a feasible solution
(b,w) i.e, only decrease the chance of pruning v; from V.
Therefore such a relaxation does not violate the optimality
of the algorithm but rather, may result in keeping in V some
of the dominated functions, which may slow down the algo-
rithm. A relaxation that we propose approximates Program
(16) with a linear program

ZSGS x(s)ei jx + b'(s)df,jyk >0 Vv, eV
max0| b'(s)wr—1 <x(s) <b'(s)wr, VseS (17
Deesb'(s) =1

where b’ = [b’(s)]ses and x = [x(s)]ses are vectors. Pro-
gram (17) relaxes Program (16) because for any feasible so-
lution (b, w) there exists a corresponding feasible solution
(b’ :=b,x :=bw). Indeed, if 3 _sb(s)(c] ;W +d; ;1) >
0 in Program (16) then > _¢b(s)wci,, +b(s)d;;, > 0
and thus, Y- sx(s)¢] ;x +b'(s)d; ;. > 0 in Program (17),
for all v; € V. Next, if wp—1 < w < wi in Program
(16) then for all s € S, b(s)wr—1 < b(s)w < b(s)ws
and thus b'(s)wr—1 < x(s) < b'(s)wk in Program (17).
Finally, if >7 _¢b(s) = 1 then > _ b'(s) = 1. Con-
versely, a feasible solution (b’,x) may not imply a corre-
sponding feasible solution (b, w). Specifically, even though
Yses X(8)¢i i x +b'(s)d; ;. > 0 in Program (17) implies
that 37 s b'(s)([x(s)/b'(s)]¢5 ;. +d5 ;1) > 0, all the ratios



[x(s)/0'(s)],s € S would need to be equal to some unique
wr—1 < w < wy, for Y3 o b (s)(¢] j W +d5 ;) > 0 to hold.

Because Program (17) relaxes Program (16), its decision
to not prune v; from V—a result of finding a feasible solution
(b’,x)—may be too conservative. However, as we now show,
the smaller the wealth interval [wi—_1, wi], the more accurate
Program (17) becomes, that is, the greater the chance that a
feasible solution (b, x) implies a feasible solution (b, w). To
see it, for a given feasible solution (b, x), let (b :=b’,w :=
wk—1) be a candidate solution to Program (16). Clearly
Y sesb(s) = 1 and wp—1 < w < wy. In addition, for all
v; € V it holds for C{"** := maxses |cfjk| that

(Wi — we—1)C + > " b(s)(c] ;W +d5 5 )
seS
= b (s)(wp — we—1)CP + > b (s)(c] W +d5 1)
ses seS

> D (x(s) = b (S)wp—1)ef j i + DB ($)(€F ;oW + 5 )
seS seS

= Z x(8)¢f ; p — B/ (Hwg—16] ;1 + b (S)wg_1¢7 ;1 +b'(s)dF ;

= Z x(s)cg ; p + b/ (8)d5 ;5 >0
seS

and thus, limuw, —w,_; ~0 Pr[> cgb(s)(c; xw + d ;) >

O] = 1. Consequently, as wy — wr—1 — 0, the probabil-
ity that a feasible solution (b’,x) implies a feasible solution
(b, w) approaches 1 and the error of approximating Program
(16) with Program (17) approaches 0.

5.2 Error-bounded Pruning

We conclude this section by noting that, to speed up the
algorithm, we can tighten the constraint ) _ox(s)c;;, +
b’(s)d; ;1 > 0 of Program (17) by some e > 0. Specifically,
we are less likely to find a feasible solution to Program

Yoees X(8)ei s D (8)dS ;> € Vo€V
max 0| b'(s)wr_1 < x(s) <b'(s)wr, Vse€ S

eesP(s) =1

than to Program (17) and thus, more likely to prune more
functions from V, which can speed up the algorithm. How-
ever, Program (18) may classify some of the non-dominated
functions as dominated ones and hence, the pruning pro-
cedure will no longer be error-free. The total error of the
algorithm, however, can trivially be bounded by € -3 - N,
where a tunable parameter € of Program (18) is the error
of the pruning procedure, 3 is the number of stages (of the
proof by induction) that call the pruning procedure and N
is the planning horizon.

