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Optimization problems routinely depend on uncertain parameters that must be predicted
before a decision is made. Classical robust and regret formulations are designed to handle
erroneous predictions and can provide statistical error bounds in simple settings. However,
when predictions lack rigorous error bounds (as is typical of modern machine learning
methods) classical robust models often yield vacuous guarantees, while regret formulations
can paradoxically produce decisions that are more optimistic than even a nominal solution.
We introduce Globalized Adversarial Regret Optimization (GARO), a decision framework
that controls adversarial regret, defined as the gap between the worst-case cost and the
oracle robust cost, uniformly across all possible uncertainty set sizes. By design, GARO
delivers absolute or relative performance guarantees against an oracle with full knowledge
of the prediction error, without requiring any probabilistic calibration of the uncertainty
set. We show that GARO equipped with a relative rate function generalizes the classical
adaptation method of Lepskii (1993) to downstream decision problems. We derive exact
tractable reformulations for problems with affine worst-case cost functions and polyhedral
norm uncertainty sets, and provide a discretization and a constraint-generation algorithm
with convergence guarantees for general settings. Finally, experiments demonstrate that
GARO yields solutions with a more favorable trade-off between worst-case and mean out-
of-sample performance, as well as stronger global performance guarantees.
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1. Introduction

Consider an optimization problem
min
x∈X

f(x, p⋆) (1)

which seeks a decision x ∈ X minimizing a cost function f : X × P → R+ ∪ {+∞} given a problem
parameter p⋆ ∈ P . The field of mathematical optimization, which began in earnest with Dantzig’s
simplex method in 1947, has since produced powerful tools to find optimal decisions in Equation (1)
algorithmically. However, before any such tools can be applied, practitioners must face the fact that
the problem parameters p⋆ are typically subject to uncertainty. Before proceeding, a decision maker
often first makes a prediction p0 of the problem parameters, and then makes a decision xnom by solving
a nominal “predict-then-optimize” formulation

min
x∈X

f(x, p0). (2)

1.1. From Classical to Wild Predictions

The use of predictions to facilitate downstream decision-making is an idea at least as old as mathe-
matical optimization itself. Nevertheless, the nature of predictions has changed remarkably. We argue
that downstream decision tools have largely failed to reflect these changes.

Classical Predictions. Predictions have classically been constructed with the help of statistical es-
timators. As a case in point, problem (1) may represent a vehicle routing problem (Toth and Vigo
2002) with an unknown cost vector p⋆ = E [p] of expected edge costs. The decision-maker estimates
p⋆ as the sample average p0 = 1

N

∑N
i=1 pi of N historical realizations. If the decision-maker has access

to curated data, it is common to assume that each historical observation is an independent sample
sharing the same distribution as future random edge costs. In the context of such curated data, predic-
tions often come with desirable concentration inequalities and associated error margin or confidence
bounds. We use the problem of univariate mean estimation as a running example. After impos-
ing sub-Gaussian tails E [exp(λ(pi − p⋆))] ≤ exp(λ2σ2/2) for some given finite σ2, it is well known
that the classical empirical average predictor discussed earlier satisfies the concentration inequality
Prob [|p0 − p⋆| > γ] ≤ 2 exp

(
−Nγ2/(2σ2)

)
. Hence, we have Prob [|p0 − p⋆| ≤ γN (δ)] ≥ 1 − δ with

d(p0, p
⋆) = |p0 − p⋆| and γN (δ) = O(σ

√
log(2/δ)/N). We denote a prediction as classical when it

enjoys an error margin guarantee

Prob [d(p0, p
⋆) ≤ γN (δ)] ≥ 1− δ (3)
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for any δ ∈ (0, 1) and an appropriate1 distance function d : P ×P → R+∪{∞} for all N ≥ 1. Classical
robust or regret optimization formulations are designed to exploit such classical predictions and are
able to return decisions with rigorous performance guarantees.

Adaptive Predictions. It has however long been recognized that practical data is more challenging
than what classical predictions can account for. We give two examples.

Many parameters related to natural phenomena or economic indicators are regularly varying, i.e.,
Prob [p ≥ x] = x−νL(x) and L(x) a slowly varying function. This means that E [exp(λ(pi − p⋆))] =∞
for any λ > 0 and ν > 1, and that E [|pi − p⋆|a] =∞ for a > ν while E [|pi − p⋆|a] <∞ for a < ν (Nair
et al. 2022). In particular, the empirical mean is a fragile estimator in this setting. Robust mean
estimators which satisfy

1
N

N∑
i=1

ψ (λN (pi − p0)) = 0 (4)

for influence function ψ and scaling parameter λN can be considered instead. The empirical mean
corresponds to the case where the influence function is the identity. Assuming (E [|pi − p⋆|a])1/a ≤ σa

for some finite σa < ∞ and moment order a > 1, Bhatt et al. (2022) proposes a classical esti-
mator p0(σa) satisfying (3) of minimax optimal radius γN (δ, σa) = O(σa (log(2/δ)/N)(a−1)/a). This
is achieved with influence function ψ(∆) = sign(∆)O(log(|∆|a)) and scaling parameter λN (σa) =
O(σ−1

a (log(2/δ)/N)1/a).
Many data sets contain a small fraction ϵ ∈ (0, 1/2) of the data points which are corrupted either

due to malice or simple error. As was already the case in the context of heavy tail data, the empirical
mean is well known to be fragile. This spurred on the development of robust alternatives. Huber
(1964, 1981) advances a prediction p0(ϵ) based on Equation (4) with clipped influence function ψ(x) =
max(min(x, 1),−1) which achieves (3) for minimax optimal radius γN (δ, ϵ) = O(σ(

√
ϵ+
√

log(2/δ)/N))
with λN = σ−1√ϵ+ log(2/δ)/N assuming only that E

[
|pi − p⋆|2

]
≤ σ2 <∞.

In the previously discussed examples the estimate p0(κ) satisfies

Probκ [d(p0(κ), p⋆) ≤ γN (δ, κ)] ≥ 1− δ (5)

where Probκ denotes the probability law of the data when the structural parameter takes value κ.
This guarantee depends critically on an auxiliary parameter κ ∈ K ⊆ [κmin, κmax] (σa and ϵ in the case
of heavy-tail or corrupt data) which is unknown in practice. As is the case in the discussed examples,
we assume here that larger auxiliary parameters correspond to harder prediction problems, resulting
in a nondecreasing margin κ 7→ γN (δ, κ) for any δ, N . A conservative prediction p0 = p0(κmax)
corresponding to the worst-case parameter choice could be considered. However, adaptive guarantees

1We will assume throughout that the distance function is lower semicontinuous and satisfies d(p0, p0) = 0 for all p0 ∈ P .
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can be obtained without resorting to the worst-case parameter. For instance, let κj = κminβ
j for

j = 0, . . . , J with J =
⌈
logβ(κmax/κmin)

⌉
and β > 1. Define the adaptive estimate p0 = p0(κ⋆) where

κ⋆ is the smallest grid point κj for which {p ∈ P : d(p0(κi), p) ≤ γN (δ, κi) ∀i ≥ j} is nonempty.
Lepskii (1993) shows the adaptive guarantee

Probκ [d(p0, p
⋆) ≤ 2γN (δ/(J + 1), βκ)] ≥ 1− δ (6)

indicating performance on par with the predictor p0(κ) which does have access to the unknown param-
eter when the distance function satisfies the triangle inequality. More generally, we denote a prediction
p0 which does not depend on κ as adaptive when it enjoys an error margin guarantee

Probκ [d(p0, p
⋆) ≤ γN (δ, κ)] ≥ 1− δ. (7)

for all N ≥ 1. Although the adaptive estimates are not as conservative, their guarantees are still
relative to an unknown parameter which prevents the use of downstream robust or regret optimization
formulations with absolute performance guarantees.

Wild Predictions. Increasingly, modern machine learning methods (including deep neural networks
(LeCun et al. 2015)), gradient boosted trees (Chen and Guestrin 2016), and large-scale foundation
models (Bommasani et al. 2021)) produce predictions with remarkable empirical accuracy yet come
with no rigorous performance guarantees (Goodfellow et al. 2015). We denote a prediction as wild
when it is frequently empirically accurate (γ⋆ := d(p0, p

⋆) ≤ γtp) but rigorous claims only establish
γ⋆ ≤ γwc where the ratio γwc/γtp ≫ 1 is very large. The formal worst-case bound γwc may stem,
for instance, from a Lipschitz argument (Bartlett et al. 2017), a generalization bound (Bartlett and
Mendelson 2002), or a smoothness assumption (Tsybakov 2009), but the resulting uncertainty set
{p : d(p0, p) ≤ γwc} is so large as to render any robust formulation practically useless. Wild pre-
dictors are fundamentally different from adaptive ones: while adaptive predictions preserve a formal
relationship between the radius γN (δ, κ) and a structural parameter κ, wild predictions offer no such
structure. The downstream decision-making challenge is therefore not to exploit a formal guarantee,
but rather to design decisions that perform well when the prediction is accurate (γ⋆ ≤ γtp) while
degrading gracefully relative to an appropriate benchmark when it is not (γ⋆ ≤ γwc).

1.2. Literature Review

The robust optimization literature lists several strategies to help reduce the conservatism inherent to
worst-case formulations. Bertsimas and Sim (2004) show that budget uncertainty sets can to some
extent help manage the conservatism. Fischetti and Monaci (2009) relax hard robust constraints by
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allowing small, penalized violations, obtaining solutions that are nearly robust yet substantially less
conservative. A comprehensive treatment of these ideas appears in Ben-Tal et al. (2009). Another
model to reduce the conservatism of the classical robust model is robust regret or min-max regret
(Savage 1951, Kouvelis and Yu 2013, Aissi et al. 2009) where the difference to the optimal value
in each of the uncertain scenarios is minimized. All previously mentioned models have in common
that the considered performance criteria can only be guaranteed on a (usually bounded) uncertainty
set. Globalized robust methods attempt to control the performance of the calculated solution also
outside of the uncertainty set Long et al. (2023), Ben-Tal et al. (2017). Our framework combines
and complements the latter lines of work by measuring conservatism through a globalized adversarial
regret operator and by providing a guarantee that degrades smoothly with the prediction error level.

A parallel development in computer science is the growing literature on algorithms with predictions
(Mitzenmacher and Vassilvitskii 2022). These algorithms receive a (possibly erroneous) prediction and
seek competitive ratios that interpolate between the optimal ratio when the prediction is exact and a
worst-case ratio when it is adversarial. Foundational contributions include Lykouris and Vassilvitskii
(2021) for caching and Purohit et al. (2018) for ski rental and scheduling. Our framework shares the
same high-level aspiration: exploit accurate predictions while remaining robust to inaccurate ones. The
key distinction is that algorithms with predictions operate in an online or combinatorial setting with
discrete competitive ratios, whereas our framework targets continuous optimization under uncertainty
with a smooth, tunable performance guarantee.

The bicriteria perspective on robustness (Chassein and Goerigk 2016) is also related: it treats
nominal and worst-case cost as two competing objectives and traces the Pareto frontier between
them. Our framework imposes a richer structure by controlling adversarial regret uniformly across all
uncertainty levels γ ∈ Γ, rather than balancing only two extreme scenarios. A detailed comparison
with robust, regret, and satisficing formulations is deferred to Section 2.

1.3. Contributions

The main contributions of this paper are as follows.

• We show that standard robust formulations yield vacuous guarantees under wild predictions,
that classical regret formulations can produce decisions more optimistic than even a nominal
formulation, and that satisficing formulations are under typical convexity assumptions merely
robust formulations in disguise.

• We introduce adversarial regret — the gap between a decision’s worst-case cost and the oracle
robust cost — as a novel performance target, and propose Globalized Adversarial Regret Op-
timization (GARO), which controls this adversarial regret uniformly over all prediction error
levels.
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• GARO can deliver either an absolute (23) or a relative (24) performance guarantee against
the oracle robust benchmark. With a relative rate function, GARO generalizes the classical
adaptation method of Lepskii (1993) from statistical estimation to downstream decision problems
(Theorem 2).

• We derive exact tractable reformulations for affine and linear-polyhedral settings, and provide
a discretization scheme and a constraint generation algorithm with convergence guarantees for
general problems.

2. Uncertain Optimization

Decision-making in the face of uncertainty has been an active topic of research over the last fifty years,
but the resulting tools were, by and large, developed with classical predictions in mind. We discuss
here the benefits and downsides of classical uncertain optimization formulations in the face of wild
predictions.

2.1. Robust Optimization

It has long been understood that blindly trusting the prediction p0 as a substitute for p⋆ in the nominal
formulation (2) does result in rather gullible decisions. Ben-Tal and Nemirovski (2000) were perhaps
the first to point out that even if d(p0, p

⋆) is very small, the actual cost f(xnom, p
⋆) can far exceed

the anticipated cost f(xnom, p0); a phenomenon known as the “curse of optimization”. For a given
uncertainty set Pγ0 robust optimization

min
x∈X

max
p∈Pγ0

f(x, p) (8)

has since been widely adopted to avoid this curse through a worst-case perspective. A notable property
that explains the popularity of the worst-case perspective is that it preserves the convexity of the
nominal problem. That is, if the objective function f is convex-concave and the constraint and
parameter sets X and Pγ0 are convex, then the robust formulation (8) reduces to a convex-concave
saddle point problem which, under rather mild technical assumptions, admits tractable algorithms
(Ben-Tal and Nemirovski 2002).

The robust set Pγ0 characterizes all scenarios against which the decision maker wishes to anticipate.
In the context of classical predictions, a natural choice is simply to consider a set

Pγ0 = {p ∈ P : d(p0, p) ≤ γ0} (9)

where the probability of the event p⋆ ∈ Pγ0 occurring is controlled explicitly by the classical guarantee
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in Equation (3) through the selection of an appropriate robustness parameter γ0. Robust optimization
relies on the implication

p⋆ ∈ Pγ0 =⇒ f(x, p⋆) ≤ vwc(x, γ0) := max
p∈Pγ0

f(x, p)

and the observation that in the face of the curse of optimization it typically holds that

vwc(xrob(γ0), γ0) := min
x∈X

vwc(x, γ0)≪ vwc(xnom, γ0),

where Xrob(γ0) denotes the set of optimal solutions of (8) with uncertainty set Pγ0 and xrob(γ0) ∈
Xrob(γ0) is a selection. A hurdle to the practical adoption of robust formulations outside settings
where extreme caution is indeed warranted is their conservatism (Roos and den Hertog 2020). By
anticipating the worst-case scenario, performance may be poor in case the worst-case fails to realize.
Although its associated worst-case performance guarantee

p⋆ ∈ Pγ0 =⇒ f(xrob(γ0), p⋆) ≤ v⋆
wc(γ0) := min

x∈X
vwc(x, γ0) (10)

is best possible by construction, its strength nevertheless hinges on how large the optimal worst-case
cost v⋆

wc(γ0) precisely is. When the minimal worst-case cost is very large the performance guarantee
(10) becomes vacuous. The following example makes this discussion concrete.

