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Abstract—Scenario decision making is a distribution-free ap-
proach to decision making in the presence of stochastic con-
straints, which consists in drawing samples of the random con-
straint (called “scenarios””) and making a decision that satisfies
all—or a predefined fraction—of the sampled constraints. Several
bounds have been proposed in the literature on the number of
samples that is sufficient to guarantee with high probability that
the risk of the scenario decision, i.e., its probability of violating a
random constraint, is low. We focus on sample-complexity bounds
that depend on the compression size of the decision-making
problem. We propose new compression-based sample-complexity
bounds that improve upon the existing ones without requiring
stronger assumptions on the problem. Specifically, our bounds
do not rely on the so-called “nondegeneracy” assumption (which
is widely used in the scenario decision-making literature, but can
be limiting in practice); our bounds are better than the existing
ones not relying on the nondegeneracy assumption, and is very
close to the best known bounds relying on the nondegeneracy
assumption.

Index Terms—QOptimization, Randomized Algorithms, Statisti-
cal Learning.

I. INTRODUCTION

ISK-AWARE decision making is an important problem

in many applications of engineering, such as control, en-
ergy planning, healthcare, etc. In this context, the risk of a de-
cision is defined as the probability that it violates some random
constraint, e.g., the probability that the planned trajectory of an
autonomous vehicle collides with some stochastically moving
obstacle (other cars, pedestrians, etc.). In many applications
of risk-aware decision making, the probability distribution of
the random constraint is unknown (e.g., in trajectory planning,
or energy management). This makes the problem of making
decisions with a low risk challenging in general. The approach
of scenario decision making [1]-[10] provides an effective way
to address this challenge by leveraging the principle of sample-
based methods. The approach consists in drawing N samples
(called scenarios) of the random constraint, and making a
decision that satisfies all, or a predefined fraction, of the
sampled constraints. The decision made from the scenarios is
called the scenario decision. A key aspect of this approach
is that under some assumptions on the problem, one can
provide guarantees on the risk of the scenario decision. In
this work, we focus on PAC (Probably Approximately Correct)
guarantees [11], [12]: namely, upper bounds on the probability
(with respect to the sampling of the N scenarios) that the
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Fig. 1. Scenario decision algorithm (Alg.) that has compression size 3: any
input set of scenarios (e.g., z1, . . . , 26) can be reduced or compressed (Comp.)
to a subset of size 3 (e.g., 22, 25, 26) and give the same decision (z) when
given as input to Alg.
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risk of the scenario decision exceeds some tolerance €. These
bounds, referred to as confidence bounds, depend on N, e,
and other problem-dependent quantities generally known as
“problem complexity”. Common problem complexity mea-
sures include the VC dimension, the Rademacher complexity,
and the compression size; see, e.g., [10] for a survey.

In this paper, we focus on the compression size, introduced
in 1986 by Littlestone and Warmuth [13]. The compression
size of a scenario decision-making algorithm is the smallest
number of scenarios to which any finite set of scenarios can
be reduced while providing the same decision; see Figure 1
for an illustration. In [13], a confidence bound is provided
for scenario decision-making algorithms with bounded com-
pression size. A better confidence bound is provided in [1]
under additional assumptions on the problem (among others,
each constraint must define a convex set of admissible de-
cisions, and the set of admissible decisions with respect to
all constraints must have nonempty interior). This bound is
shown to be tight for certain instances of such problems (called
Sfully-supported) [1]. A similar confidence bound is proposed
in [14] when the algorithm and the probability distribution
of the random constraint satisfy the so-called nondegeneracy
assumption (essentially saying that the minimal-size compres-
sion set is unique). This assumption has been widely used
in the scenario decision making literature [3], [6], [8], [15],
[16]; however, it can be restrictive in practice (e.g., it excludes
discrete probability distributions) and is by nature impossible
to check when the probability distribution is unknown.

In the aforementioned works [1], [13], the scenario de-
cision satisfies all the sampled constraints. Therefore, we
call these algorithms consistent. By contrast, in sample-and-
discard algorithms, introduced in [3], the scenario decision is
allowed to violate some of the sampled constraints (which are
“discarded”). A confidence bound for these algorithms under
the nondegeneracy assumption and the so-called conformity
assumption (essentially saying that the discarded constraints



are violated by the scenario decision) is proposed in [3].
A better bound (reminiscent of the one in [1]) is proposed
in [15] (see also [16]) when additionally the solution of the
sample-based problem is computed using so-called cascade
optimization (removing violated constraints sequentially, i.e.,
in “cascade”). This bound is shown to be tight for some
instances (called fully-supported) [16]. However, the use of
cascade optimization can be restrictive, sub-optimal, and com-
putationally expensive. Furthermore, the analysis in [3], [15],
[16] still requires the nondegeneracy assumption, which can be
restrictive. Finally, in [17], a confidence bound that does not
require the nondegeneracy assumption is proposed. However,
this bound is looser than the ones in [3], [15], [16], and still
assumes the conformity assumption.

