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Introduction and Motivation

= MDPs are widely used for sequential decision-making under
uncertainty. Yet in many real systems, good expected
performance alone is not enough: one must also ensure that
unsafe events occur only with very small probability;

= CCMDPs capture this requirement by imposing probabilistic
constraints on cumulative costs. In contrast to standard
constrained MDPs, feasibility depends on the full distribution of
long-term cost, and the feasible policy set is generally
NONCONVEX;

= Most existing methods rely on surrogate risk measures such as
CVaR, which may be conservative and do not solve the original
CCMDP directly. This motivates the following question:

Can we directly learn the optimal deterministic policy that satisfies
the chance constraints?

= This work answers this question positively by developing a
model-based learning framework with provable finite-sample
oguarantees for feasible-set identification and near-optimal
deterministic policy learning.

Problem Setup

Consider an infinite-horizon discounted CCMDP with finite state
space &8, action space A, reward function r, discount factor v &€
0,1), and chance constraints

P (Z V(s ap) < d; | s = sm) > 1 — 0, ieC. (1)
t=0

We seek the optimal deterministic feasible policy satisfying (1):

T € arg max J (), (2)
where .
J(m) = IE”[ B v'r (s, at)} . (3)

Key challenge: feasibility depends on the entire distribution of cu-
mulative discounted cost, and CCs make the problem nonconvex.

Three-Stage Learning Algorithm

Stage 1: Transition estimation

For each state-action pair (s, a), collect samples and build an em-
pirical transition kernel P using D = N|S||A| samples.

Stage 2: Offline policy simulation

For each deterministic policy m and each constraint 2, define
Brik = g0 cz(”’“k &;”k) and (87", a>"") the k" trajectory

under 7, P, simulate trajectories under P and estimate:
1 M
NT.M Z .
pw g M 1 1{3777,2,16 < dz} . (4>

Stage 3: Feasibility screening

Keep policy 7 if ﬁfX;.T’M > 1—9;, Vi € C. Then evaluate reward
over the estimated feasible deterministic policy set and return
the best one.

Essential Definitions

For each deterministic policy m € Il and constraint 7, define the
discounted cumulative cost x,; := > . et aq).
Definition 1 (Chance-constraint identification ambiguity).

Aﬂ,i = [[P" (.Imi S dz ’ S) = SM) — (1 — 5@) . (5)

This measures how close policy 7w is to the chance-constraint
boundary:.

Definition 2 (Distributional regularity). Let . ; be the distribution
of L -

= Maximal local density: if f;; denotes the density of the
absolutely continuous part of u;, define:

f:;lax = MaX;c[|c|], rellge PUPy fﬂ,i(aj>' (é)
= Quantile ambiguity gap: let:
q;" 5 = inf{z € R: pri((—o0,z|) > 1 —9;}, (/)

and let Dy ; == {a: cR: pur;({x}) > 0} be the set of atoms of
tr i Define:

d™! = inf |z —

d* min  d™"
30 oD

A ] A
5 p weHdet,zeHCH &ap”

These quantities characterize the statistical hardness of feasibility
identification in CCMDPs.
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Main Results

The probability estimation error is decomposed into three terms:

PN _ g = ol 8 4 0 @

T,

where:

<1> IS model estimation error,

fi is Monte Carlo sampling error,
)

3
Is truncation error from finite horizon T'.

The bounds scale as

f / log(-) 2, « . [log(-)
max . 9
N 7T,7,’ ~Y M ) ( )

@< fow (10)
1 -1

Feasible-set identification with high probability 1 — ¢:

(UnnSPLAT g (1SIAIICH (601 - )
DO( A2, (=) ) o

Thus, larger N, M, and T respectively improve model estimation,
probability estimation, and reduce truncation bias.

Simulation

The discrete-time dynamics of the TCLs:

Tivn=al;y+ (1 — a) (Tto‘ - Rut) + €, Vt, (12)
subject to:
P (D" Aleo(Tu) <o) > 16, (13)
—Uset < Up < Usget (14)
ot Sl LT
% YLLK LA L (el Il %=, TX
gzo 1.49* kv y{&i &ﬁt:ﬂ LAl T, (NF)
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