Example 1. We want to find a hub location µ to serve customers distributed at locations following
P⋆ within a support set Ξ where ∥ξ − µ∥2 corresponds to the frustration experienced by a customer
at location ξ when served from a hub at location µ, i.e.,

min
µ

∫
∥ξ − µ∥2 dP⋆(ξ). (11)

Here the customers (used perhaps to instant gratification) experience superlinear frustration as
service time increases. For our facility problem to be well posed it is necessary that P⋆ ∈ P := {P :∫
∥ξ∥2 dP(ξ) <∞}. We remark that the unique optimal location in (11) is simply the mean µ⋆ =

µ(P⋆) :=
∫
ξdP⋆(ξ) which achieves cost equal to the variance v⋆ = v(P⋆) :=

∫
(ξ − µ(P⋆))2dP⋆(ξ).

The distribution of future customers P⋆ may however not be known precisely to the decision-
maker. Instead, consider a robust facility location formulation

min
µ

sup
P∈Pγ0

∫
∥ξ − µ∥2 dP(ξ). (12)
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with respect to the Wasserstein ball Pγ0 := {P ∈ P : W (P,P0) ≤ γ0} for a judiciously chosen
robustness parameter γ0. Denote by µrob(γ0) the minimizer in the robust facility location problem
(12). Depending on the value of γ0, two extreme cases can be identified. Clearly, if γ0 = 0 we
recover the unique nominal location µrob(γ0) = µnom =

∫
ξdP0(ξ) whereas at the other extreme

for γ0 ≥ 2 ∥Ξ∥, the set Pγ0 contains all distributions supported on Ξ and hence the robust optimal
location moves to the unique center2 of Ξ. In the latter case,

µrob(γ0) = arg min
µ

max
ξ∈Ξ
∥ξ − µ∥2 = ctr(Ξ). (13)

In Figure 1 the path {µrob(γ) : γ ≥ 0} between the discussed extreme cases is depicted as a gray
line.

The robust facility location formulation promises if P⋆ ∈ Pγ0 that∫
∥ξ − µrob(γ0)∥2 dP⋆(ξ) ≤ v⋆

wc(γ0) := min
µ
vwc(µ, γ0) = sup

P∈Pγ0

∫
∥ξ − µrob(γ0)∥2 dP(ξ). (14)

The strength of a worst-case guarantee hinges on whether the minimum worst-case cost is rea-
sonably small or at least bounded. Clearly, for large γ0 ≥ 2 ∥Ξ∥ we get v⋆

wc(γ0) = ∥Ξ∥2 and the
worst-case guarantee (14) is vacuous when Ξ is large. Unfortunately, from Lemma 3 in the Ap-
pendix it follows that also for small value of γ0 > 0 we have v⋆

wc(γ0) ≥ min
(γ0

2 , ∥Ξ∥
)
∥Ξ∥ limiting

the robust formulation in (12) to bounded sets Ξ. The precise problem instance and Julia code
to reproduce Figures 1–2 are available at https://gitlab.com/vanparys/garo-example.

2.2. Regret Optimization

Savage (1951) introduced the absolute regret formulation

minx∈X maxp∈Pγ0
R(x, p) (15)

in response to the apparent conservatism of the worst-case perspective advocated by Wald (1945)
where the regret is defined absolutely as R(x, p) := f(x, p)−minx′∈X f(x′, p). This approach was later
studied for discrete problem structures in Kouvelis and Yu (2013). Intuitively, the regret formulation
(15) prefers decisions whose performance in hindsight can only be improved by a minimal amount.

By construction a regret optimal decision enjoys the performance bound

p⋆ ∈ Pγ0 =⇒ f(xreg(γ0), p⋆) ≤ min
x′∈X

f(x′, p⋆) +R⋆

2For any bounded set S we write ∥S∥ := mins∈conv(S) maxs′∈S ∥s′ − s∥ for its circumradius and ctr(S) for its corre-
sponding unique circumcenter.
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where xreg(γ0) and R⋆ denote a minimizer and minimum in Equation (15), respectively. As perfor-
mance is measured here relative to an oracle decision with access to the unknown parameter p⋆, regret
optimal decisions come with performance guarantees beyond merely the worst-case. In some sense,
whereas robust formulations emphasize worst-case performance, regret formulations care about per-
formance in all scenarios equally. By insisting on a minimal regret uniformly over all scenarios, regret
formulations are inherently optimistic as the regret of a decision x balances equally its worst-case
performance maxp∈Pγ0

f(x, p) and its best-case performance minp∈Pγ0
f(x, p).

Indeed, the optimal regret decision may offer even less protection against a worst-case scenario than
a simple nominal decision, i.e.,

vwc(xnom, γ) <vwc(xreg(γ0), γ)

for any γ ≥ 0. A regret optimal decision may indeed forgo potential cost reductions in the predicted
and worst-case scenarios to chase performance improvements in best-case scenarios, which seems to
run counter to prudent decision making. Furthermore, outside a few toy problems (Agarwal and
Zhang 2022, Perakis and Roels 2008), notably the newsvendor problem, regret formulations become
computationally intractable already when the nominal problem (2) is a simple linear optimization
problem (Averbakh and Lebedev 2005). We illustrate the optimism of regret formulations in our
facility location example.

Example 2. Denote the regret of hub location µ for a distribution of customers P as

R(µ,P) :=
∫
∥ξ − µ∥2 dP(ξ)−min

µ′

∫ ∥∥ξ − µ′∥∥2 dP(ξ) = ∥
∫
ξdP(ξ)− µ∥2

where the final equality follows from the bias variance decomposition. It follows that the regret
optimal facility location µreg(γ0) = arg minµ maxP∈Pγ0

R(µ,P) is simply the (unique) center of
the convex set M(γ0) := {

∫
ξdP(ξ) : P ∈ Pγ0} collecting the means of all distributions in Pγ0 . In

the two extreme regimes discussed earlier, the robust and regret optimal formulations return the
same optimal hub locations. Trivially, if γ0 = 0 we have µreg(γ0) = µnom :=

∫
ξdP0(ξ) whereas

for a large enough radius γ0 ≥ 2 ∥Ξ∥, the set Pγ0 contains all distributions supported on Ξ and
hence

µreg(γ0) = ctr(conv(Ξ)) = ctr(Ξ)

for any bounded set Ξ. In Figure 1 the path {µreg(γ) : γ ≥ 0} between the discussed extreme
cases is depicted with a blue line.

From Lemma 4 in the Appendix we have M(γ0) ⊆ B[µnom, γ0] (where B[c, r] denotes the
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closed ball with center c and radius r) and hence the worst-case regret remains well defined even
for unbounded Ξ and remains bounded by γ2

0 in stark contrast to the worst-case cost which is
unbounded. However, the regret optimal Weber point can be severely optimistic. Kantorovich-
Rubinstein duality ensures that if Ξ is unconstrained that M(γ0) = B[µnom, γ0] and hence the
regret optimal location µreg(γ0) = µnom coincides with the nominal location offering no additional
protection. In case Ξ is bounded the situation can become even more dire. We probe the sensitivity
of a location µ by considering the difference

A(µ, γ) :=vwc(µ, γ)− v⋆
wc(γ)

= supW (P,P0)≤γ

∫
∥ξ − µ∥2 dP(ξ)−minµ′ supW (P′,P0)≤γ

∫
∥ξ − µ′∥2 dP′(ξ).

That is, the amount by which our worst-case cost is larger when the demand distribution can
deviate from the predicted distribution by an amount γ compared to an oracle robust solution. We
denote A as the adversarial regret as it measures our loss of performance when the distributional
parameter P is the action of an adversarial player.

To make the discussion tangible consider the problem setup depicted in Figure 1. We see in
Figure 2 that the nominal facility location µnom = µ⋆(P0) achieves the oracle cost at γ = 0 but
quickly deteriorates as γ increases (essentially depicting the curse of optimization). The robust
facility location µrob(γ0) achieves the oracle cost at γ0 = 1 but even for smaller values γ ≥ 0.25 it
achieves the oracle cost as µrob(γ0) = ctr(Ξ) for any γ0 ≥ 0.25. Observe however that

A(µnom, γ) < A(µreg(γ0), γ) ∀γ ≥ 0 (16)

indicating that the regret optimal facility location manages to suffer both larger nominal as well
as larger worst-case costs than the nominal facility location.

2.3. Satisficing

In both the robust and the regret formulation discussed earlier, the set Pγ0 characterizes those param-
eters against which the decision maker wishes to anticipate. When the decision-maker has access to
classical predictions satisfying the guarantee (3) the choice suggested in Equation (9) is both natural
and adequate. With only access to adaptive or wild predictions, the set Pγ0 must be taken as the set
of all possible parameter values P , rendering the absolute performance guarantees that robust and
regret formulations aspire to simply unattainable.

We now describe a decision formulation introduced by Long et al. (2023) that enjoys performance
guarantees relative to the performance of the prediction itself. Consider indeed the satisficing formu-
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Figure 1: Facility location instance: customer locations Ξ (red marks) with predicted distribution P0
(red arrows). The path of robust hub locations {µrob(γ)}γ≥0 (gray) moves from the nominal
location µnom (orange) to ctr(Ξ) (black) as γ0 grows. The set M(γ0) of attainable means
under Pγ0 (blue shaded polytope) and the regret-optimal location µreg = ctr(M(γ0)) (blue
dot) are also shown, together with the satisficing location µsat (yellow). The GARO solution
µgaro (green star) is discussed in Section 3.

lation
minx∈X, α≥0 α

s.t. f(x, p) ≤ f0 + αd(p0, p) ∀p ∈ P.
(17)

Here f0 denotes a target cost level which the decision-maker deems satisfactory. Let here now P∞ =
{p ∈ P : d(p0, p) <∞}. For the satisficing formulation (17) to be feasible and nontrivial we require
that

v⋆
wc(0) = min

x∈X
f(x, p0) ≤ f0 ≤ min

x∈X
max
p∈P∞

f(x, p) = v⋆
wc(maxp∈P∞ d(p0, p)) (18)

as we assume here that p0 ∈ P . We remark that for all p ̸∈ P∞ the satisficing constraint in (17)
is void, since d(p0, p) = ∞ renders the right-hand side infinite. This distinction arises because d is
extended-valued; when d takes only finite values, P∞ = P and the remark is moot.

Let αsat be the optimal value, Xsat the set of optimal solutions, and xsat ∈ Xsat a selection from
Equation (17). Intuitively, we are looking for decisions whose performance f(xsat, p

⋆) meets the target
f0 if the prediction was indeed correct, i.e., in the event p0 = p⋆, and degrades at a minimal rate αsat

relative to how wrong the prediction was in hindsight as measured by d(p0, p
⋆). Satisficing formulations

deliver guarantees of the form
f(xsat, p

⋆) ≤ f0 + αsatγ
⋆ (19)

which allow wild predictors to offer cost guarantees relative to the actual prediction error d(p0, p
⋆) = γ⋆
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Figure 2: Adversarial regret A(·, γ) as a function of the Wasserstein perturbation level γ for the five
hub locations shown in Figure 1. The regret-optimal location µreg (blue) is so optimistic
that its adversarial regret exceeds that of the nominal location µnom (orange) for all γ ≥ 0,
confirming (16). The robust location µrob (black) achieves zero adversarial regret at γ0.
The GARO location µgaro (green) maintains uniformly small adversarial regret across all γ,
bounded by the guarantee αgaro (dotted green line).

rather than a worst-case radius γ0 as in robust formulations. Additionally, they work well with adaptive
predictions which satisfy (7) and combined with (19) result in adaptive guarantee of the form

Prob [f(xsat, p
⋆) ≤ f0 + αsatγN (δ;κ)] ≥ 1− δ.

Furthermore, if the objective function f is convex-concave and the constraint and parameter sets X
and P∞ are convex, satisficing formulations are under mild technical conditions amenable to tractable
algorithms (Long et al. 2023).

Example 3. In the context of our facility location problem the satisficing formulation in Equation
(17) reduces to

minµ, α≥0 α

s.t.
∫
∥ξ − µ∥2 dP(ξ) ≤ f0 + αW (P0,P) ∀P ∈ P

(20)

and is recognized as the satisficing formulation proposed by Long et al. (2023). Here, we choose
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the satisfaction level v⋆
wc(0) < f0 := 1.04v⋆

wc(0) < v⋆
wc(supP∈P W (P0,P)) to be 4% suboptimal in

case P⋆ = P0 occurs. We mark the satisficing hub location µsat with a yellow mark in Figure 1 and
depict its adversarial regret in Figure 2. Proposition 2 implies that µsat = µrob(γ′

0) with γ′
0 = 0.1.

Unfortunately, a straightforward consequence of the lower bound in Lemma 3 in the Appendix
is that we need α ≥ (∥Ξ∥2 − f0)/(2 ∥Ξ∥) for the satisficing formulation to be feasible. Hence, for
Ξ unbounded, the constraint in the satisficing formulation (20) is not feasible in stark contrast to
a regret formulation.

Hence, satisficing formulations in Equation (17) may become infeasible and guarantees in the form
(19) can be prohibitively restrictive. Indeed, for the satisficing formulation (17) to be feasible it is nec-
essary that the oracle cost is finite and satisfies v⋆

wc(γ) = O(γ). Furthermore, the satisficing guarantee
in Equation (19) is relative to an arbitrary satisfaction level f0. In fact, we show in Proposition 2 in
the Appendix that a satisficing solution can sometimes be found as a robust solution for a robustness
radius γ′

0 which is determined by f0.
We remark that the assumption in Proposition 2 that the cost function f(x, p) is strictly concave in

p can be relaxed, resulting in a slightly weaker conclusion that there always exists a satisficing solution
admitting a robust interpretation; see Appendix B for details including the proof of Proposition 2 and
supporting examples.

Theorem 1. Let P∞ be a compact convex set admitting a continuous strictly convex function ψ :
P∞ → R+. Let f(x, p) be jointly continuous, convex in x, and concave in p for every x ∈ X, with X
compact convex. Let p 7→ d(p0, p) be lower semicontinuous and convex. Assume (17) is feasible and
satisfies condition (18). Then there exists an optimal solution xsat of (17) such that

xsat ∈ ∪γ∈[0,γmax]Xrob(γ), γmax := maxp∈P∞ d(p0, p).