The contribution of this paper is to provide new compres-
sion-based confidence bounds for consistent and sample-and-
discard scenario decision-making algorithms, that do not re-
quire nondegeneracy, conformity, or similar assumptions on
the problem and the algorithm. These bounds are to the best
of our knowledge the best available bounds in the literature
without those assumptions.

Related work

The initial derivation of the main result (Theorem 2) was
strongly inspired by the recent work [18]. This work provides
bounds on the risk of scenario decisions using the wait-and-
judge approach (initially introduced in [6]). In the wait-and-
judge approach, the compression size needs not be bounded
for all sets of scenarios. However, given a set of N scenarios,
one can compute its compression size (which can be any
integer between 0 and V), and from it, derive a probabilistic
upper bound on the risk. Notably, the wait-and-judge bound
in [18] does not require additional assumptions on the problem
or the algorithm. When the compression size of every set
of N scenarios is upper bounded, then the wait-and-judge
bound still applies, and can be turned into a compression-
based confidence bound (Theorem 1, item 3). Interestingly,
the resulting confidence bound already improves upon the
confidence bound proposed in [13]. By looking carefully at
the derivation of the wait-and-judge bound in [18], one can
observe that some parameters of the proof can be optimized to
provide a better confidence bound in the case the compression
size of every set of N scenarios is upper bounded. The best
set of parameters that we were able to find for this purpose
lead to the confidence bound presented in our main result
(Theorem 2). The proof in [18] relies on advanced technical
results related to duality in semi-infinite optimization. By
contrast, the proof that we propose in this paper for our main
result relies only on elementary probability theory.

Notation. We let N be the set of nonnegative integers. For
n € N, we let [n] = {1,...,n}. For a set A, we let A* =
U _y A™. For m € N and a finite set A, the set of all subsets
of A with m elements is denoted by ( ;47)

II. PROBLEM STATEMENT AND BACKGROUND

We introduce the problem of risk-aware scenario decision
making.! We assume given a set X of decisions and a set
Z C 2% of constraints on X. Given a decision z € X and a
constraint z € Z, we say that x satisfies z if x € z; otherwise,
we say that x violates z.

Example 1. In the following optimization problem:

min [|z]| st a'(z—c)<1 VaecR? |a|| <1,
zER?

where ¢ € R? is fixed, the decision space is X = R2, and the
constraint space is Z = {X, C X : a € R?, ||a]| < 1}, where
Xo={reR?:a"(z—c) <1}

Finding a decision that satisfies all constraints z in Z is
often intractable if Z is large or unknown. An approach to
circumvent this—in the case where Z can be sampled—is to
sample IV constraints 21, ..., 2y from Z, and find a decision
x based on the sampled constraints. This process is called a
scenario decision algorithm, which is thus a function from
tuples of constraints to decisions:

Definition 1. A scenario decision algorithm is a function that
given a tuple of conmstraints (z1,...,z2n) € Z* returns a
decision x € X. Hence, it is a function A : Z* — X.

Remark 1. We consider tuples of constraints, instead of sets
of constraints, because in Section IV the multiplicity of the
constraints will play a role. Furthermore, we need to describe
the probability measure of the sets of i.i.d. sampled constraints,
which is much easier to define when working with tuples of
constraints (it is simply the product measure).

Example 2. Continuing Example 1, a scenario decision al-
gorithm A can be defined as follows: given z; = X,,, define
A(z1,...,2n) as the optimal solution of

min ||z| st af (z—c) <1 Vie[N].

z€R? )
This is an instance of scenario optimization [/].

The output of a scenario decision algorithm is sometimes
called the scenario decision. Since the scenario decision is
obtained from a subset of the constraints in Z, one can
generally not hope that it satisfies all the constraints in Z.
However, one can hope that it satisfies all constraints in Z
except possibly those in a subset of small measure. This
property is formalized by the notion of risk:

Definition 2. Given a probability measure P on Z, and a
decision x € X, the risk (also called violation probability) of
x w.rt. P, denoted by Vp(x), is the probability that x violates
a random constraint z € Z, i.e., Vo(z) £ P[{z € Z : x ¢ 2}].