(18)

6. EXPERIMENTS

We illustrate that our algorithm easily scales to larger ex-
tensions on the illustrative example problem provided in Sec-
tion 2. We considered a bigger domain, where there are 100
different states of the market (primarily considering markets
of different countries), considering 5 different actions to in-
vest in markets of different countries. With respect to the
algorithm, we tested with different values (0.5,1,1.5,2,2.5)
of our approximation parameter e (used in Program (18)).
Also, the planning horizon was fixed at N = 10 and we run
the algorithm for each utility function (4), (B), (C), (D), (E)
in Figure 2. We present our results in Figure 2, where € is
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plotted on the x—axis whereas the runtime (in seconds on
the logarithmic scale) and the solution quality are plotted on
the y—axes. As can be seen, irrespective of the utility func-
tion considered, the algorithm runtime decreases drastically
(with only small increases in €) while the solution quality re-
mains almost constant. For example, for the utility function
(C), a change of € from 0.5 to 1.5 caused the reduction of
the algorithm runtime by over one order of magnitude (from
149s to only 12s) and only 18% (from 9.08 to 7.38) decrease
of the solution quality.

7. CONCLUSIONS AND RELATED WORK

Motivated by high-risk domains such as financial plan-
ning, in this paper we proposed Risk-Sensitive POMDPs,
an extension of POMDPs that allows the agents to maxi-
mize the expected utility of their actions, and an exact al-
gorithm for solving Risk-Sensitive POMDPs, for piecewise
linear utility functions. The key idea of the algorithm is to
represent the underlying value functions with sets of piece-
wise bilinear functions—computed exactly using functional
value iteration—and to prune the dominated bilinear func-
tions using efficient linear programming approximations of
the underlying non-convex bilinear programs.

In terms of related work, POMDP solvers [7, 8, 12, 14, 15,
17, 18] are risk-invariant in that they maximize the expected
reward of agent actions. One could argue that if W is fi-
nite then, rather than solving a Risk-Sensitive POMDP, the
underlying risk-sensitive planning problems could be cast
as POMDPs with augmented state-spaces S’ = S x W
and transition, observation and reward functions modified
accordingly. However, such an approach suffers from two
problems: (a) State space increases considerably even for
small number of wealth samples and so does the complexity
of solving POMDPs; and (b) It is difficult to know before
hand the number of wealth samples that would provide good
quality solutions.

To remedy that, one could view W as a continuous state
and use existing continuous POMDP solvers [5, 13] to find
the underlying value functions. However, not only are these
continuous POMDP solvers locally optimal, but in addition,
it is unclear if they are directly applicable to risk-sensitive
planning as the Bellman update operator they employ dif-
fers significantly from the operator given by Equation (3).
In fact, only [10, 11] have provided the algorithms for solving
planning problems where risk-sensitivity is addressed head-
on (via one-switch or piecewise linear utility functions), yet,
only for MDPs. Finally, beyond utility theory [19] there
are other methods to express the agent’s sensitivity towards
risk [1]. However, as illustrated in [6], these methods typi-
cally cannot be handled by Bellman agents, even when the
environment is fully observable.
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APPENDIX

LEMMA 1. Function vy, , ; = v(7 (T (b, a, 2),
wise bilinear over (b,w) € B x W"tL,

w) 18 piece-

PROOF. From induction assumption, v(7]""") (b, w) is piece-
wise bilinear over (b, w) 6 Bx W™t ie., there exists a finite
partitioning {B X W % }ke](n+1 iy of B x W™ such that
VV”Jrl is a convex set and v(7 ") (b, w) = D sesb(s)(e ;Lfglsqu
dff}s) for all (b,w) € B x W',k € I(n+ 1,i). We now
prove that v} . ;(b,w) := v(7"T)(T(b, a,z),w) too is piece-
wise bilinear over (b,w) € B x W™T! for the partitioning
{B x WZ:I}%I(”H@ of B x Wl To this end, for each
s € S distinguish a belief state by € B such that b(s) = 1.
It then holds for all (b,w) € B x W'k € I(n+ 1,i) that