The assumption that P∞ admits a continuous strictly convex function is mild: in finite dimensions
it is always satisfied, e.g., by ψ(p) = ∥p∥2. In infinite-dimensional settings, such as when P∞ is a set
of probability distributions, the condition requires separate verification.

In summary, each of the three standard formulations exhibits a fundamental weakness when the
prediction error level γ is unknown. Robust formulations yield vacuous guarantees whenever the
uncertainty set must be taken large. Regret formulations are inherently optimistic and can produce
decisions offering less protection than the nominal solution. Satisficing formulations, while offering
prediction-relative guarantees, are under mild convexity assumptions nothing but robust formulations
in disguise.
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3. Robust Decisions with Wild Predictions

When we have access to wild predictions, standard performance guarantees can generally not be
achieved. Indeed, as wild predictions can be arbitrarily bad or even have malicious intent, a robust
formulation ignoring the predictions altogether will provide only vacuous worst-case guarantees. In
what follows we introduce a decision framework that addresses the shortcomings of the classical robust,
regret, and satisficing formulations identified in Section 2. The main idea is to control adversarial regret
uniformly over all prediction error levels.

To make this rigorous, we introduce the univariate family of non-decreasing sets Pγ , e.g., Pγ =
{p ∈ P : d(p0, p) ≤ γ}, for γ ∈ Γ. We do assume X and Pγ to be compact for all γ ∈ Γ. We
note that p may represent either a finite-dimensional parameter vector, recovering standard robust
optimization (Ben-Tal and Nemirovski 2002), or a probability distribution with a suitable distance d
such as the Wasserstein metric, recovering distributionally robust optimization (Delage and Ye 2010,
Mohajerin Esfahani and Kuhn 2015); the running facility location example falls in the latter setting.
Throughout, we write min and max when optimizing over X or Pγ , where attainment is guaranteed
by compactness of these sets and continuity of f . We write inf and sup when optimizing over infinite-
dimensional spaces such as sets of probability distributions, where attainment requires a separate
argument. Inspired by the discussion in Section 2 we introduce the adversarial regret

A(x, γ) := max
p∈Pγ

f(x, p)− min
x′∈X

max
p′∈Pγ

f(x′, p′).

That is, the additional cost we may incur if the parameter p is chosen adversarially in Pγ compared to
an oracle robust solution with access to γ. We remark that classical regret is larger than the adversarial
regret, i.e., A(x, γ) ≤ maxp∈Pγ R(x, p) as the former also takes into account how much performance
is left on the table when p would be chosen beneficially. It was precisely this aspect which rendered
regret optimization potentially optimistic as discussed in Section 2.

As mentioned earlier, the defining characteristic of decision-making with wild predictions is that
parameter γ is fundamentally unknown and hence at a minimum we would like to have that our
decision is weakly minimal in

min
x∈X

(A(x, γ))γ∈Γ. (21)

That is, a decision x⋆ for which there is no other decision y ∈ X so that A(y, γ) < A(x⋆, γ) for all
γ ∈ Γ. As its name suggests, though, this is a rather weak requirement. We observe indeed that the
nominal and robust solution as discussed in Section 2 are weakly minimal as they minimize x 7→ A(x, 0)
and x 7→ A(x, γ0), respectively. We point out that as the facility location example in Figures 1 and
2 illustrates, regret optimal solutions nevertheless can fail to be weakly optimal in problem (21).
Finally, under Proposition 2’s strict concavity assumption satisficing solutions are weakly minimal as
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they minimize x 7→ A(x, γ′
0) for some γ′

0 ≥ 0; more generally, a satisficing solution is weakly minimal
whenever Γ is compact and γ 7→ vwc(x, γ) is continuous. See Proposition 3 in Appendix B for the
formal statement and proof.

Rather than seeking a decision that merely minimizes A(x, γ) at a single fixed γ — as robust and
satisficing formulations effectively do — we propose to bound the adversarial regret uniformly over all
γ ∈ Γ, leading to the following class of decision formulations:

min
x∈X, α≥0

α

s.t. A(x, γ) = max
p∈Pγ

f(x, p)− min
x′∈X

max
p′∈Pγ

f(x′, p′) ≤ αϕ(γ) ∀γ ∈ Γ.
(GARO)

Here a nondecreasing rate function ϕ : Γ→ R+ controls the amount of adversarial regret our decision
suffers as a function of the prediction error d(p0, p

⋆). We now list the main benefits of our formulation
explicitly.

Weak Optimality Unlike a regret formulation which can yield decisions which are even more opti-
mistic than a nominal formulation, the proposed formulation is guaranteed by construction to produce
weakly minimal solutions in (21).

Performance Guarantees Unlike nominal or robust formulations, GARO simultaneously guarantees
performance across all error levels γ ∈ Γ. That is, any minimizer (xgaro, αgaro) of GARO satisfies

vwc(xgaro, γ) ≤ v⋆
wc(γ) + αgaroϕ(γ) ∀γ ∈ Γ. (22)

With the constant rate ϕ(γ) = 1 this becomes the absolute guarantee

vwc(xgaro, γ)− v⋆
wc(γ) ≤ αgaro ∀γ ∈ Γ, (23)

bounding the gap to the oracle in absolute terms. With ϕ(γ) = v⋆
wc(γ) it becomes the relative guarantee

vwc(xgaro, γ)− v⋆
wc(γ)

v⋆
wc(γ) ≤ αgaro ∀γ ∈ Γ, (24)

bounding the gap as a fraction of the oracle cost. In both cases xgaro tracks the oracle simultaneously
at the typical error level γmin and at the worst-case level γmax, without committing to any particular
level upfront.

Choosing the Rate Function The constant rate ϕ(γ) = 1 is the natural choice when the oracle cost
may be zero or lacks a natural scale; the oracle-cost rate ϕ(γ) = v⋆

wc(γ) is preferable when the oracle
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cost grows with γ and an absolute bound would become vacuously large. These are the two principal
choices a practitioner faces: in either case a single instance of GARO is solved and αgaro directly
quantifies how closely the decision tracks the oracle benchmark.

We emphasize that GARO makes no a priori claim that αgaro will be small. Its guarantee is one
of “mere” optimality; if there is a decision with good absolute or relative performance guarantees
then GARO will find it. A large αgaro signals that the problem simply does not admit a decision
that uniformly tracks the oracle across Γ. A concrete example in which αgaro is provably small is the
adaptive prediction setting of Section 4.2 where the relative rate function yields αgaro ≤ 1, recovering
Lepskii’s classical factor-of-two guarantee. However, when a standard choice fails to yield a small
αgaro, a problem-dependent rate can salvage the situation as we illustrate in the running example
below.

Example 4. With ϕ(γ) = 1 the GARO solution µgaro is depicted as a green star in Figure 1.
It coincides neither with any robust location on the path {µrob(γ) : γ ∈ Γ} (gray) nor with any
regret-optimal location on the path {µreg(γ) : γ ∈ Γ} (blue), confirming that GARO produces
a genuinely distinct decision. Figure 2 shows that µgaro achieves a strictly smaller adversarial
regret A(µgaro, γ) than every other proposed hub location across the entire range of γ, bounded
uniformly by the guarantee αgaro ≈ 4.58× 10−2.

For the bounded instance above in Figure 1, the absolute rate ϕ(γ) = 1 yields a reasonably
small αgaro, but as the support Ξ expands the absolute guarantee deteriorates. From Lemma 3 the
oracle cost satisfies v⋆

wc(γ) ≥ min(γ/2, ∥Ξ∥) ∥Ξ∥, so the oracle itself grows with the circumradius
∥Ξ∥; maintaining a uniformly small absolute gap A(µ, γ) ≤ αgaro over all γ ∈ Γ therefore forces
αgaro to grow with ∥Ξ∥.

In the limit Ξ = R+ with P0 = δ0 the absolute rate becomes outright infeasible: direct com-
putation gives A(µ, γ) = (µ − γ)2, which diverges as γ → ∞ for any fixed µ. Similarly, as we
pointed out in Lemma 3, we have v⋆

wc(γ) = ∞ for any γ > 0 and hence considering a relative
rate function is not a sensible option either. Note that the two failure modes are of opposite
character: absolute infeasibility (αgaro →∞) signals that no decision uniformly tracks the oracle,
while relative triviality (αgaro → 0 for every µ) means all decisions do so vacuously. We can
salvage the situation by considering instead ϕ(γ) = (1 + γ)q with q ≥ 2: the resulting guarantee
A(µ, γ) ≤ αgaro(1 + γ)q is meaningful for practically relevant prediction errors (small γ, where
(1 + γ)q ≈ 1) and degrades gracefully as predictions become increasingly wild, a reasonable price
to pay when Ξ is unbounded. For q = 2 the solution is αgaro = 1 and µgaro = [0, 1], while for
q > 2 the unique minimizer satisfies (µgaro)2(1 + µgaro)q−2 = 4(q − 2)q−2/qq.

The choice of rate function ϕ encodes a design judgment about how much adversarial regret is
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acceptable as the prediction error grows. Together with the distance function d which it shares with
the uncertain optimization formulations in Section 2, the rate function shapes the nature of the GARO
guarantee (22) and its appropriate specification should reflect the structure of the application at hand.

4. Performance Guarantees Across Prediction Regimes

The three prediction regimes introduced in Section 1.1 (classical, adaptive, and wild) call for different
analytical tools, but GARO delivers meaningful guarantees in each. The following subsections establish
these guarantees in turn, completing the picture begun in Section 3.

4.1. Classical Predictions

Classical predictions satisfy the guarantee (3). In case the event d(p0, p
⋆) ≤ γN (δ) occurs it is straight-

forward to conclude that f(xrob(γN (δ)), p⋆) ≤ maxd(p0,p)≤γN (δ) f(xrob(γN (δ)), p) = v⋆
wc(γN (δ)). It fol-

lows that
Prob [f(xrob(γN (δ)), p⋆) ≤ v⋆

wc(γN (δ))] ≥ 1− δ. (25)

Such out-of-sample guarantees have been established throughout the robust optimization literature
(Kuhn et al. 2019, Van Parys et al. 2021) since the probability of observing a disappointment event
in which the actual cost exceeds the anticipated worst-case cost can be controlled explicitly by a
judiciously designed robustness parameter γ0. More recently, several authors (Van Parys et al. 2021,
Lam 2019) have pointed out that the guarantee (25) does not necessitate the predictor to satisfy
Equation (3) but rather can be established more directly as well. In any event, a key limitation
of the out-of-sample guarantee (25) is that it reduces the disappointment risk of its decision to a
single probability level. However, reporting multiple probability levels is either encouraged or legally
required in many safety-critical applications. For example, the US Nuclear Regulatory Commission
(U.S. Nuclear Regulatory Commission n.d.) mandates three tiers of probability assessments whereas
NASA (National Aeronautics and Space Administration 2011, Chapter 13) promotes a continuous
approach through reporting an exceedance curve which in our context means reporting

Prob [f(xrob(γN (δ)), p⋆) ≤ vwc(xrob(γN (δ)), γ)] (26)

for several radii γ ≥ 0 simultaneously. However, beyond the fact that vwc(xrob(γN (δ)), γ) ≤ v⋆
wc(γN (δ))

for γ ≤ γN (δ), the worst-case cost vwc(xrob(γN (δ)), γ) for γ > γN (δ) is uncontrolled. In stark contrast,
the GARO solution xgaro satisfies A(xgaro, γ) ≤ αgaroϕ(γ) for every γ ∈ Γ by construction, independent
of any chosen confidence level δ. This deterministic property immediately controls the full exceedance
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curve: for every γ ∈ Γ,

Prob [f(xgaro, p
⋆) ≤ v⋆

wc(γ) + αgaroϕ(γ)] ≥ Prob [d(p0, p
⋆) ≤ γ] . (27)

For any fixed δ, substituting γ = γN (δ) and applying the classical guarantee (3) yields a single-level
bound

Prob [f(xgaro, p
⋆) ≤ v⋆

wc(γN (δ)) + αgaroϕ(γN (δ))] ≥ 1− δ,

which at that particular δ is admittedly weaker than (25) by the additional term αgaroϕ(γN (δ)). The
fundamental advantage of xgaro is therefore not at any single confidence level but across all levels
simultaneously: the robust solution xrob(γN (δ0)), designed for a specific δ0, provides no control over
vwc(xrob(γN (δ0)), γ) for γ > γN (δ0) and hence no guarantee at higher confidence δ < δ0. The single
decision xgaro, by contrast, satisfies (27) simultaneously for every δ ∈ (0, 1), exactly supplying the
exceedance curve that safety-critical reporting standards require.

4.2. Adaptive Predictions

In Section 1.1 we pointed out that adaptive predictions can be derived from classical predictions (Jain
et al. 2022), and discussed two example settings in which κ represented an unknown moment in a
heavy-tailed data setting and an unknown corruption level in a corrupt data setting. Consider the
setting in which we have access to a family of classical estimators p0(κ) parametrised in κ, all of which
satisfy the pointwise guarantee in Equation (5). If we knew κ then we could use p0(κ) as a classical
prediction and guarantee

Prob
[
f(xrob,κ(γN (δ, κ)), p⋆) ≤ v⋆

wc,κ(γN (δ, κ))
]
≥ 1− δ (28)

where xrob,κ(γ) and v⋆
wc,κ(γ) are the minimizers and minimum of minx∈X maxp∈Pγ,κ f(x, p), with Pγ,κ =

{p ∈ P : d(p0(κ), p) ≤ γ}.
However, κ is unknown in practice. Neither robust nor regret formulations can directly exploit

adaptive predictions satisfying guarantee (7): any decision calibrated to a single κ forces the prac-
titioner to commit upfront, either choosing the pessimistic κmax (yielding an overcautious decision)
or guessing κ (risking an underprotected one). The GARO formulation sidesteps this commitment
entirely, generalizing and refining the adaptation strategy of Lepskii (1993), and in fact ensures

Probκ [f(xgaro, p
⋆) ≤ v⋆

wc(γN (δ, κ)) + αgaroϕ(γN (δ, κ))] ≥ 1− δ.

Rather than guaranteeing absolute performance, the previous inequality establishes that the per-
formance of our decision is adaptive to the hardness of the prediction problem as captured by the
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auxiliary parameter κ ∈ K ⊆ [κmin, κmax]. Crucially, xgaro does not depend on κ: a single decision
simultaneously adapts to every level of problem hardness, just as in the classical prediction setting it
supplies the full exceedance curve without committing to any particular confidence level δ.

Let β > 1 be an approximation constant and consider a discretized subset KJ = {κ0, . . . , κJ} of K.
We have for any estimator p0(κj) with κj ≥ κ the pointwise guarantee

Probκ [d(p0(κj), p⋆) ≤ γN (δ, κj)] ≥ 1− δ.