The risk of the scenario decision depends on the scenarios,
which are sampled i.i.d. at random according to the distribution
of the random constraint. Given a risk tolerance € and a number
of scenarios N, we aim to upper bound the probability that
the risk of the scenario decision is below e:

The definitions and concepts presented in this section are classical, and
can be found, e.g., in [2], [8], [9], [17].



Definition 3. Consider a scenario decision algorithm A. A
confidence bound for A is a function q : (0,1] x N — [0, 1]
such that for any tolerance ¢ € (0,1), sample size N € N
and probability distribution P on Z, it holds with probability
1 — q(e,N) that if one samples N scenarios (z1,...,zN) €
ZN jid. according to P, then the scenario decision returned
by A has risk below e, i.e.,

PN[{z € ZV : Vo(A(2)) > €}] < ale, N),

where z is a shorthand notation for (z1,...,2N).

Remark 2. If for all € € (0,1], imy_00 q(¢, N) = 0, then
the scenario decision algorithm is said to be PAC (Probably
Approximately Correct) [11], [12], [19].

Our goal in this paper is to provide confidence bounds
for scenario decision algorithms whose compression size (see
Section II-A below) is bounded. We make two assumptions
on the scenario decision algorithms that we consider in this
work: the algorithm is permutation invariant and stable:

Assumption 1. The scenario decision algorithm A is
o permutation invariant: for all (z1,...,z2n) € Z* and

all permutations (iy,...,in) of [N], A(z1,...,2n) =
A(Zil goe ey ZiN);

o stable: for all (z1,...,2n41) € Z21, A(z1,...,28) €
zn+1 implies that A(zy,...,2n+1) = A(z1, ..., 2N)-

Those assumption are very mild and standard in the lit-
erature [1]-[3], [9], [10], [14]-[17]. In Sections III and IV,
we will consider separately two additional assumptions on
the algorithm: (i) that the scenario decision satisfies all the
sampled constraints (called consistent), and (ii) that the sce-
nario decision satisfies all but a fixed number r of the sampled
constraints (called sample-and-discard).

A. Compression Sets

Before ending this section, let us recall the notion of
compression, which is instrumental in this work since we study
confidence bounds based on the compression size. This notion
was introduced in 1986 by Littlestone and Warmuth [13] in
an unpublished manuscript cited in [20].

The notion of compression describes the property that the
input tuple of scenarios z € Z* is compressible in the sense
that a fixed-length subtuple 2’ of z leads to the same output:

Definition 4 (Compression). Given a scenario decision algo-
rithm Aand z = (z1,...,2n) € Z*, a subset {i1,...,ip} C
[N], is a compression set for z and A if A(ziy,...,2i,,) =
A(z). The set of all compression sets of z and A is denoted
by k(z;.A).? The compression size of A, denoted by p(A), is
the infimum of all d € N such that for every z € Z*, there is
a compression set I € k(z; A) with |I| <d.

We review confidence bounds available in the literature
for scenario decision algorithms whose compression size is
bounded. We then propose new confidence bounds under As-
sumption 1. We do this for consistent algorithms (Section III)
and sample-and-discard algorithms (Section IV).

2When clear from the context, we drop the dependence on A and simply
write k(z).

ITI. CONSISTENT ALGORITHMS

In this section, we focus on consistent scenario decision
algorithms, i.e., algorithms for which the scenario decision
satisfies all the sampled constraints:

Definition 5. A scenario decision algorithm A is consistent
if for all z == (z1,...,2n) € Z*, A(z) € ﬂf\il Z;.

The algorithm in Example 2 is consistent.

A. Previous Bounds in the Literature

We review confidence bounds available in the literature for
consistent algorithms:

Theorem 1. Consider a consistent scenario decision algo-
rithm A satisfying Assumption 1. Let d € N, and assume that
p(A) < d. Then, confidence bounds for A are given by
D q(N,e) = ()1 —e)N"% N € Nog and € € (0,1];
see [20, Theorem 6], [17, Theorem 2];
2) q(Nye) = S0 (M1 — Vi N € Nsq and
€ € (0,1], under the “nondegeneracy” assumption [14,
Definition 2.7] on A and P, or the “convex feasible set
with nonempty interior” assumption [1, Assumption 1]
on A; see [14, Theorem 3.3], [1, Theorem 1];
_ _N@)a-9v :
3) ¢(N,e) = STt (Mg N € Nxq and e € (0,1];
derived fromnﬁ%, dTheorem 1].

