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Abstract

Data-driven solutions to resource allocation in wireless communications are be-
coming increasingly more pervasive to complement legacy model-based solutions.
This paper studies resource allocation when the transmitter is oblivious to channel
models and channel instantaneous realizations. Decision-making under a finite
number of choices is modeled by multi-armed bandits (MABs), which effectively
balance the rate of learning the channels (exploration) and their use in the meantime
(exploitation). Despite that natural fit, some key metrics of interest (e.g., outage
probability) cannot be directly specified by the average-based reward functions
that MAB algorithms rely on. This paper adopts a broader notion of reward that
subsumes the conventional average-based reward and accommodates other choices
that can precisely specify the desired metrics of interest in communications. This
leads to different principles for designing bandit algorithms. This framework is
presented in a general form, and its specific applications to optimizing outage and
latency are investigated.

1 Introduction

Machine learning (ML) can complement legacy model-based resource allocation solutions in wireless
communications by leveraging data to capture nuances that models cannot. Model-based methods
inevitably adopt simplifying assumptions that, on the one hand, enable analytical tractability at the cost
of not fully capturing the true complexity of radio frequency environments. With networks evolving
towards massive connectivity, extreme mobility, and heterogeneous services, the gap between stylized
models and operational reality is widening. ML-based approaches can potentially overcome such
impediments by learning directly from data, bypassing the need for tractable models [11, 16, 26].
Nevertheless, despite such potential, designing only black-box approaches raises questions about
their robustness, reliability, and interpretability. Hence, it is imperative to align the learned strategies
with performance metrics that matter in practice. This tension signifies the need for a comprehensive
perspective that systematically leverages the flexibility of ML while grounding it in principled
performance objectives.

The central challenge in resource allocation in wireless systems is that network conditions are rarely
known in advance, and often fluctuate unpredictably. Therefore, algorithms that interact with the
network and learn the environment are valuable. Online learning methods, and multi-armed bandit
(MAB) algorithms in particular, embody this principle by balancing how to explore the new strategies
with the information gleaned over time to converge to optimal performance. Such algorithms require
repeated interaction with the environment, and they are natural choices for decisions that must be
made repeatedly under uncertainty. Some examples include channel selection [2, 9, 12], power
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allocation [15, 24], rate adjustment [18, 17], and beam selection [3, 25, 23, 10, 6]. In contrast to the
static optimization approaches that rely on having a fixed and accurate model, MAB-based approaches
progressively improve their performance as they gather more, making them suitable for environments
with mobility, interference variability, and diverse quality-of-service requirements.

While MAB algorithms provide a natural framework for adaptive decision-making, there is a fun-
damental disconnect between what bandit theory traditionally optimizes and what communication
systems actually require. Specifically, conventional MABs are formalized to identify action with
the highest expected reward. This aligns with some metrics in communication (e.g., expected
throughput/rate); some critical measures in wireless networks go beyond average measures and are
highly sensitive to the tail behavior of the statistical models for the metric. For instance, ultra-reliable
low-latency communication (URLLC) requires stringent guarantees on rare-event latencies rather
than mean delay [5]; outage probability quantifies the likelihood that a user’s rate falls below a critical
threshold; and fairness objectives ensure that a few strong users do not monopolize resources while
others suffer degraded service. In massive machine-type communications (mMTC), reliability of
sporadic transmissions is key, while in enhanced mobile broadband (eMBB), extreme-rate events
can shape user experience. Such metrics cannot be adequately captured by expectations alone,
underscoring the need for a fresh perspective on bandit algorithms that systematically integrate risk
sensitivity, preference criteria, and tail behavior.

The limitations of mean-based objectives have led to growing interest in extending bandit models
to account for risk-sensitive decision-making. Recent work has explored criteria such as variance,
quantiles, and conditional value-at-risk, providing mechanisms to incorporate sensitivity to rare but
impactful events [8, 4, 19, 20, 13, 14, 7]. More recently, a framework that integrates diverse notions
of risks and preferences was introduced in [21, 22], which moves beyond expectations and designs
algorithms tailored to arbitrary performance metrics (PM). This perspective provides the versatility
needed to align online learning with requirements on reliability, latency, and fairness. In this paper,
we adopt and extend this framework to formalize, and address communication-driven performance
metrics.

This shift toward PMs has significant implications in algorithm design. In conventional formulations,
the optimal strategy is to identify and converge to a single best arm, corresponding to the action
with the highest expected reward. However, when optimizing more general PMs, depending on the
geometry of the chosen PM, the optimal solution may no longer be a solitary arm but rather a mixture
policy that randomizes across multiple arms. This requires a fresh look at algorithm design to account
for the possibility of mixture policies explicitly. On a technical level, it introduces several challenges.