Given the above, we introduce the associated parameter set ΓJ = {γj := γN (δ/(J + 1), κj)}Jj=0 and
define a nondecreasing family of sets

Pγ = {p ∈ P : d(p0(κj), p) ≤ γj ∀j ∈ [0, . . . , J ] s.t. γj ≥ γ} (29)

for any γ ≥ 0. Consider the event Eκ = {p⋆ ∈ PγN (δ/(J+1),κ⋆)} where κ⋆ = min {κ′ ∈ KJ : κ′ ≥ κ}.
Informally, if Eκ occurs then all of the applicable estimates p0(κj) for κj ≥ κ realize within their error
margin bound d(p0(κj), p⋆) ≤ γj . A simple union bound argument from the pointwise guarantee (5)
implies now that we have

Probκ[Eκ] ≥ 1−
∣∣{κ′ ∈ KJ : κ′ ≥ κ

}∣∣δ/(J + 1) ≥ 1− δ. (30)

Theorem 2. The globalized adversarial regret formulation (GARO) with ϕ(γ) = minx∈X maxp∈Pγ f(x, p)
and Pγ defined as in Equation (29) reduces to

min
x∈X, α≥0

α

s.t. maxp∈Pγj
f(x, p) ≤ (1 + α) minx′∈X maxp′∈Pγj

f(x′, p′) ∀j ∈ [0, . . . , J ].
(31)

Its solution (xgaro, αgaro) does not depend on κ ∈ K and satisfies on Eκ the guarantee

f(xgaro, p
⋆) ≤ (1 + αgaro)v⋆

wc,κ⋆(γN (δ/(J + 1), κ⋆))

where κ⋆ = min {κ′ ∈ KJ : κ′ ≥ κ}.

Proof. The reduction from GARO to (31) follows from the observation that ϕ is an increasing function
and the definition of Pγ in Equation (29) implies that Pγj = Pγ for any γ ∈ [γj , γj+1).

By the choice of rate function ϕ the solution (xgaro, αgaro) satisfies here a relative guarantee (24)
and hence

max
p∈Pγ

f(xgaro, p) ≤ (1 + αgaro) min
x′∈X

max
p′∈Pγ

f(x′, p′) ∀γ ≥ 0.
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We consider γ⋆ = γN (δ/(J + 1), κ⋆) and observe that Eκ = {p⋆ ∈ PγN (δ/(J+1),κ⋆)} and so

f(xgaro, p
⋆) ≤ (1 + αgaro) min

x′∈X
max

p′∈Pγ⋆
f(x′, p′).

Finally, observe that Pγ⋆ ⊆ PγN (δ/(J+1),κ⋆),κ⋆ and hence f(xgaro, p
⋆) ≤ (1 + αgaro)v⋆

wc,κ⋆(γN (δ/(J +
1), κ⋆)).

From Equation (30) and Theorem 2 it follows that

Probκ

[
f(xgaro, p

⋆) ≤ (1 + αgaro)v⋆
wc,κ⋆(γN (δ/(J + 1), κ⋆))

]
≥ 1− δ

with κ⋆ = min {κ′ ∈ KJ : κ′ ≥ κ}, which should be compared to Equation (28). Note that (28) is
an oracle bound, achievable only if κ is known. Relative to this oracle, GARO’s bound is admittedly
weaker in two respects: it carries the multiplicative overhead (1+αgaro) and uses the reduced confidence
δ/(J + 1) in place of δ. Since γN (δ, κ) is typically insensitive to δ, the latter difference is minor and
can be further controlled by an appropriate discretization of K. The fundamental advantage of xgaro

is again not at any single κ but across all κ ∈ K simultaneously: the single xgaro satisfies the above
bound for every κ without any knowledge of it.

We emphasize that GARO is not merely feasible but optimal among adaptive decisions: any decision
x̂ satisfying f(x̂, p⋆) ≤ (1 + α̂)v⋆

wc,κ⋆(γN (δ/(J + 1), κ⋆)) on Eκ must have α̂ ≥ αgaro. That is, xgaro

achieves the smallest possible multiplicative excess over the oracle cost, for each κ.

Example 5. To recover the adaptation strategy of Lepskii (1993) we consider a continuous cost
function f(x, p) = d(x, p) satisfying a triangular inequality and again consider access to a family
of classical predictors p0(κ) for κ ∈ K satisfying the pointwise guarantee

Probκ [d(p0(κ), p⋆) ≤ γN (δ;κ)] ≥ 1− δ.

The cost function reflects here that in classical estimation settings in the absence of any particular
downstream decision tasks the norm of the error is the most classical measure of performance.
Consider here the increasing family of sets Pγ,κ = {p : d(p0(κ), p) ≤ γ} with associated oracle cost
v⋆

wc,κ(γ) = minx maxp∈Pγ f(x, p) = γ and define the increasing family of sets Pγ as in Equation
(29). The associated globalized adversarial regret formulation (GARO) returns (xgaro, αgaro)
which following Theorem 2 satisfies on Eκ the guarantee

d(xgaro, p
⋆) ≤ (1 + αgaro)γN (δ/(J + 1), κ⋆).
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Lemma 1. We have Eκ =⇒ αgaro ≤ 1.

Proof. Define here pγ ∈ arg minx maxp∈Pγ d(x, p) and ∥Pγ∥ = minx maxp∈Pγ d(x, p). Observe that
from the triangle inequality it follows that vwc(x, γ) = maxp∈Pγ d(x, p) ≤ maxp∈Pγ d(x, pγ) +
d(pγ , p) = d(x, pγ) + ∥Pγ∥ and v⋆

wc(γ) = ∥Pγ∥ . Hence, we have that

αgaro ≤ min
x,α≥0

{α : d(x, pγ) + ∥Pγ∥ ≤ (1 + α) ∥Pγ∥ ∀γ ∈ ΓJ} .

However, consider now x̄ ∈ Pγ⋆ and ᾱ = 1 with γ⋆ the smallest γ ∈ ΓJ so that Pγ ̸= ∅. We have

d(x̄, pγ) ≤ ∥Pγ∥

as x̄ ∈ Pγ⋆ ⊆ Pγ for any γ ≥ γ⋆ from which the claim follows immediately.

We have by Lemma 1 that in this adaptive prediction setting αgaro is bounded above by 1 on
Eκ. From Equation (30) it hence follows that

Probκ [d(xgaro, p
⋆) ≤ 2γN (δ/(J + 1), κ⋆)] ≥ 1− δ.

For the particular geometric discretization K = {κj = κminβ
j}Jj=0 with J =

⌈
logβ(κmax/κmin)

⌉
and β > 1 we have κ⋆ ≤ βκ and recover Equation (6).

4.3. Wild Predictions

In the wild prediction setting of Section 1.1, the prediction error γ⋆ = d(p0, p
⋆) satisfies γ⋆ ≤ γwc in

the worst case yet is typically much smaller (γ⋆ ≤ γtp), with no probabilistic relationship between the
two levels. Setting Γ = [γtp, γwc], the performance guarantees (23) and (24) of Section 3 apply in their
simplest, fully deterministic form: whatever the unknown γ⋆ ∈ [γtp, γwc] turns out to be,

f(xgaro, p
⋆) ≤ v⋆

wc(γ⋆) + αgaroϕ(γ⋆),

without invoking any probability model on the prediction. This is the primary regime for which GARO
was designed. Unlike the classical and adaptive settings, where statistical concentration inequalities are
needed to give the deterministic guarantee probabilistic content, here the bound holds with certainty
for any realisation of γ⋆ ∈ Γ. The classical and adaptive guarantees of the preceding subsections should
therefore be seen as a bonus: GARO rewards the practitioner with probabilistic exceedance curves or
adaptive oracle-tracking when a statistical model is available, but requires neither. Furthermore, by
construction xgaro is weakly minimal in (A(x, γ))γ∈Γ: no other single decision simultaneously reduces
adversarial regret across the entire interval Γ = [γtp, γwc], making it the natural choice precisely when
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predictions cannot be trusted to carry statistical structure.

5. Solution Methods

The adversarial regret formulation (GARO) is computationally more appealing than a classical regret
formulation which is already NP hard even for linear optimization problems (Averbakh and Lebedev
2005). Nevertheless, the adversarial regret formulation is more challenging to solve than its robust
counterpart formulation stated in Equation (8). In what follows we will take the standard robust
problem in Equation (8) as a computational primitive which we assume can be solved efficiently; see
Ben-Tal and Nemirovski (2002). We point out that an exact tractable formulation of GARO is possible
when vwc is affine in γ: for concave rate functions ϕ this reduces to just two constraints (Section 5.1),
while for general ϕ it yields a finite number of convex constraints via a conjugate representation
(Section 5.2). Furthermore, in case Γ has finite cardinality (as was the case when working with
Lepskii’s method for adaptive predictions in Section 4.2) an exact tractable formulation is guaranteed.
Finally, we give two approximation algorithms to handle more general settings.

5.1. Nominal-Robust Formulations

In this setting we assume that the worst-case cost function is affine in the robustness parameter.

Assumption 1. Let γ 7→ vwc(x, γ) = maxp∈Pγ f(x, p) be affine for all x ∈ X.

The following proposition shows that under the simplifying Assumption 1, only the interval extremes
{min Γ,max Γ} of the set Γ are of interest when the rate function ϕ is concave. We remark that this
includes ϕ(γ) = v⋆

wc(γ) = minx∈X vwc(x, γ) due to Assumption 1.

Proposition 1. Let Assumption 1 hold and ϕ be concave. Then, Problem GARO is equivalent to

minx∈X, α≥0 α

s.t. maxp∈Pmin Γ f(x, p)− v⋆
wc(min Γ) ≤ αϕ(min Γ),

maxp∈Pmax Γ f(x, p)− v⋆
wc(max Γ) ≤ αϕ(max Γ).

(32)

Proof. We can reformulate Problem GARO as

minx∈X, α≥0 α

s.t. A(x, γ) = maxp∈Pγ f(x, p)− v⋆
wc(γ) ≤ αϕ(γ) ∀γ ∈ Γ.

(33)

The constraint function maxp∈Pγ f(x, p) − v⋆
wc(γ) − αϕ(γ) is here convex in γ. It follows that the

function attains its maximum on the interval extremities min Γ and max Γ.
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Formulation (32) is an uncertain optimization formulation with objective balancing nominal and
robust performance. This balance has been extensively studied in the robust optimization literature;
see Chassein and Goerigk (2016). Furthermore, the desire to balance performance when the prediction
is exact (p⋆ = p0 and min Γ = 0) while retaining control over the performance when the prediction fails
(p⋆ ∈ Pmax Γ) has been the topic of the surging literature on algorithms with predictions (Mitzenmacher
and Vassilvitskii 2022).

Example 6 (Uncertain Linear Regression). Consider an uncertain linear regression problem
minx∈X ∥Ax− b∥ where the matrix A is uncertain. We assume that we have a prediction A0

for the matrix A where we expect the operator norm ∥A0 −A∥ = maxu̸=0 ∥(A−A0)u∥/∥u∥ to
remain small. A well known result from the robust optimization literature is that Assumption 1
holds as we have vwc(x, γ) := max∥A−A0∥≤γ ∥Ax− b∥ = ∥A0x− b∥+ γ ∥x∥ revealing the classical
connection between robustness and regularization. The GARO formulation of this problem with
Γ = [0, γmax] for a concave rate function ϕ simplifies to

minx∈X, α≥0 α

s.t. ∥A0x− b∥ − v⋆
wc(0) ≤ αϕ(0),

∥A0x− b∥+ γmax ∥x∥ − v⋆
wc(γmax) ≤ αϕ(γmax).

5.2. Linear Formulations with Polyhedral Norm Uncertainty

Adversarial robust optimization formulation (GARO) has an exact reformulation also in the context
of uncertain linear optimization problems.

Assumption 2. Let X be a polyhedral set, P unconstrained, the distance function d(p, p′) = ∥p− p′∥
defined by a polyhedral norm and f(x, p) = x⊤p a linear function.

A standard result from the robust optimization literature is that

vwc(x, γ) := max
∥p−p0∥≤γ

x⊤p = x⊤p0 + γ ∥x∥⋆

where ∥ · ∥∗ is the dual norm. Hence, the worst-case function is affine in γ for any decision x and
satisfies Assumption 1. Consequently, for concave rate functions ϕ Proposition 1 applies and our
associated (GARO) formulation reduces to simply balancing nominal and worst-case costs.

For general rate functions ϕ, the situation is more complicated. As however the dual norm ∥ · ∥⋆ is
also polyhedral and X a polytope, we have that the robust oracle cost

v⋆
wc(γ) := min

x∈X
x⊤p0 + γ ∥x∥⋆ (34)
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is characterized as a linear representable minimization problem. A standard result from parametric
linear optimization (Bertsimas and Tsitsiklis 1997) is that we can partition the interval Γ =

⋃T
t=1 Γt

such that on each interval Γt = [γt, γt+1) an extreme point xt is optimal in (34) so that v⋆
wc(γ) =

xt
⊤p0 + γ∥xt∥⋆ for all γ ∈ Γt. The semi-infinite constraint in the adversarial robust formulation

(GARO) hence reduces to T semi-infinite constraints

x⊤p0 + γ∥x∥⋆ − xt
⊤p0 − γ∥xt∥⋆ ≤ αϕ(γ) ∀γ ∈ Γt ∀t ∈ [1, . . . , T ]. (35)

We now indicate that the latter constraints can be reformulated as T convenient convex constraints.
Associate indeed with every interval Γt an increasing convex conjugate function given as

ϕ⋆
t (∆) := max

γ∈Γt

∆γ − ϕ(γ) (36)

and hence we can reformulate the semi-infinite constraints (35) as the convex constraints

(x− xt)⊤p0 + αϕ⋆
t ((∥x∥⋆ − ∥xt∥⋆)/α) ≤ 0 ∀t ∈ [1, . . . , T ].

Here the (∆, α) 7→ αϕ⋆
t (∆/α) term is the perspective of ∆ 7→ ϕ⋆

t (∆), which is well-defined and convex
for α ≥ 0 (Combettes and Müller 2018).

5.3. Discretization Formulations

As γ ∈ Γ is a one-dimensional parameter, Problem GARO can be approximated by appropriately
discretizing the interval Γ. For a given discretization min Γ = γ1 ≤ γ2 ≤ · · · ≤ γT +1 = max Γ, the
discretized version of GARO is defined here as the problem

min
x∈X, α≥0

α

s.t. max
p∈Pγt

f(x, p)− v⋆
wc(γt) ≤ αϕ(γt) ∀t ∈ [1, . . . , T + 1].