Remark 3. Note that q(N,€) in item 2) is not a confidence
bound stricto sensu because it is not satisfied for every P
(indeed, P needs to satisfy the nondegeneracy assumption);
hence, it is not “distribution-free”. The nondegeneracy as-
sumption is restrictive: it excludes distributions that have
“concentrated masses” (aka. “atoms”).

Remark 4. The bound in item 3) is derived from the “wait-
and-judge” bound in [18].3 This provides an upper bound on
the risk of the scenario decision, with predefined confidence,
as a function of the confidence level, the number of samples,
and the compression size of the tuple of sampled constraints.
When the compression size of any tuple of sampled constraints
is bounded by d, then a confidence bound in the sense of
Definition 3 can be retrieved, which is presented in item 3).

As mentioned in the “Related work” section, our main result
(Theorem 2 below), which improves upon the bounds in items
1) and 3), was initially obtained by optimizing parameters
in the proof of [18, Theorem 1], to obtain better confidence
bounds when the compression size of the algorithm is bounded.
Nevertheless, for the best set of parameters that we found, a
simpler, more intuitive proof was possible, which is presented
in the next subsection.

Figure 2 compares the different bounds from Theorem 1. As
we can see, the bound in item 2) is significantly better than the
one in item 1); in fact, the former is tight for so-called “fully-
supported” problems [14, Definition 2.5]. The bound in item

3To be complete, let us mention that wait-and-judge bounds were proposed,
e.g., in [6], [8]. These bounds are better than the one in [18]; however, they
require the nondegeneracy assumption. A key achievement of [18] is to remove
this assumption and obtain a bound that is almost as good.
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Fig. 2. The curves show the value of € so that (N, €) = 0.05 for N = 500
for different values of d. Lower values of e indicate better performance. We
see that our bound (Theorem 2) is very close to the bound in item 2) without
requiring the nondegeneracy assumption. It is also slightly better than the one
in item 3) and significantly better than the one in item 1), which all have the
same assumptions.

3) is much closer to the one in item 2) and does not require the
nondegeneracy assumption. In the next subsection, we provide
a new compression-based confidence bound that is better than
the one in item 3) and does not require the nondegeneracy
assumption. The proof is also elementary.*

B. Our Bound

We will prove the following result, which is the first main
contribution of this paper:

Theorem 2. Consider a consistent scenario decision algo-
rithm A satisfying Assumption 1. Let d € N, and assume that
p(A) < d. A confidence bound for A is given by

Wo=(") min (™) =gy
T =\q ) maarn\d ¢
forall N € N>4 and € € (0,1].

Figure 2 shows the bound in Theorem 2. As we can see,
this bound is better than the one in item 3) and requires the
same assumptions. It is also very close to the one in item 2).

C. Proof of Theorem 2

In the proof, we make the assumption that for each z €
724 there is a single compression set of size d for z. This
assumption is made without loss of generality because one can
always define an augmented decision set, augmented constraint
set, and augmented scenario decision algorithm, for which
the assumption holds and such that the augmented scenario
decision matches with the scenario decision after projecting

41t does not rely on advanced mathematical tools such as Hausdorff moment
problems as in [1, Theorem 1], or duality in semi-infinite optimization as in
[18, Theorem 1].

on the original decision set. For such a construction, we refer
the reader to [18, first paragraph of §2].

Assumption 2. The scenario decision algorithm A satisfies
that for all z € Z24, |k(2)| = 1.

A consequence of Assumption 2 is the following:

Lemma 1. Let A be as in Theorem 2 and satisfy Assumption 2.
Let P be a probability measure on Z. For any m € N>q and
1€ (), it holds that P™({z € Z™ : I € w(2)}) = (™).

Proof. Fix m € N>q4. For each I € ([7;’]), define Sy = {z €
Z™ : I € k(z)}. The permutation invariance of .4 implies that
P™(S) is independent of I. Furthermore, by Assumption 2,
for any I1 # I2, S, NSt = 0. Hence, P™(S;) = (Zb)fl. O

Next, we leverage the bound in Theorem 1, item 1), and
extend it by incorporating the probability that a given set of
d elements is extracted from a set of m samples (Lemma 3):

Lemma 2. Let A be as in Theorem 2 and satisfy Assumption 2.
Let N € N>q4, I € (U;]) and m € N>q. Let (j1,...,Jm) €
[N]™ be such that there is I' == {iy,...,iq} C [m] satisfying
I={4y,...,Ji,}- It holds that for all z == (z1,...,2N) €
ZNif I € k(z), then I' € k(2'), where 2’ = (zj,,...,2j,).