Vi z,i (b, w) = v<7r”+1>(T(b a,2),w)

= D [T(b,a,2)()(e] yw + i)
s'eS

= 3 S M) (b @, AN w L)
s'eS ses

:Zb ZP (s'|s,a)O \as)(czzlg,w—i—df:lg)
s€S s'eS

=D bs)(eqiiw+dgty) (19)
seS

for constants chf = Y es P(s'|s,a)0(z|a, s')czz’ls/ and

n,k,s
da Z,1

= ves P(s'|s,a)O(z|a, s )d;‘zlS

tion v} . ;(b, w) is piecewise bilinear over (b, w) € B x W"t*
which proves the Lemma. [

Consequently, func-



LEMMA 2. Function vg;(b,w) := >, 0y . i) (b,w) is
piecewise bilinear over (b,w) € B x WL,
ProoF. After stage 2 it holds for all z € Z that vy, _ .,

is piecewise bilinear over (b, w) € BXxW™ T i.e., there exist a
partitioning {5 x W;zj)lk}kej(yk{,]’i(z)) of Bx W™t such that

Wl?j)lk is a convex set and Uy, , 5, (b, w) = > g b(s)(E:”f”is(z)
L) for all (bw) € Bx Wikl k € I(n +1,i(2)). To

prove that vy ;(b,w) = > ., T, . ;) (b,w) too is piece-
wise bilinear over (b,w) € B x W™ we represent Vg i
with the set of bilinear functions {vg; y}ker(n,ai). Pre-
cisely, let k := [k(2)]:ez € I(n,a,i) denote a vector where

k(z) € I(n+1,i(2)). For each vector k € I(n,a,i) we define

a set
n+1 . n+1
a ik - ﬂ W](z),k(z) (20)
z€Z
and a bilinear function
Ua.,l,k b w Zb nka dnkS) (21)
seS
& k(z),

for all (b, w) € BxW™! and constants Ca'i DY

lekS =3 ezd Z?E?Z)S To show that Ua7i(b, w) can be rep-
resented by {0 ; 1 (b, W) }ker(n,a,i) over all (b,w) € Bx Wt
we first prove that {8 x W;‘fll(}ke I(n,a,i) is a finite partition-
ing of B x W"™'. To this end, first observe that W, N
W:,-i‘—li’ = @ for any k, k' € I(n,a,i),k # k'. Indeed, if
k # k' then k(z) # K/(z) for some z € Z. Hence, if w €
W;LTII(OW:TII(/ then in particular w € W:(Lj)lk(z OW:EZ;k, )
which is cannot be true as W{éj)l’k(z) N V\/l<z>‘k,(z> = ( for
k(z) # Kk'(2) (from claim 2 of the induction assumption).
Also, observe that for any w € W"! there must exist
k € I(n,a,i) such that w € W:Jlrll(, because for all z € Z,
there exists k(z) € I(n + 1,i(z)) such that w € W{Ej)%k(z)
(since {W{Ej)lyk(z)}k<z)€(n+17i(z>) is a partitioning of W™,
from claim 2 of the induction assumption). Thus, vector
k := [k(z)]zez € I(n,a,i) such that w € (), W;L;HZ) K(z) =
VV"1 i truly exists. Consequently, {Wawi,k}ke[(n’ayl) is a fi-
nite partitioning of W"" and {8 x W:I]l(}keun,a,i) a finite
partitioning of B x W™,

We can therefore prove that functions {vy ;i }txer(n,a.i)
represent v ;(b,w) over all (b,w) € B x W™ as follows:
For each (b,w) € B x W"T! there exists k € I(n,a,i)
such that (b,w) € B x W;Lfll‘ Hence, (from definition
(20)) (b,w) € B x Wit! and thus, (from definition (9))

i(2),k(z)
_n,k(z),s —n.k(z),s
(byw) = Yes ()@ 5w + daZii)).
then easily prove that vy ;(b,w) = > _, 0y . i) (b,w) =
n,k(z),s k(2),
Yer Yaes b @S w + Ay S0Y) = Yes(eiw +

a,z 1(z)
d:lk ) = vy ik (b,w). Finally, each set W"+k is convex be-
cause (from definition (20)) it is an intersection of convex
sets W;E;lk<z), zeZ. O

—=n
Vg, 2,i(2) We can

LEMMA 3. Function Ty ;(b,w) = vg ,;(b,w + R(b,a)) is
piecewise bilinear over (b,w) € B x W".