(GAROd)

We recall that the oracle costs v⋆
wc(γt) := minx′∈X maxp′∈Pγt

f(x′, p′) require merely the solution of a
classical robust optimization formulation. Hence, Problem (GAROd) is an optimization problem with
T + 1 robust constraints. Using standard dual representations, the maximization terms in (GAROd)
can in a wide range of circumstances be reformulated (see Ben-Tal et al. (2015)) resulting in an
equivalent optimization problem amenable to off-the-shelf solvers. Alternatively, classical constraint
generation methods for robust optimization problems could be applied to each of the T +1 constraints
to solve the problem.

Assumption 3. Assume a selection xrob(γ) ∈ Xrob(γ) = arg minx∈X maxp∈Pγ f(x, p) exists for all
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γ ∈ Γ. We assume that γ′ 7→ maxp∈Pγ′ f(xrob(γ), p) is Lipschitz continuous with constant L for all
γ ∈ Γ.

In the following we study the effect of discretizing the interval Γ. The following theorem states
that the discretized formulation (GAROd) returns a solution which violates the constraints in the
adversarial robust formulation GARO by a value which is well controlled by the grid size under
Assumption 3.

Theorem 3. Let Assumption 3 hold and let ∆ := maxt=1,...,T γt+1 − γt be the grid size. Denote with
L′ the Lipschitz constant of ϕ over Γ. An optimal solution (x∆

garo, α
∆
garo) in (GAROd) satisfies for all

γ ∈ Γ the inequality

max
p∈Pγ

[
f(x∆

garo, p)− min
x′∈X

max
p′∈Pγ

f(x′, p′)
]
− α∆

garoϕ(γ) ≤ ∆(L+ α∆
garoL

′).

In other words, (x∆
garo, α

∆
garo) is ∆(L + α∆

garoL
′)-feasible in GARO. Since α∆

garo is available after
solving the discretized problem, the bound ∆(L + α∆

garoL
′) ≤ ε can be verified a posteriori and the

grid refined if necessary. Theorem 3 is a feasibility statement, but it implies an optimality guarantee
on α∆

garo directly. Denote ϕmin := ϕ(min Γ). If ϕmin = 0, the GARO constraint at γ = min Γ forces
A(x,min Γ) = 0, so xgaro ∈ Xrob(min Γ) and the problem essentially reduces to a standard robust
formulation. In a nontrivial case ϕmin > 0, the discretized problem GAROd has fewer constraints than
GARO, giving α∆

garo ≤ αgaro. Theorem 3 further implies that (x∆
garo, α

∆
garo + ∆(L+ α∆

garoL
′)/ϕmin) is

feasible in GARO, since ϕ(γ) ≥ ϕmin for all γ ∈ Γ, and hence αgaro ≤ α∆
garo + ∆(L + α∆

garoL
′)/ϕmin.

Combining,
0 ≤ αgaro − α∆

garo ≤ ∆(L+ α∆
garoL

′)/ϕmin ≤ ∆(L+ αgaroL
′)/ϕmin,

so α∆
garo → αgaro at rate O(∆) as the grid is refined.

Proof of Theorem 3. We recall that we defined vwc(x, γ) := maxp∈Pγ f(x, p) and v⋆
wc(γ) := minx∈X vwc(x, γ).

Assume now that γ ∈ Γ is arbitrary. There exists a j ∈ {1, . . . , T} such that γ ∈ [γj , γj+1). Let
xj = xrob(γj) ∈ Xrob(γj) be an optimal solution of the min-max problem with uncertainty set Pγj .
We can bound

vwc(x∆
garo, γ)− v⋆

wc(γ) ≤ vwc(x∆
garo, γj+1)− v⋆

wc(γj)

≤ v⋆
wc(γj+1)− v⋆

wc(γj) + α∆
garoϕ(γj+1)

≤ vwc(xj , γj+1)− vwc(xj , γj) + α∆
garoϕ(γj+1)

where the first inequality follows since vwc(x, γ) is non-decreasing in γ for every x, the second inequality
follows since (x∆

garo, α
∆
garo) is a feasible solution in Problem (GAROd), and the third inequality follows
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since xj ∈ X is a minimizer of vwc(x, γj). We can continue bounding the last term as

vwc(xj , γj+1)− vwc(xj , γj) + α∆
garoϕ(γj+1)

≤ (γj+1 − γj)L+ α∆
garoϕ(γj+1)

= (γj+1 − γj)L+ α∆
garoϕ(γ) + α∆

garo (ϕ(γj+1)− ϕ(γ))

≤ (γj+1 − γj)L+ α∆
garoϕ(γ) + α∆

garoL
′(γj+1 − γ)

≤ (γj+1 − γj)L+ α∆
garoϕ(γ) + α∆

garoL
′ (γj+1 − γj)

where the first inequality follows from Assumption 3, the second inequality follows from Lipschitz
continuity of ϕ with constant L′, and the third inequality follows since γj ≤ γ.

In a wide array of problems, including those described in Sections 5.1 and 5.2, the mapping
γ 7→ vwc(x, γ) := maxp∈Pγ f(x, p) is Lipschitz continuous and hence Assumption 3 indeed holds.
For instance, when the worst-case cost function γ 7→ vwc(x, γ) is concave in γ, then v⋆

wc(γ) =
minx∈X vwc(x, γ) is a concave function as well and Assumption 3 holds with Lipschitz constant
L = ∂γv

⋆
wc(0) = ∂γvwc(xnom, 0) by the envelope theorem.

Example 7. Reconsider the uncertain linear regression problem minx∈X ∥Ax− b∥ where the
matrix A is uncertain. We have vwc(x, γ) := max∥A−A0∥≤γ ∥Ax− b∥ = ∥A0x− b∥+ γ ∥x∥ is affine
and hence concave. It follows that Assumption 3 holds for L = ∥xnom∥ = ∥A†

0b∥. Similarly, the
uncertain linear optimization problem in Section 5.2 where vwc(x, γ) := max∥p−p0∥≤γ x

⊤p = x⊤p0+
γ ∥x∥⋆ which is affine and hence concave. It follows that Assumption 3 holds for L = ∥xnom∥⋆.

Example 8. Consider an uncertain stochastic optimization problem minx∈X EP [ℓ(x, ξ)] where
the distribution P is uncertain. We assume here that P is supported on Ξ and that the ℓmin ≤
ℓ(x, ξ) ≤ ℓmax for all x ∈ X and ξ ∈ Ξ. Suppose we have access to a prediction P0 for
which we expect the Kullback-Leibler distance to P to remain small. Given that the Kullback-
Leibler distance behaves quadratically, i.e., KL(λP0 + (1 − λ)P,P) = λ2

2 χ
2(P0,P) + o(λ2) with

χ2(P0,P) :=
∫

(dP0/dP(ξ)− 1)2 dP(ξ), we will impose KL(P0,P) ≤ γ2. A well known result from
the optimization literature (Van Parys et al. 2021) is that the worst-case cost function satisfies
the dual characterization

vwc(x, γ) =

 max
P

EP [ℓ(x, ξ)]

s.t. KL(P0,P) ≤ γ2
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=

 min
α

α− exp(−γ2) exp (EP0 [log(α− ℓ(x, ξ))])

s.t. maxξ∈Ξ ℓ(x, ξ) ≤ α

and can be evaluated efficiently using simple bisection search. Furthermore, as Lemma 6 points
out the worst-case function is uniformly Lipschitz in the decision x ∈ X and hence Assumption 3
is satisfied.

5.4. Constraint Generation

The number of discretization points required to achieve a small constraint violation via the discretiza-
tion approach in the previous section can be large when working with large Lipschitz constants or a
large interval Γ. In this case it could be beneficial to iteratively discretize Γ by calling a separation
oracle which finds the γ value that violates the constraint in GARO; see Algorithm 1.

Assumption 4. Let f(x, p) be Lipschitz continuous on x ∈ X uniformly for all p ∈ Pmax Γ, X, Γ and
Pγ compact sets for every γ ∈ Γ, and ϕ Lipschitz over Γ.

Assumption 5. We assume we can solve the univariate separation problem

max
γ∈Γ

max
p∈Pγ

f(x, p)− min
x′∈X

max
p′∈Pγ

f(x′, p′)− αϕ(γ)

for any x ∈ X and α ≥ 0.

We show that under Assumptions 4 and 5 constraint generation Algorithm 1 converges to an ap-
proximate solution in our adversarial regret optimization formulation.

Theorem 4. Let Assumptions 4 and 5 hold and let GARO be feasible. Then, Algorithm 1 converges
to an ε-feasible solution of our GARO.

Proof. Since GARO is feasible there exists a solution (x̄, A) satisfying

max
p∈Pγ

[
f(x̄, p)− min

x′∈X
max
p′∈Pγ

f(x′, p′)
]
≤ Aϕ(γ) ∀γ ∈ Γ.

We can hence restrict (x, α) in GARO to the compact set X × [0, A] without loss of optimality.
Following the convergence analysis in (Mutapcic and Boyd 2009, Section 5.2), our cutting plane

algorithm converges if the constraint function

g(x, α; γ) = max
p∈Pγ

f(x, p)− min
x′∈X

max
p′∈Pγ

f(x′, p′)− αϕ(γ)
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Algorithm 1 Constraint Generation Algorithm for GARO
Require: X ⊂ Rn compact, f(x, p) Lipschitz continuous in x for every p ∈ P , interval Γ, ε > 0
Ensure: ε-optimal solution of Problem GARO

1: Set C ← ∅
2: Set v⋆

wc ←∞
3: while v⋆

wc ≥ ε do
4: Calculate an optimal solution (x⋆, α⋆) in the main problem

min
x∈X, α≥0

α

s.t. max
p∈Pγ

[
f(x, p)− min

x′∈X
max
p′∈Pγ

f(x′, p′)
]
≤ αϕ(γ) ∀γ ∈ C.

5: Calculate an optimal solution γ⋆ of the separation problem

v⋆
wc ← max

γ∈Γ
max
p∈Pγ

[
f(x⋆, p)− min

x′∈X
max
p′∈Pγ

f(x′, p′)
]
− α⋆ϕ(γ).

6: Set C ← C ∪ {γ⋆}.
7: end while
8: return (x⋆, α⋆)

are Lipschitz continuous in the decision variables, i.e., x and α, uniformly over the quantifiers γ ∈ Γ.
Since f is Lipschitz continuous in x uniformly over p ∈ Pmax Γ the worst-case cost (x, α) 7→ vwc(x, γ) :=
maxp∈Pγ f(x, p) must be Lipschitz continuous for every γ since

vwc(x1, γ)− vwc(x2, γ) ≤ f(x1, p
⋆)− f(x2, p

⋆) ≤ L∥x1 − x2∥

where p⋆ is a maximizer of maxp∈Pγ f(x1, p) and L the uniform Lipschitz constant of f(x, p) in x ∈ X
over p ∈ Pmax Γ. Clearly (x, α) 7→ αϕ(γ) is Lipschitz continuous (and linear) in α with Lipschitz
constant maxγ∈Γ ϕ(γ) <∞, and the claim follows.

By the same reasoning as in Section 5.3, ε-feasibility also implies an optimality guarantee in the
nontrivial case ϕmin > 0. At termination, (x⋆, α⋆) satisfies A(x⋆, γ) ≤ α⋆ϕ(γ) + ε for all γ ∈ Γ, so
(x⋆, α⋆ + ε/ϕmin) is feasible in GARO and hence αgaro ≤ α⋆ + ε/ϕmin. Combined with α⋆ ≤ αgaro, we
obtain 0 ≤ αgaro − α⋆ ≤ ε/ϕmin.

The separation problem over γ which has to be solved in Algorithm 1 is a univariate maximization
problem. When the function γ → maxp∈Pγ f(x, p) is Lipschitz this can be done to any desired accuracy
using the Shubert–Piyavskii algorithm. If γ → maxp∈Pγ f(x, p) is concave, this could also be done by
exploiting DC-programming algorithms. However, in certain situations when the objective function is
linear, the separation problem can be calculated exactly; see Section 5.2.
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Example 9. We consider a generalized version of the uncertain linear optimization problem
discussed in Section 5.2 in which Pγ = {p ∈ P : ∥p− p0∥ ≤ γ} and where now P can be an
arbitrary convex polytope. Consider support function hP (u) = maxp∈P u

⊤p. In the linear case
f(x, p) = x⊤p we have that vwc(x, γ) := maxp∈Pγ f(x, p) = miny y

⊤p0 + ∥y∥⋆ γ + hP (x− y).
Observe that as here ∥ · ∥⋆ is a polyhedral norm, X a polytope and hP a linear representable

function both

vwc(x, γ) := min
y
y⊤p0 + ∥y∥⋆ γ + hP (x− y) ∀γ ∈ Γ

v⋆
wc(γ) := min

x∈X
max
p∈Pγ

f(x, p) = min
x′∈X,y′

y′⊤p0 +
∥∥y′∥∥

⋆ γ + hP (x′ − y′) ∀γ ∈ Γ
(37)

are linear optimization problems. Hence, for any fixed decision x we can partition Γ = ∪T
t=1Γt

such that on each Γt = [γt, γt+1) we can find extreme points yt and (x′
t, y

′
t) in (37) so that

vwc(x, γ) :=y⊤
t p0 + ∥yt∥⋆γ + hP (x− yt) ∀γ ∈ Γt

v⋆
wc(γ) := min

x∈X
max
p∈Pγ

f(x, p) =y′
t
⊤
p0 +

∥∥y′
t

∥∥
⋆ γ + hP (x′

t − y′
t) ∀γ ∈ Γt

Hence, using the same argument as in Section 5.2 we can write the separation problem as a
maximum of at most T terms, i.e.,

max
γ∈Γ

max
p∈Pγ

[
f(x, p)− min

x′∈X
max
p′∈Pγ

f(x′, p′)
]
− αϕ(γ)

= Tmax
t=1

(yt − y′
t)⊤p0 + hP (x− yt)− hP (x′

t − y′
t) + αϕ⋆

t

((∥∥y′
t

∥∥
⋆ − ∥yt∥⋆

)
/α
)

where the convex conjugate ϕ⋆
t associated with each Γt is stated in Equation (36).

6. A Minimum Knapsack Experiment

We apply the algorithmic framework of Section 5 to minimum knapsack problems with uncertainty
sets constructed from randomly generated data to assess the practical performance of GARO. The
code for the experiments is publicly available at https://github.com/JannisKu/GARO.git.
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6.1. Setup and Baseline Methods

We consider as deterministic problem the minimum knapsack problem of the form

minx x
⊤p

s.t. a⊤x ≥ b
x ∈ [0, 100]n.

The bounds on the variables prevent unbounded problems when a random scenario p has negative
entries. Furthermore, we refrain from applying an upper bound of one to each variable since the effect
of the robust models in this case is only marginal. Intuitively, for the chosen variant a nominal solution
is sparse, while robustness has the effect of reducing this sparsity.