The paper is organized as follows. Section 2 formalizes the PM-centric framework for bandit
design. Section 3 applies the framework to outage problem and demonstrates its use across different
settings. Section 4 presents an upper confidence bound (UCB)-based bandit algorithm and establishes
its performance guarantees. Section 5 concludes the paper. Proofs and empirical evaluations are
presented in the supplementary material.

2 PM-centric Bandit Framework

Stochastic bandit model. Consider a K-armed stochastic MAB, where the observations of arm
i ∈ [K] ≜ {1, · · · ,K} are generated according to a distribution with the cumulative distribution
function (CDF) Fi. We assume that the distributions {Fi : i ∈ [K]} belong to the parametric family
of distributions parameterized by their mean values. We denote the mean under Fi by θi.

At time t ∈ N, a policy π selects an arm At ∈ [K] and the arm generates a stochastic sample
Xt. Denote the sequence of actions and observations that policy π generates up to time t ∈ N by
Xt ≜ (X1, · · · , Xt) and Aπ

t ≜ (A1, · · · , At), respectively. We denote the sequence of independent
and identically distributed (i.i.d.) rewards generated by arm i ∈ [K] up to time t ∈ N is denoted by
Xt(i) ≜ {Xt : At = i} and define τπt (i) ≜ |Xt(i)|.

Preference metric. To any given CDF Q we assign a PM as the signed Choquet integral, as follows.

Uh(Q) ≜
∫ 0

−∞

(
h(1−Q(x))− h(1)

)
dx+

∫ ∞

0

h(1−Q(x))dx , (1)
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where h : [0, 1] → [0, 1] is called the distortion function, whose role is to distort the tail distribution
1−Q(x) in any desired form. It can, for instance, emphasize or de-emphasize certain pieces of the
tail distribution as desired. The choice of h enables a high degree of generality in selecting the PMs.
Corresponding to any given policy π at time t, the overall preference associated with the sequence of
arm selections Aπ

t by a policy π is specified by

Uh

( t∑
s=1

∑
i∈[K]

1

t
1{As = i} Fi

)
= Uh

( ∑
i∈[K]

1

t
τπt (i) Fi

)
. (2)

This is a strict generalization of the notion of rewards in the canonical MAB framework, which can
be recovered from the PM induced by setting the distortion function to h(u) = u.

Oracle Policy. Next, we specify an oracle that serves as a benchmark for policy performance. Such
an oracle accurately identifies the optimal sequence of arm selections {At : t ∈ N}. Given the
structure in (2), designing an oracle policy is equivalent to determining the optimal mixing of the
CDFs, where the mixing coefficients up to time t are

{
1
t τ

π
t (i) : i ∈ [K]

}
. For a bandit instance

ν ≜ (F1, · · · ,FK), the vector of optimal mixture coefficients is denoted by

α⋆ ∈ argmax
α∈∆K−1

Uh

( ∑
i∈[K]

α(i) Fi

)
, (3)

where ∆K−1 denotes a K-dimensional simplex. When the mixture coefficients vector α⋆ is 1-sparse,
the optimal policy becomes a solitary (single-arm) policy, and otherwise it is a mixture policy.

Mixture-centric Regret. Depending on the distortion function h, the optimal sampling rule may be
a mixture of arm distributions. Concrete examples of this behavior are presented in Section 3). This
motivates: for a bandit instance ν, oracle policy’s α⋆ in (3), given policy π and horizon T , define the
regret as the gap between the PM of the oracle policy and that of π, i.e.,

Rπ
ν(T ) ≜ Uh

∑
i∈[K]

α⋆(i) Fi

− Eπ
ν

Uh

( ∑
i∈[K]

1

T
τπ
T Fi

) . (4)

3 Applications to Wireless Communication Metrics

The PM-centric framework provides a natural way to capture certain key performance measures
in wireless communications. Classical metrics such as outage capacity fit seamlessly into this
formulation, as they directly reflect tail behavior rather than averages. The framework also offers a
principled foundation for a broader class of metrics for which prior attempts have sought to move
past mean-based evaluation but lack a unifying structure. Examples include metrics related to latency
violations or fairness across users. By embedding them within a PM-centric formalism, these metrics
can be systematically defined, analyzed, and optimized using learning algorithms, providing both
rigor and generality. In this sense, the framework not only subsumes some established communication
metrics but also extends them into a cohesive methodology.