Proof. Let z == (z1,...,2n) € ZV be such that I € x(z).
Let I' .= {i1,...,iq} C [m] be such that I = {j;,,...,Ji,}.
Let 2" = (zj, ,..., %, ). By definition of , we just need
to show that A(z”) = A(z'). Therefore, first observe that
A(2") = A(2) since I € k(z). Then, since A is consistent, it
follows that A(z") € ﬂ]kvzl zj,. Hence, since A is stable and
permutation invariant, we deduce that A(2") = A(z"). O

Lemma 3. Let A be as in Theorem 2 and satisfy Assumption 2.
Let N € N>q4, I € ([g]), and € € (0,1]. For all m € NN
[d, N, ir hollds that PV ({z € ZN : T € k(2), Vp(A(2)) >
)< () (=N m

Proof. Let m € NN [d,N], (j1,...,jn) be a permutation
of [N], and I’ = {iy,...,iq} € [m] be such that I =
{Jivs s Jigr- Let TV ={z € Z™ : I' € k(z), Vp(A(2)) >
€}. By Lemma 2 and the consistency of .4, it holds that for all
z€Z™ if I € k(z), then 2’ € T" and A(2') € Moepni1 Zks
where z is a shorthand notation for (z1,...,2y), and 2’ for
(ij ey ij).

Given x € X, let R(z) = {(21,...,2v_m) € ZN"™ 1z €

N7 21} Note that PN=™(R(z)) = (1 — Vp(2))N ™. Let
T={z€eZN:I¢€k(z), Vo(A(2)) > €}. It holds that

PY(T) = E.pr[Lreacsy (2") 11 (2)],

where z” is a shorthand for ( .., %y ). It follows that

PN(T) < (1 _ e)me Pm(T/) < (1 _ €)N,m (7;)_1’

where we used Lemma 1 to obtain the second inequality. [

We are now able to conclude the proof of Theorem 2:

S5This construction requires only the stability property in Assumption 1.



Proof of Theorem 2. Fix N € N>4, P a probability distribu-
tionon Z,and e € (0,1]. Let T = {z € ZV : Vp(A(2)) > €}
For each [ € ([];[]), let Tr = {z € T : I € k(z)}. It holds that
T=U 1e(1) T7. Hence, by Lemma 3 and the union bound,

we obtain that for every m € NN [d, N],

PY(T) < > PN(Ty) < <]c\i[) <Tg>_l(1 N,

re(y)
This concludes the proof of the theorem. O

Remark 5. It is interesting to note that the proof of Lemma 3
uses the same idea as the proof of [20, Theorem 6], or [17,
Theorem 2]. It is Assumption 2, which can be made without
loss of generality for permutation invariant algorithms, and the
stability property that allow (via Lemmas I and 2) to obtain
the bound in Theorem 2, which improves upon them.

IV. RELAXING THE CONSISTENCY ASSUMPTION

In some applications, consistency can be too restrictive: it
is sometimes preferable to discard a few sampled constraints
before passing them to a consistent scenario decision algorithm
if this can lead to scenario decisions with better performances
(e.g., lower cost), especially when a lot of constraints are sam-
pled. The algorithm that discards a fixed number of constraints
and keeps the other ones is called a selection algorithm:

Definition 6. A function o : Z* — Z* is a selection algorithm
with discarding size r € N if for every z = (z1,...,2Nn) €
Z*, there are integers 1 < i1 < ... < iy < N, with M >
N —r, such that 0(z) = (Ziy, -+, Ziy )-

The resulting scenario decision algorithm is called a sample-
and-discard decision algorithm:

Definition 7. A scenario decision algorithm B is a sample-
and-discard decision algorithm with discarding size r € N if
there is (i) a consistent scenario decision algorithm A and
(ii) a selection algorithm o with discarding size r, such that
B = Aoo. The pair (A,o) is called a decomposition of B.

Example 3. Continuing Examples 1-2, a sample-and-discard
decision algorithm B can be defined as follows: (i) A is as in
Example 2, and (ii) o selects among (z1,...,zn) € Z*, with
z; = Xa,, the N —1 constraints for which ||a;|| are the lowest
(using a tie-breaking rule in case of ties).