We assume a training set D and a test set T of historical data points in 80/20 proportion. We then
define the uncertainty set

Pγ := {p ∈ Rn : (p− p0)⊤Σ̃−1(p− p0) ≤ γ}

where p0 is the empirical mean prediction and Σ̃ the empirical covariance matrix of D. If the smallest
eigenvalue of Σ̃ is smaller than 10−4, we add the matrix 10−4In to Σ̃. For a given confidence level
ρ ∈ [0, 1), we define γρ as the smallest value such that Pγρ contains a fraction ρ of all training data
points. We define the interval for the γ-parameter as Γ = [0, γ0.99]. Choosing γ0.99 instead of γ1.0

avoids calibrating the interval to the single most extreme sample, yielding a more stable estimate of
the effective data range.

We compare our method (GARO) against several baseline methods:

• (RO) robust optimization with ellipsoidal uncertainty set,

• (ROd) robust optimization with discrete uncertainty set,

• (SAT) robust satisficing with ellipsoidal uncertainty set, and

• (REG) classical robust regret with discrete uncertainty set.

We chose the discrete version of robust regret since the same problem with convex uncertainty sets
is computationally intractable. We briefly describe below how each method is solved. We denote by
X := {x ∈ Rn : a⊤x ≥ b, x ∈ [0, 100]n} the feasible set.

Classical Robust Optimization with Convex Uncertainty (RO) For a given γ ∈ Γ, we solve the
problem minx∈X maxp∈Pγ x

⊤p which can be reformulated as

min
x∈X

x⊤p0 +√γ
√
x⊤Σ̃x. (38)
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Classical Robust Optimization with Discrete Uncertainty (ROd) For a given γ ∈ Γ, we collect all
training scenarios which are contained in Pγ , i.e., we define D(γ) := D ∩ Pγ and solve the problem
minx∈X maxp∈D(γ) x

⊤p which can be reformulated as

minx∈X,α α

s.t. x⊤p ≤ α ∀p ∈ D(γ).

Robust Satisficing (SAT) We discretize the interval [0, γ0.99] into T + 1 = 100 equidistant values
0 = γ1 ≤ . . . ≤ γT +1 = γ0.99. We then calculate the oracle nominal cost v⋆

wc(0) = minx∈X x⊤p0. For a
given factor β ∈ [1,∞) we define the target value as f0 = βv⋆

wc(0) and then solve the robust satisficing
problem

minx∈X,α≥0 α

s.t. maxp∈Pγt
x⊤p ≤ f0 + αγt ∀t ∈ [1, . . . , T + 1].

Robust Regret (REG) The regret formulation for a given γ ∈ Γ solves minx∈X maxp∈Pγ [x⊤p −
minx′∈X x′⊤p], which is computationally intractable due to the nonconvexity induced by the inner
minimization. To allow computation, we consider an approximation in which the outer maximization
ranges only over the training scenarios contained in Pγ . We define D(γ) := D ∩ Pγ and solve the
approximate problem minx∈X maxp∈D(γ)

[
x⊤p−minx′∈X x′⊤p

]
which can be reformulated as

minx∈X,α α

s.t. x⊤p ≤ α+ minx′∈X x′⊤p ∀p ∈ D(γ).

Globalized Adversarial Regret Optimization (GARO) We discretize the interval [0, γ0.99] into T+1 =
100 equidistant values 0 = γ1 ≤ . . . ≤ γT +1 = γ0.99. For each γt we calculate the optimal value v⋆

wc(γt)
of the classical robust problem, i.e.,

v⋆
wc(γt) := min

x∈X
max
p∈Pγt

x⊤p.

We use the power rate function ϕ(γ) = (1 +γ)q with parameter q ≥ 0 introduced in Example 4, which
interpolates between the absolute guarantee (q = 0) and increasingly permissive adversarial regret
growth for larger q. We then solve the discretized global robust regret problem

minx∈X,α α

s.t. maxp∈Pγt
x⊤p− v⋆

wc(γt) ≤ α(1 + γt)q ∀t ∈ [1, . . . , T + 1].

The maximization term can be reformulated as shown for the classical robust optimization baseline.
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Instance Generation We generate 5 random problem instances and 5 random data sets, each con-
taining m = 5000 random observations on the profit vector p, which we split into training data D and
test data T in 80/20 proportion. The problem instances are generated as follows:

(i) We set n = 50 and draw five different weight vectors a uniformly from the box [25, 100]n.

(ii) We define the knapsack capacity as b = 2
5
∑n

i=1 ai.

For the data sets we consider different types of randomly generated data:

(a) Gaussian: We draw µ uniformly from the box [0, 50]n and the standard deviation σi uniformly
from [0, 1

2µi] for each i ∈ [n]. We additionally draw a random orthonormal basis u1, . . . , un ∈ Rn

and define the covariance matrix as Σ =
∑n

i=1 σ
2
i u

i(ui)⊤. We then sample m random points from
N (µ,Σ).

(b) Gaussian with Inverse Mean-Variance Relationship: The points are generated as in the
Gaussian case, except that the standard deviation σi is chosen uniformly from [0, 50 − µi] for
each i ∈ [n]. This ensures that large mean values are paired with small standard deviations
and vice versa. This choice is motivated by the observation that in the robust case the size of
the uncertainty has a larger impact on the ordering of entries in the worst-case scenario, which
intuitively leads to more diverse solutions for different γ values.

(c) Heavy-Tail: We draw m random points from the Pareto distribution with tail index 1.5, and
add the all-ones vector 1n to each drawn point.

6.2. Preliminary Analysis of Classical Robust Optimization

We start with an analysis of RO with Gaussian samples to introduce our evaluation metrics and show
the drawbacks of the guarantees provided by the model. A critical question in RO is how to choose
γ for the uncertainty set Pγ to obtain a solution which performs well out-of-sample under a given set
of performance metrics. To determine a good value for γ, we solve RO with radius γ = θγ0.99 where
θ ∈ {0.7i : i = 0, 1, . . . , 25}, which we denote by RO(θ). Note that for θ = 0 we obtain the nominal
solution associated with the prediction p0, while for θ = 1 we use an ellipsoid containing 99% of the
training data. For each γ we solve each combination of the 5 problem instances and the 5 training
data sets, resulting in 25 instances.

Each solution is evaluated on all test scenarios p ∈ T , i.e., we calculate the objective value x⊤p for
every solution x and test scenario p, and evaluate the average, worst-case and 90%-quantile perfor-
mance. While robust optimization typically aims for solutions with good performance in the upper
quantiles, these solutions should also not perform too poorly on average. Hence, decision makers are
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Figure 3: Out-of-sample performance of RO for the minimum knapsack problem with n = 50 for
Gaussian data. Mean vs. worst-case (left) and mean vs. 90%-quantile (right).

often interested in the trade-off between average and worst-case performance. In Figure 3 we show
the average out-of-sample performance over all 25 instances, plotting average vs. worst-case (left) and
average vs. 90%-quantile (right). The results show that good trade-offs between average and worst-
case (or 90%-quantile) are achieved for very small γ radii. Beyond θ = 0.168, the performance in both
average and worst-case (or 90%-quantile) already deteriorates as θ increases. The performance is also
highly sensitive to γ for small values thereof.

In practice, finding a good value for γ as in the previous analysis can be done via an empirical
out-of-sample performance test on a validation dataset. However, due to limited or biased data, such
empirical tests can be highly imprecise and hence misleading regarding the future performance of the
calculated solution. To obtain a more reliable performance guarantee, one can instead consider the
guarantee offered by the RO model itself. More precisely, for an optimal solution xRO(θ) of RO(θ)
with optimal value opt(RO(θ)), we have

x⊤
RO(θ)p

⋆ ≤

opt(RO(θ)) if γ⋆ = d(p0, p
⋆) ≤ θγ0.99

∞ otherwise.

These performance guarantees, plotted as a function of d(p0, p), are shown in Figure 4. All values
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Figure 4: Performance guarantees of RO(θ) in the minimum knapsack problem with n = 50 for Gaus-
sian data. Its guarantee is all-or-nothing: it is constant for d(p0, p) ≤ θγ0.99 and is vacuous
beyond this threshold.

are averages over the 25 instances. For each test sample p ∈ T , the value d(p0, p) is indicated on the
horizontal axis with a cross. The horizontal axis is normalized such that 1 corresponds to the largest
γ0.99 over all problem instances. Since γ0.99 is computed from the training data only, test samples may
exceed this value significantly.

The results show that the guarantees for the potential values of θ which lead to good trade-offs
(0 ≤ θ ≤ 0.12) are practically useless since they only hold for scenarios p close to the mean. However,
this region does not contain a single test scenario and hence the robust optimization guarantee does
not apply to any test scenario. In fact, the uncertainty sets Pγ which lead to a good out-of-sample
performance do not contain a single training point. This stark observation highlights the impracticality
of the guarantees classical robust formulations provide and the need for methods offering broader
performance guarantees. Furthermore, the size of the uncertainty set does not provide any intuitive
insight into the final performance of the corresponding solution. Indeed, the box-plots in Figure 5
suggest that the only notable benefit of increasing the uncertainty set is a reduction in the variance
of the out-of-sample performance. This is unsurprising: from the reformulation (38), larger γ values
assign greater weight to the standard deviation term in the objective.

6.3. Gaussian Data

We now turn to the main experiment comparing the different methods mentioned above. For the
baseline methods and GARO we consider the following setups, chosen based on the best worst-case
performance of each method in preliminary experiments. For RO we consider γ = θγ0.99 where θ ∈
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Figure 5: Boxplots of the out-of-sample objective values for the minimum knapsack problem with
n = 50 for Gaussian data. The diamonds denote the mean value.

{0, 0.02, . . . , 0.08}, and for ROd and REG we consider values θ ∈ {0.1, . . . , 0.5}. For SAT we consider
target values of β ∈ {1.2, 1.4, . . . , 2.0}, and for GARO we consider exponents q ∈ {0, 0.5, . . . , 2.0} in
the rate function ϕ(γ) = (1 + γ)q. We denote the previously described methods as RO(θ), ROd(θ),
SAT(β), REG(θ) and GARO(q). For each type of data generation process we solve each combination
of the 5 problem instances and the 5 training data sets, resulting in 25 instances.

In Figure 6 we show the average out-of-sample cost over all 25 instances, plotting average vs. worst-
case (left) and average vs. 90%-quantile (right) for all methods. Each value is an average over all 25
instances. The points for REG(0.3), REG(0.4) and REG(0.5) are not shown in the plot since they
lead to very large values on average and in worst-case and 90%-quantile costs.

The results show that the points of our method for q ≥ 0.5 provide a good trade-off lying close to
the lower left corner of the plot and dominate the solutions of the other methods. The solutions of
SAT provide similar values but are sensitive to the choice of the target level. In fact, for different
target levels SAT will return one of the RO solutions for a certain γ-value, and indeed any point of
the RO trade-off curve could be generated by setting a corresponding target level (see the discussion
in Section 2.3).

The solutions of RO and ROd provide good values for the worst-case costs with large increases in
mean cost, where ROd suffers most. ROd deteriorates also for the 90%-quantile compared to RO.
Only the nominal solution provides the best mean performance, at the cost of large worst-case and
90%-quantile costs (upper left corner). REG returns the nominal solution for θ ∈ {0, 0.1, 0.2} but
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Figure 6: Out-of-sample performance for the minimum knapsack problem with n = 50 for Gaussian
data. Average vs. worst-case (left) and average vs. 90%-quantile (right).

leads to very poor performance in mean, worst-case and 90%-quantile costs for larger θ values, which
are not visible on the plot.

Some of the studied methods provide performance guarantees on future scenarios after the solution
is calculated. We note that ROd(θ) only provides guarantees against scenarios in the training set D(γ)
and hence offers no formal out-of-sample guarantee. For an optimal solution xGARO(q) of GARO(q)
with corresponding optimal value αGARO(q), the resulting performance guarantee is

x⊤
GARO(q)p

⋆ ≤ v⋆
wc(γ⋆) + αGARO(q)(1 + γ⋆)q

where γ⋆ = d(p0, p
⋆). Moreover, for an optimal solution xSAT (β) of SAT(β) with corresponding optimal

value αSAT (β), the resulting performance guarantee is

x⊤
SAT (β)p

⋆ ≤ βv⋆
wc(0) + αSAT (β)γ

⋆.

Finally, note that for REG we do not naturally obtain a guarantee depending only on γ⋆.
These performance guarantees for Gaussian data, plotted as a function of d(p0, p), are shown in

Figure 7. For each scenario p, the plot shows the guaranteed upper bound on the objective value
provided by each method. All values are averages over the different problem and data instances.

36



0.0 0.2 0.4 0.6 0.8 1.0 1.2

102

103

104

p
x

Average Guarantees

RO(0.0)
RO(0.02)
RO(0.04)
RO(0.06)
RO(0.08)
Sat(1.2)
Sat(1.4)
Sat(1.6)
Sat(1.8)
Sat(2.0)
GARO(0.0)
GARO(0.5)
GARO(1.0)
GARO(1.5)
GARO(2.0)

Figure 7: Performance guarantees for the minimum knapsack problem with n = 50 for Gaussian data.

For each test sample p ∈ T , the value d(p0, p) is indicated on the horizontal axis with a cross. The
horizontal axis is normalized such that 1.0 corresponds to the largest γ0.99 over all instances. Since
γ0.99 is computed from the training set, test scenarios can have a normalized distance exceeding 1.0.

As shown in Figure 7, GARO provides significantly tighter guarantees throughout the test data
region for nearly all values of q, compared to SAT and RO/ROd. Only for a small region of scenarios
very close to the nominal prediction p0 (which did not appear in the test set) are the guarantees of
RO/ROd slightly better than those of GARO. Since the uncertainty sets chosen for RO have a very
small radius, the provided guarantees are practically vacuous: under Gaussian sampling the squared
Mahalanobis distance of a test point to the training mean is approximately χ2

n-distributed with mean
n, so the typical test scenario lies far outside the small uncertainty sets used by RO.

In Figure 8 we visualize the distribution of the out-of-sample performance. More precisely, for each
method the returned optimal solution x is evaluated on each of the test samples, i.e., we calculate the
objective value x⊤p for each p ∈ T and the distribution of these values is shown in the boxplots. Each
value is an average over all 25 instances.

The results indicate that nearly all methods (except REG and the nominal solution) perform well
for the upper quantiles, while for the lower quantiles only REG achieves good values. At the same
time, REG exhibits a larger variance compared to the other methods.

The average runtime is below or around one second for all methods except GARO which has a
runtime of around 6 seconds on average. We note, however, that the REG runtimes reflect the
approximate formulation over finitely many training scenarios; solving the exact regret problem would
be substantially more expensive due to its inherent nonconvexity.