PROOF. After stage 3 it is true for all i € I(n,a) that
Vg (b, w) is piecewise bilinear over (b, w) € B x wrtl e,

(b, w)

w+

E]

z€Z a z,i(z) ?
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there exist a partitioning {8 x W:ji}ke](n a,i) of B'x wntl
such that W'} is convex and v} ;(b,w) = v}, (b,w) =

a,i,k
Y oses b(s)(cgf Sw+dy; ") for all (b, w) € B x W:ﬂg, for all
k € I(n,a,). To prove that Ui (b,w) := vy ;(b,w+ R(b,a))
is piecewise bilinear over (b,w) € B x W™ we represent Ty, ;
with a set of bilinear functions {6272-71(}1(67(”’&‘1.). To this

end, first, for each k € I(n,a,i), s € S define a set

Wka = {weWw" \w—&-R(&a)GWZI}C .

Now, let k := [k(s)]ses denote a vector where k(s) € I(n, a,1).
I(n,a,7) is a set of all such vectors k. For each vector
k € I(n,a,4) then define a set

(22)

azk*ﬂwazk (23)
seS
and a bilinear function
T aw(b,w) == > b(s) (@i w + dyi ) (24)
seS
for all (b,w) € B x W" where ¢’ Zk<5> . CZ:ZMS)'S and
doi K dy’ i(ede e K2} R(s, a) are constants. To show

that Ty ; can be represented by {04,k eet(n,a,y We first
prove that {Wa,z,k}kel(n,a,i) is a finite partitioning of W".
Indeed, for any k, k' € I(n,a,) if w € szk ﬂW:’iyk/ then
(from definition (23)) for all s € S, w € WZ::k(S ﬂWZ’fk/(S)
and thus (from definition (22)) w + R(s,a) € W;’j‘i<5) N
W;j‘i,( y for all s € S, which can only hold if k = k' (be-
cause { a,Zi(s)}k(S)GI(ma,i) is a partitioning of W"t!). In
addition, for any w € W™, s € S it holds that w+ R(s,a) €
W' and thus, there must exists some k(s) € I(n,a,i)
such that w + R(s,a) € W:Ii(s). Therefore (from defi-
nition (22)) w € WZ,i,k(s) for all s € S and thus (from
definition (23)) w € W, ;. We have therefore proven that
{W:,i,k}keﬂn,a,i) is a finite partitioning of WW" and that
{B x WZ,i»k}kET(n,a,i) is a finite partitioning of B x W™.

We then show that functions {Ug ; x bie7(n,q,i) represent
Ugi(b,w) over all (b,w) € B x W" as follows: For each
(b,w) € B x W" there must exist k € I(n,a,i) such that
(by,w) € B x WZ“( and (b,w 4+ R(s,a)) € B x WZ;—i(S)
Vs € S, for which it holds that?

Tg,i(b,w) := vy ;(b,w+ R(b,a))
—Z $)vg i (bs, w + R(bs, a))

s€S

_ Z b(s) Z bs(sl)( Z;?(‘?)’S/ (’U} + R(S, 0,)) + dn k S) S )
ses s'es

= S b() (w4 O R, a) + d )
seS

. Z b ,n k( ),s w4 dn k(s), S) = Eg’i,k(bvw) (25)
seS

Finally, each set W, ; i is convex because it is an intersection
—on, S .
of convex sets W, x(s), § € S (translation of a convex set

wrtl O

oik(s) PY a vector R(s,a) results in a convex set).

2Recall that for each s € S we distinguish b, € B such that
bs(s) = 1.