A. Previous Bounds in the Literature

We review confidence bounds available in the literature for
sample-and-discard decision algorithms:

Theorem 3. Consider a sample-and-discard decision algo-
rithm B with discarding size r € N and decomposition (A, o),
where A satisfies Assumption 1. Let d € N, and assume that
p(A) < d. Then, confidence bounds for B are given by
D g(N,e)= () Sy (Ve (1—e)N 4 N € Noyya
and € € (0,1); see [17, Theorem 4];
D (N, = () T (M - 9N N e
N>,4q-1 and € € (0,1], under the “nondegeneracy”
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Fig. 3. The curves show the value of e so that g(N,e) = 0.05 for
N = 500 and r = 50 for different values of d. Lower values of € indicate
better performance. We see that our bound (Theorem 4) is between the
bounds in items 1) and 2) without requiring the nondegeneracy or conformity
assumption. The bound in item 3) is significantly better but requires stronger
assumptions.

assumption [3, Assumption 2.1] and the “conformity”
assumption [3, Assumption 2.2]; see [3, Theorem 2.1];
3) q(N,e) = Y (N)el(l = N7, N € Napjas
and € € (0,1), under the “sequential nondegeneracy”
assumption [16, Assumption 3] and the form [16, (21)]

for A; see [16, Theorem 4].

Remark 6. Interestingly, [17, Theorem 4] assumes a “con-
formity” assumption [17, Assumption 4, item 3)], although it
is not used in the proof. Therefore, we omit it in item 1).

Remark 7. The same comment as in Remark 3 applies for
items 2) and 3).

Figure 3 compares the different bounds from Theorem 3
As we can see, the bound in item 3) is significantly better
than those in items 1) and 2). However, it requires stronger
assumptions. On the other hand, the bounds in items 1) and 2)
are more or less identical, despite the fact that item 1) does not
require the nondegeneracy assumption. In the next subsection,
we provide a new compression-based confidence bound that
is better than the one in items 1) in some regimes and does
not require the nondegeneracy or conformity assumption. The
proof is also elementary.

B. Our Bound

We will prove the following result, which is the second main
contribution of this paper:

Theorem 4. Consider a sample-and-discard decision algo-
rithm B with discarding size v € N and decomposition (A, o),
where A satisfies Assumption 1. Let d € N, and assume that
p(A) < d. A confidence bound for B is given by

aw.o= () (7)o () T



forall N € N>,,4 and € € (0,1].

Figure 3 shows the bound provided in Theorem 4. As we
can see, in some regimes (roughly, d > r), the bound is better
than the one in item 1) and requires the same assumptions.

C. Proof of Theorem 4

The proof builds upon Theorem 2 and elementary combi-
natorics:

Proof of Theorem 4. Fix N € N>q,,, P a probability distri-
bution on Z and € € (0,1]. Let T = {z € ZN : Vp(A(2)) >
€}. Define A = {(i1,...,iy—,) E NV7T7 11 <y < ... <
in—r < N}, and for each I = (i1,...,in—r) € A, define
T; ={z €T :0(z) =2}, where z is a shorthand notation
for (z1,...,2n), and 2’ for (z,,...,2iy_,). We will show
that for all I € A,

PN(T < N_T : m ! 1_ N,T,m 1
N\, ), min {,) (0-9 -

Therefore, fix I = (i1,...,in—r) € A. Note that T; C
{z € ZN : Vp(A(2')) > €}, where z is a shorthand
notation for (zi,...,zn), and 2’ for (z;,...,2iy_.). We
deduce (1) from Theorem 2 and the fact that PV ({z € ZV :
Vo(A(2") > €}) = PN"({2' € ZN=" : Vp(A(Z))) > €}).
We obtain the final result by using the union bound: PV (T') <
> rea PY(T7), and the observation that [A| = (1;7) O

V. CONCLUSION

We reviewed and compared different confidence bounds
available in the literature for scenario decision making based
on the compression size of the problem. Some of these bounds
are known to be optimal but require strong assumptions while
others require weaker assumptions but are less good and are
not known to be optimal. We improved the previous results
by providing new bounds that do not require the strongest
assumptions and are better than the available bounds with the
same assumptions. For future work, we plan to improve these
bounds even further or showing their optimality, we also plan
to extend them to other approaches such as the “wait-and-
judge” approach.
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