For Gaussian samples with inverse mean-variance relationship we show the tradeoff plots in Figure 9.
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Figure 8: Boxplots of the out-of-sample objective values for the minimum knapsack problem with
n = 50 for Gaussian data. The diamonds denote the mean value.

The results show that the worst-case and 90%-quantile costs that GARO achieves are consistently close
to the best performance across all methods. At the same time, the mean performance is even better
than that of the nominal solution for q ≥ 1. Meanwhile, SAT also achieves better mean performance
than the nominal solution but is worse in terms of worst-case and 90%-quantile costs compared to
GARO. RO and ROd perform similarly to GARO in terms of worst-case and 90%-quantile costs but
underperform in terms of mean performance. The reason GARO performs well here is that items in
the knapsack problem with large mean costs have small variance and vice versa. For small uncertainty
sets, items with small mean values are therefore beneficial; for larger uncertainty sets, however, these
items become less attractive, since their variance eventually exceeds that of items with large means,
which are not greatly affected by larger uncertainty sets owing to their small variance. We show the
performance guarantees in Figure 15, and the out-of-sample boxplots in Figure 14 in the Appendix
which show a similar picture as for classical Gaussian samples.

The runtimes show approximately the same picture as for classical Gaussian samples, but are slightly
lower.
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Figure 9: Out-of-sample performance for the minimum knapsack problem with n = 50 for Gaussian
data with inverse mean-variance relationship. Average vs. worst-case (left) and average vs.
90%-quantile (right).

6.4. Heavy-Tail Data

For the heavy-tail samples we present the trade-off plots in Figure 10. The results indicate that
RO, SAT and REG consistently achieve approximately the best worst-case performances, however
with significant degradation in mean performance. The GARO method again yields solutions which
dominate in terms of worst-case vs. mean trade-off. However, its solutions are more sensitive in
terms of worst-case behavior, leading to larger worst-case values for q ≥ 1 compared to most of the
benchmark methods, while achieving nearly the best worst-case value for q = 0. At the same time,
GARO with q ≥ 1 achieves the best mean values together with the nominal solution. REG suffers
most in terms of mean performance.

Interestingly, when considering the 90%-quantile cost, the trade-off curve changes. The 90%-quantile
costs are significantly smaller than worst-case costs, owing to the properties of the Pareto distribution,
which generates many samples with small values and a few with very large values. GARO for q ≥ 0.5
performs very well in terms of 90%-quantile cost while simultaneously achieving nearly the best mean
behavior (only the nominal solution is better). The methods SAT, RO and REG do not achieve good
90%-quantile costs, performing even worse than the nominal solution and having significantly larger
mean values than GARO. REG achieves the worst 90%-quantile costs followed by RO, SAT and ROd.
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Figure 10: Out-of-sample performance for the minimum knapsack problem with n = 50 for heavy-tail
data. Average vs. worst-case (left) and average vs. 90%-quantile (right).

In Figure 11 we show the guarantees for each method as a function of γ for all test scenarios (right)
and a zoomed-in view restricted to test scenarios with γ close to zero (left). Due to the heavy-tail
distribution, most data points lie very close to p0 while a few lie far away. Note that what appears
to be piecewise linear functions on the left is an artifact of the plot generation process, since we
compute the function value on a grid of 100 evenly spaced γ-values connected by straight lines. The
results show that GARO(0) and GARO(0.5) provide very good guarantees for heavy-tail data, both for
scenarios close to p0 and those far from it. The previous trade-off results confirmed that GARO(0.5)
also provided one of the best out-of-sample performances in terms of 90%-quantile cost. We show the
out-of-sample boxplots in Figure 12.

The runtimes of RO, ROd, and SAT are again below one second on average, while REG and GARO
can have runtimes of up to 10 seconds where larger uncertainty sets lead to larger runtimes for REG.
The runtime for GARO is stable over different q.

7. Conclusion

We introduced Globalized Adversarial Regret Optimization (GARO), a decision framework that con-
trols adversarial regret uniformly across all prediction error levels. Unlike classical robust and regret
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Figure 11: Performance guarantees for the minimum knapsack problem with n = 50 for heavy-tail
data. Zoomed view for small γ (top) and full range (bottom).
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Figure 12: Boxplots for performance over all test scenarios for the knapsack problem with n = 50 and
heavy-tail data.
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formulations, GARO does not require probabilistic calibration of the uncertainty set and provides
meaningful performance guarantees even when predictions lack rigorous error bounds. We showed
that satisficing formulations reduce to robust formulations under typical convexity assumptions, and
that GARO with a relative rate function generalizes Lepski’s classical adaptation method to down-
stream decision problems. On the algorithmic side, we derived exact tractable reformulations for affine
and linear-polyhedral settings and proposed a discretization and constraint-generation algorithm with
convergence guarantees for the general case. Experiments on minimum knapsack problems show that
GARO yields a favorable trade-off between worst-case and mean out-of-sample performance, and
provides stronger global performance guarantees than existing methods.

In this work we focus on single-level problems where the uncertain parameters affect only the
objective function. Extending the globalized adversarial regret perspective to multi-stage problems or
to settings where uncertain parameters also affect the constraints is an interesting direction for future
research. Furthermore, not much is known yet about the theoretical complexity of the problem, either
in general or for specific problem structures.
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A. Supporting Results on the Facility Location Example

The Wasserstein distance is taken here as

W (P,P0) := inf
{∫ ∥∥ξ − ξ′∥∥dT(ξ, ξ′) : T ∈ P(P,P0)

}
where P(P,P0) denotes the set of all probability measures on Ξ × Ξ with marginals P and P0. The
classical Kantorovich-Rubinstein duality theorem states that the Wasserstein distance can be charac-
terized alternatively as

W (P,P0) = sup
{∫

ψ(ξ)dP(ξ)−
∫
ψ(ξ)dP0(ξ) : ψ a 1− Lipschitz function

}
.

The following result states the classical dual characterization of Wasserstein distributional optimiza-
tion.
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Lemma 2 (Blanchet and Murthy (2019)). Let
∫
∥ξ − µ∥2 dP0(ξ) <∞. Then, we have

max
P∈Pγ

∫
∥ξ − µ∥2 dP(ξ) = inf

λ≥0
λγ +

∫
max
ξ′∈Ξ

∥∥ξ′ − µ
∥∥2 − λ

∥∥ξ′ − ξ
∥∥dP0(ξ).

Lemma 3. We have

v⋆
wc(γ0) ≥ max

(
0, 1− γ0

2 ∥Ξ∥

)
v(P0) + min

(
γ0
2 , ∥Ξ∥

)
∥Ξ∥ . (39)

Proof of Lemma 3. Let γ0 > 2 ∥Ξ∥. Then as W (P,P0) ≤ γ0 for any P it hence holds that

max
P∈Pγ0

∫
∥ξ − µ∥2 dP(ξ) = max

P

∫
∥ξ − µ∥2 dP(ξ) = max

ξ∈Ξ
∥ξ − µ∥2 ≥ ∥Ξ∥2 .

Let γ0 ≤ 2 ∥Ξ∥ and take Ξ⋆ = arg maxξ∈Ξ ∥ξ − µ∥ which is a nonempty compact set by the extreme
value theorem. Consider the parameter α = γ0/(2 maxξ∈Ξ ∥ξ − µ∥) ≤ γ0/(2 ∥Ξ∥) ≤ 1 and consider the
following transport plan

Tα(ξ′, ξ) = 1
{
ξ = ξ′} (1− α) + α 1

{
ξ′ ∈ arg min

ξ′′∈Ξ⋆

∥∥ξ′′ − ξ
∥∥} .

Informally, we transport from each location a fraction α ∈ [0, 1] of the probability mass to a closest
point in the set Ξ⋆. Let us denote with Pα the associated pushforward probability measure. From the
definition of the Wasserstein distance is trivial to observe that W (Pα,P0) ≤ maxξ∈Ξ 2 ∥ξ − µ∥α ≤ γ0.
Furthermore, observe that∫

∥ξ − µ∥2 dPα(ξ) = (1− α)
∫
∥ξ − µ∥2 dP0(ξ) + αmax

ξ∈Ξ
∥ξ − µ∥2 .

Hence,

max
P∈Pγ0

∫
∥ξ − µ∥2 dP(ξ) ≥

∫
∥ξ − µ∥2 dPα(ξ)

≥
(

1− γ0
maxξ∈Ξ ∥ξ − µ∥

)∫
∥ξ − µ∥2 dP0(ξ) + γ0

2 max
ξ∈Ξ
∥ξ − µ∥

from which the claim follows immediately.

Lemma 4. Let M(γ0) := {µnom(P) : P ∈ Pγ0} where µnom(P) := arg minµ
∫
∥ξ − µ∥2 dP(ξ) is the

unique minimizer. Then M(γ0) ⊆ B[µnom(P0), γ0].
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Proof of Lemma 4. Recall that the support function of the set M(γ0) is defined as

hM(γ0)(c) := max
µ

{
c⊤µ : µ ∈M(γ0)

}
= ∥c∥ sup

{∫
c⊤ξ

∥c∥
dP(ξ) : P ∈ Pγ0

}
. (40)

As the function c⊤ξ/∥c∥ is 1-Lipschitz for any c, it follows from the Kantorovich-Rubinstein duality
that

hM(γ0)(c) ≤ c⊤
∫
ξdP0(ξ) + ∥c∥ γ0 = hB(c) (41)

where B denotes here a closed norm ball with center µnom(P0) =
∫
ξdP0(ξ) of radius γ0. As the

inequality holds for any c, it follows that M(γ0) ⊆ cl(conv(M(γ0))) ⊆ B from which the claim
follows.

B. Supporting Results on Satisficing

Proposition 2. Let f(x, p) be convex and lower semicontinuous in x and strictly concave and upper
semicontinuous in p with X compact convex and P∞ compact convex. Assume that p 7→ d(p0, p) is a
convex lower semicontinuous distance function and (17) is feasible and satisfies condition (18). Then,
we have

Xsat ⊆ ∪γ∈[0,γmax]Xrob(γ), γmax := maxp∈P∞ d(p0, p).

Proof. First, it is straightforward to observe that problem (17) is here equivalent to

minx∈X, α≥0 α

s.t. (vwc(x, γ)− f0)/γ ≤ α ∀γ ≥ 0.

As (17) admits a feasible point (xs, αs), the previous optimization problem satisfies the Slater con-
straint qualification condition at (xs, αs + 1). Furthermore, its minimum is attained as vwc(x, γ) is
lower semicontinuous in x for all γ ≥ 0 and X is a compact set and α can be constrained without loss
of generality to the compact set [0, αs]. Consider now an arbitrary minimizer (xsat, αsat).

Case αsat = 0. We must have here that f0 ≥ minx∈X maxp∈P∞ f(x, p) for (17) to be feasible and
hence from (18) we get f0 = minx∈X maxp∈P∞ f(x, p) and hence xsat ∈ Xrob(γmax).

Case αsat > 0. The constraint α ≥ 0 is nonbinding and can be relaxed and hence (17) is here
equivalent to

minx∈X, α∈R α

s.t. (vwc(x, γ)− f0)/γ ≤ α ∀γ ≥ 0.

We remark that as f(x, p) is convex in x this optimization problem is convex by construction. Introduce
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the Lagrangian
L(x, α, µ) = α+

∫
R+

(vwc(x, γ)− f0)
γ

− α dµ(γ)

where µ ∈ M+(R+) is a positive measure supported on R+. By Luenberger (1969, Theorem 8.3.1)
Slater’s constraint qualification implies that strong duality holds and the dual maximum is attained at
some nonnegative measure µsat. Combined with primal attainment of (xsat, αsat) Luenberger (1969,
Theorem 8.4.1) gives that the triple (xsat, αsat, µsat) is a saddle point of the Lagrangian L, i.e.,

max
µ∈M+(R+)

L(xsat, αsat, µ) ≤ L(xsat, αsat, µsat) = αsat ≤ min
x∈X, α∈R

L(x, α, µsat).

We now indicate that µsat must be a degenerate probability distribution. From the saddle point
condition, we first observe that αsat minimizes L(xsat, α, µsat) over α ∈ R. Given that

L(xsat, α, µsat) = α

(
1−

∫
R+

dµsat(γ)
)

+
∫

R+

(vwc(xsat, γ)− f0)
γ

dµsat(γ)

we need that
∫

R+
dµsat(γ) = 1 and hence it follows that µsat is a probability measure on R+. Second,

we have that αsat = L(xsat, αsat, µsat) which implies the complementarity condition
∫

R+

(vwc(xsat, γ)− f0)
γ

− αsat dµsat(γ) = 0.

Observe that as f(x, p) is concave in p and d(p0, p) is convex in p it follows that vwc(x, γ) is an increasing
concave function for any x ∈ X. From primal feasibility it follows that (vwc(xsat, γ)− f0)/γ − αsat ≤
0 and hence µsat must be supported on a convex set C = {γ ≥ 0 : vwc(xsat, γ) = f0 + αsatγ} =
{γ ≥ 0 : vwc(xsat, γ) ≥ f0 + αsatγ} where the worst-case function is affine and strictly increasing as
we have here αsat > 0. Hence, we must have that C ⊆ [0,maxp∈P∞ d(p0, p)] as for γ ≥ maxp∈P∞ d(p0, p)
the worst-case function takes on a constant value vwc(xsat, γ) = maxp∈P∞ f(xsat, p).

However, the worst-case cost function γ 7→ vwc(xsat, γ) is strictly concave following Lemma 5 and
hence C = {γ′

0} must be a singleton. For the sake of contradiction, let the convex set C contain two
distinct points γa and γb. Then for any t ∈ (0, 1) we have vwc(xsat, tγa + (1− t)γb) = f0 + αsat(tγa +
(1− t)γb) = t(f0 +αsatγa)+(1− t)(f0 +αsatγb) = tvwc(xsat, γa)+(1− t)vwc(xsat, γb) which contradicts
the fact that vwc(xsat, γ) is strictly concave.

From the saddle point condition, xsat finally minimizes L(x, αsat, µsat) =
∫

R+
(vwc(x, γ)− f0)/γdµsat(γ) =

(vwc(x, γ′
0)− f0)/γ′

0 over x ∈ X and hence xsat ∈ Xrob(γ′
0).

Lemma 5. Let P be a compact convex set and p0 ∈ P , let f(x, p) be strictly concave and upper
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semicontinuous in p, and let p 7→ d(p0, p) be a convex lower semicontinuous function. The function

γ 7→ vwc(x, γ) = max {f(x, p) : p ∈ P, d(p0, p) ≤ γ}

is strictly concave on any set C where it is strictly increasing.

Proof. The feasible set F (γ) = {p ∈ P : d(p0, p) ≤ γ} is a nonempty, compact, and convex set for any
γ ∈ C. Since f(x, p) is upper semicontinuous in p, the maximum defining vwc(x, γ) is attained by the
Weierstrass extreme value theorem, and since p 7→ f(x, p) is strictly concave this maximizer p⋆(γ) is
also unique.

Concavity. Consider γ1 and γ2 and λ ∈ (0, 1), and set γλ = λγ1 + (1 − λ)γ2. Let p⋆
i = p⋆(γi) and

pλ = λp⋆
1 + (1− λ)p⋆

2. Since P is convex, pλ ∈ P . Since p 7→ d(p0, p) is convex,

d(p0, pλ) ≤ λ d(p0, p
⋆
1) + (1− λ) d(p0, p

⋆
2) ≤ λγ1 + (1− λ)γ2 = γλ,

so pλ ∈ F (γλ). By feasibility and concavity of f ,

vwc(x, γλ) ≥ f(x, pλ) ≥ λf(x, p⋆
1) + (1− λ)f(x, p⋆

2) = λvwc(x, γ1) + (1− λ)vwc(x, γ2),

establishing concavity of vwc.

Strict concavity on C. It suffices to show that for γ1 < γ2 in C, the optimizers satisfy p⋆
1 ̸= p⋆

2, since
then the strict concavity of f gives f(x, pλ) > λf(x, p⋆

1)+(1−λ)f(x, p⋆
2), and the argument above yields

strict inequality vwc(x, γλ) > λvwc(x, γ1)+(1−λ)vwc(x, γ2). Suppose for contradiction that p⋆
1 = p⋆

2 =
p⋆. Then d(p0, p

⋆) ≤ γ1, so p⋆ is feasible for every γ′ ∈ [γ1, γ2], giving vwc(x, γ′) ≥ f(x, p⋆) = vwc(x, γ1).
But p⋆ is also optimal at γ2, so for any γ′ ≤ γ2 we have vwc(x, γ′) ≤ vwc(x, γ2) = f(x, p⋆) = vwc(x, γ1).
Hence γ 7→ vwc(x, γ) is constant on [γ1, γ2], contradicting the assumption that γ 7→ vwc(x, γ) is strictly
increasing on C.

We remark that the assumption that the cost function f(x, p) is strictly concave in p can be relaxed,
resulting in a slightly weaker result that there is always a satisficing solution which admits a robust
interpretation. The following is a proof of Theorem 1, which proceeds via a regularization argument.

Proof of Theorem 1. For each ε > 0 define

f ε(x, p) := f(x, p)− εψ(p).
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Since f(x, ·) is concave and −εψ is strictly concave, f ε(x, ·) is strictly concave for every ε > 0. Define

vε
wc(x, γ) := max

p∈Pγ

f ε(x, p), vwc(x, γ) := max
p∈Pγ

f(x, p).

Step 1 (Uniform approximation and compactness). Let M := maxp∈P∞ ψ(p) < ∞. Let
pε ∈ arg maxp∈Pγ f

ε(x, p) and p⋆ ∈ arg maxp∈Pγ f(x, p). Using optimality of pε for f ε and p⋆ for f
respectively:

vε
wc(x, γ) = f(x, pε)− εψ(pε) ≤ f(x, p⋆)− εψ(pε) ≤ vwc(x, γ),

vε
wc(x, γ) = f(x, pε)− εψ(pε) ≥ f(x, p⋆)− εψ(p⋆) ≥ vwc(x, γ)− εM,

where the first inequality in the first line uses optimality of p⋆, the second inequality in the first line
uses ψ ≥ 0 and the first inequality in the second line uses optimality of pε. Hence

max
x∈X, γ∈[0,γmax]

∣∣vε
wc(x, γ)− vwc(x, γ)

∣∣ ≤ εM → 0 as ε→ 0.

Since vε
wc ≤ vwc, any (x, α) feasible for SAT is also feasible for SATε, so αε ≤ αsat for all ε > 0. By

compactness of X × [0, αsat]× [0, γmax], there exists a sequence εk ↓ 0 along which

(xεk , αεk , γεk) −→ (x̂, α̂, γ̂) ∈ X × [0, αsat]× [0, γmax].

Step 2 (Continuity of vwc). We verify the conditions of Berge’s maximum theorem (Berge 1963,
p. 116) applied to vwc(x, γ) = maxp∈Pγ f(x, p) with parameter (x, γ) ∈ X × [0, γmax]. First, each
Pγ = {p ∈ P∞ : d(p0, p) ≤ γ} is compact, as a closed sublevel set of the lower semicontinuous function
d(p0, ·) intersected with the compact set P∞, and nonempty since p0 ∈ P∞ satisfies d(p0, p0) = 0 ≤ γ.
The correspondence γ 7→ Pγ is upper hemicontinuous: if γn → γ and pn ∈ Pγn with pn → p for
n→∞, then lower semicontinuity of d gives d(p0, p) ≤ limn→∞ d(p0, pn) ≤ limn→∞ γn = γ, so p ∈ Pγ .
It is lower hemicontinuous: given p ∈ Pγ and γn → γ for n→∞, set tn = min(1, γn/γ) (interpreting
tn = 1 when γ = 0) and pn = tnp + (1 − tn)p0 ∈ P∞ by convexity of P∞. Convexity of d(p0, ·) gives
d(p0, pn) ≤ tn d(p0, p) ≤ tnγ ≤ γn, so pn ∈ Pγn , and pn → p since tn → 1. Since f is jointly continuous,
Berge’s maximum theorem implies that vwc(x, γ) is jointly continuous in (x, γ) on X × [0, γmax].

Step 3 (Perturbed satisficing problem). Since f ε(x, ·) is strictly concave and upper semicontin-
uous, Proposition 2 applies to SATε and yields an optimal solution (xε, αε) with xε ∈ Xε

rob(γε) for
some γε ∈ [0, γmax], i.e.,

vε
wc(xε, γε) ≤ vε

wc(x, γε) ∀x ∈ X.
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Step 4 (x̂ is a robust solution at γ̂). Fix x ∈ X. For the right-hand side of the inequality in Step
3, ∣∣vεk

wc(x, γεk)− vwc(x, γ̂)
∣∣ ≤ ∣∣vεk

wc(x, γεk)− vwc(x, γεk)
∣∣︸ ︷︷ ︸

≤ εkM → 0

+
∣∣vwc(x, γεk)− vwc(x, γ̂)

∣∣︸ ︷︷ ︸
→ 0 by Step 2

,

and for the left-hand side,

∣∣vεk
wc(xεk , γεk)− vwc(x̂, γ̂)

∣∣ ≤ ∣∣vεk
wc(xεk , γεk)− vwc(xεk , γεk)

∣∣︸ ︷︷ ︸
≤ εkM → 0

+
∣∣vwc(xεk , γεk)− vwc(x̂, γ̂)

∣∣︸ ︷︷ ︸
→ 0 by Step 2

.

Passing to the limit gives vwc(x̂, γ̂) ≤ vwc(x, γ̂) for all x ∈ X, so x̂ ∈ Xrob(γ̂).

Step 5 (x̂ is feasible and optimal for SAT). Since (xεk , αεk) is feasible for SATεk ,

vεk
wc(xεk , γ) ≤ f0 + αεkγ ∀ γ ∈ [0, γmax].

Fix γ ∈ [0, γmax]. Adding and subtracting vwc(xεk , γ),

vwc(x̂, γ) ≤
∣∣vwc(x̂, γ)− vwc(xεk , γ)

∣∣︸ ︷︷ ︸
→ 0 by Step 2

+
∣∣vwc(xεk , γ)− vεk

wc(xεk , γ)
∣∣︸ ︷︷ ︸

≤ εkM → 0

+vεk
wc(xεk , γ)

≤
∣∣vwc(x̂, γ)− vwc(xεk , γ)

∣∣+ εkM + f0 + αεkγ.

Passing to the limit as k → ∞ gives vwc(x̂, γ) ≤ f0 + α̂γ for all γ ∈ [0, γmax], so (x̂, α̂) is feasible for
SAT. Since α̂ ≤ αsat by Step 1 and (x̂, α̂) is feasible, optimality of αsat gives α̂ = αsat, so x̂ is an
optimal solution of SAT.

The following examples illustrate that the assumptions in Proposition 2 and Theorem 1 are critical.

Example 10. Let here X = {x1 = (0, 2), x2 = (1, 0), x3 = (0.5, 1.7)} (nonconvex), f(x, p) = p⊤x,
d(p0, p) = ∥p− p0∥2, P = R2 and p0 = (1, 0). The associated worst-case cost is

vwc(x, γ) = max
d(p0,p)≤γ

p⊤x = p⊤
0 x+ γ∥x∥2.

The worst-case costs are v(x1, γ) = 2γ, v(x2, γ) = 1 + γ and v(x3, γ) ≈ 0.5 + 1.77γ. For 0 ≤ γ ≤ 1
solution x1 is robust optimal, while for 1 ≤ γ solution x2 is robust optimal; see Figure 13. In
particular, note that x3 is always dominated in terms of worst-case cost by x1 or x2.
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Figure 13: Worst-case costs for the three decisions in the nonconvex counterexample.

We consider a satisficing formulation

min α

s.t. maxd(p0,p)≤γ p
⊤x ≤ f0 + αγ ∀γ ≥ 0

x ∈ X

with satisfaction level f0 = 1/2. Note that solution x2 is not feasible in the satisficing problem
since p⊤

0 x
2 = 1 > f0. The optimal α for x3 is α3 =

∥∥x3∥∥
2 ≈ 1.77 while for x1 it must hold

α1 =
∥∥x1∥∥

2 = 2. Hence (xsat, αsat) = (x3,
∥∥x3∥∥) is the unique satisficing solution and yet x3 is not

robustly optimal for any γ ≥ 0.

Example 11. Let here X = [0, 2], f(x, p) = (x − 1)2 + p (not strictly concave in p), d(p0, p) =
|p− p0|, P = R and p0 = 0. The associated worst-case cost is

vwc(x, γ) = (x− 1)2 + γ

where clearly we have xrob(γ) = 1 for all γ ≥ 0 achieving oracle worst-case cost v⋆
wc(γ) = γ. We

consider now the satisficing formulation

min α

s.t. vwc(x, γ) ≤ f0 + αγ ∀γ ≥ 0
x ∈ X
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with satisfaction level f0 = 1/4 > 0 with solution set (Xsat, αsat) = (
{
x : (x− 1)2 ≤ f0

}
, 1) and

hence there are satisficing solutions which are not robustly optimal.

Proposition 3. Let Γ be compact and γ 7→ vwc(x, γ) be continuous for all x ∈ X. Suppose (xsat, αsat)
is optimal in (17). Then xsat is weakly minimal in (21).

Proof. Suppose for contradiction that xsat is not weakly minimal. Then there exists y ∈ X such that
A(y, γ) < A(xsat, γ) for all γ ∈ Γ. Adding v⋆

wc(γ) to both sides gives

vwc(y, γ) < vwc(xsat, γ) ≤ f0 + αsatγ ∀γ ∈ Γ,

where the second inequality follows from the feasibility of (xsat, αsat) in (17). Since Γ is compact and
γ 7→ f0 + αsatγ − vwc(y, γ) is continuous and strictly positive on Γ, its minimum

δ := min
γ∈Γ

(
f0 + αsatγ − vwc(y, γ)

)
> 0

is attained by Weierstrass’ extreme value theorem. Rearranging gives

vwc(y, γ) ≤ f0 + αsatγ − δ ≤ f0 +
(
αsat − δ/max Γ

)
γ ∀γ ∈ Γ,

so (y, αsat − δ/max Γ) is feasible in (17), contradicting the optimality of (xsat, αsat).
The assumption that Γ is compact is necessary: in Example 11 with Γ = R+, which is closed but

not bounded (hence not compact), the adversarial regret simplifies to A(x, γ) = (x− 1)2, so the entire
set of satisficing solutions

{
x : (x− 1)2 ≤ f0

}
fails to be weakly minimal, with the sole exception

xsat = 1.

C. Supporting Results on Algorithmic Aspects

Lemma 6. We have that γ 7→ vwc(x, γ) is Lipschitz continuous with constant

L =
√

2 (ℓmax − ℓmin) .

Proof. Define ψ(r) := vwc(x,
√
r) for r ≥ 0 and observe that it is concave and non-decreasing with

ψ(0) = EP0 [ℓ(x, ξ)] (Van Parys et al. 2021). Pinsker’s inequality gives KL(P0,P) ≤ r =⇒ ∥P −
P0∥T V ≤

√
r/2, where ∥ · ∥T V denotes the total variation norm, so

ψ(r)− ψ(0) ≤ (ℓmax − ℓmin)
√
r/2. (42)

For 0 ≤ γ1 < γ2, set ri = γ2
i . By concavity of ψ, the secant slope from r1 to r2 is at most the secant
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Figure 14: Boxplots for performance over all test scenarios for the knapsack problem with n = 50 and
Gaussian data with inverse mean-variance relationship. The diamonds denote the mean
value.

slope from 0 to r2:

ψ(r2)− ψ(r1) ≤ r2 − r1
r2

(
ψ(r2)− ψ(0)

)
≤ (γ2

2 − γ2
1)(ℓmax − ℓmin)√

2 γ2
.

Using γ2
2 − γ2

1 = (γ2 + γ1)(γ2 − γ1) ≤ 2γ2(γ2 − γ1) yields

vwc(x, γ2)− vwc(x, γ1) ≤
√

2 (ℓmax − ℓmin)(γ2 − γ1).

D. Supporting Results on Experiments

D.1. Additional Results Experiment 1

In the following we present additional plots for the knapsack experiments.
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Figure 15: Performance guarantees for the minimum knapsack problem with n = 50 for Gaussian data
with inverse mean-variance relationship.

55


	Introduction
	From Classical to Wild Predictions
	Literature Review
	Contributions

	Uncertain Optimization
	Robust Optimization
	Regret Optimization
	Satisficing

	Robust Decisions with Wild Predictions
	Performance Guarantees Across Prediction Regimes
	Classical Predictions
	Adaptive Predictions
	Wild Predictions

	Solution Methods
	Nominal-Robust Formulations
	Linear Formulations with Polyhedral Norm Uncertainty
	Discretization Formulations
	Constraint Generation

	A Minimum Knapsack Experiment
	Setup and Baseline Methods
	Preliminary Analysis of Classical Robust Optimization
	Gaussian Data
	Heavy-Tail Data

	Conclusion
	Supporting Results on the Facility Location Example
	Supporting Results on Satisficing
	Supporting Results on Algorithmic Aspects
	Supporting Results on Experiments
	Additional Results Experiment 1