We now describe a class of communication problems that can be framed by bandit settings and the
PM-centric framework. Consider a communication system, in which the performance under a given
decision (e.g., power level, transmission rate, or beamforming vector) is represented by a random
variable X . The source of randomness may stem from fading channels, interference, traffic arrivals,
or other stochastic radio frequency environments. In these problems, let [K] ∈ {1, . . . } denote a
finite set of possible actions, where each action corresponds to a design choice such as a discrete
transmission rate, a beam selection, or a power allocation level. Selecting action At ∈ [K] at time t
induces a random performance outcome Xt, drawn from an unknown distribution FAt

. Hence, each
action At can be modeled as an arm in a K-armed bandit problem, with the outcome distribution
capturing the variability of the wireless system under that choice.

In canonical bandit settings, the performance of an arm is summarized by its expected value, E[XAt ],
and the objective of a bandit algorithm is to identify the arm a∗ with the largest expectation. This
corresponds to optimizing mean performance, which aligns with conventional metrics such as average
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rate or average spectral efficiency. However, some metrics cannot be captured by expectation and
require a proper PM that accounts for their tail behavior. For instance, in outage capacity, the
interest is in the probability that the achieved rate falls below a threshold; in latency guarantees, the
objective is to control the probability that packet latency exceeds a bound, and in fairness, some of
the widely-used metrics capture the minimum or target quantiles of user-specific random variables.

In the rest of this section, we investigate the outage capacity as a representative and important
example that (i) satisfies the PM framework, and (ii) optimizing which requires a mixture policy with
a performance that dominates any solitary policy.

3.1 Outage Optimization: A PM-centric Model

Outage capacity is the maximum transmission rate that can be sustained with high reliability in the
presence of random channel variations. Given a target reliability level γ, for a single-user Gaussian
channel, the outage capacity is specified by

Cout(γ) = sup {R : P (C < R) ≤ γ} where C ≜ log(1 + SNR) . (5)

This represents the largest rate R such that the probability of the instantaneous rate falling below
R does not exceed γ. A higher outage capacity means that the system can reliably support higher
data rates despite fading or interference. The next lemma shows that the randomness model that
optimizes the outage capacity is the same model that optimizes the PM specified in (1) with the
choice of h(u) = min

{
u

1−γ , 1
}

.

Lemma 1 Consider a single-user Gaussian channel whose capacity C has CDF Q ∈ Q, where Q is
any desired set of CDFs. Then

Q⋆ ≜ argmax
Q∈Q

Cout(γ) = argmax
Q∈Q

Uh(Q) , for h(u) = min

{
u

1− γ
, 1

}
. (6)

Hence, optimizing outage capacity can be expressed as optimizing a proper PM Uh. A key subtlety
arises, however, when the set of CDFs Q is not convex. In such cases, a randomized combination of
the distributions in Q (e.g., via time-sharing) might lead to an outage capacity that is strictly larger
than maxQ∈Q Cout(γ). Operationally, this corresponds to adopting a mixture policy that properly
randomizes between transmission strategies that induce different distributions for the capacity (e.g.,
power levels, coding rates, or beamforming choices). This property is formalized in the next lemma.

Lemma 2 Suppose the CDF set Q is not convex. When the distortion function is concave (but
not affine), there might exists a mixture of CDFs in Q, denoted by Qmix for which Uh(Qmix) >
maxQ∈Q Uh(Q).

An important implication of this property for the MAB problems is that when Q is the set of K CDFs
representing K arms, a mixture of arm selection might provide a PM Uh that is strictly larger than
that of any single arm. We specialize this to the outage optimization problem in the next subsection
through a numerical example and then a more general model.

3.2 Rate Selection for Outage Optimization: Two-state Channels

Consider a two-state single-user channel. The channel is in the weak state Sw when SNR = 3 and
it is in the strong state Ss when SNR = 5. Accordingly, the channel capacities for these two steps
are Cw = 2 and Cs = 3 bits/sec/Hz, respectively. When the transmission rate is r, the effective rate
will be either r (no outage) or 0 (outage). Denote the probability of outage in this channel at rate
r by pout(r). Consider six possible transmission rates r ∈ {1, 3

2 , 2,
5
2 , 3,

7
2}. Define X ∈ {0, r} as

the random variable representing the effective rate when we transmit at r. Hence, X has distribution
r · Bern(1 − pout(r)), whose CDF we denote by Fr, with mean parameter is θ = r(1 − pout(r)).
With the choice of h in (6) we have

Uh(Fr) = r ·min

{
1− pout(r)

1− γ
, 1

}
. (7)
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When the channel is strong with probability ζ, we have pout(r) = ζu(r − 2) + (1 − ζ)u(r − 3),
where u is the unit step function. Hence, for the set of possible rates, γ = 0.1, and ζ = 0.6 we have

Uh(F1) = 1, Uh(F 3
2
) =

3

2
, Uh(F2) = 2, Uh(F 5

2
) =

5

3
, Uh(F3) = 2, Uh(F 7

2
) = 0 . (8)

Therefore, the best PM (outage capacity) is associated with the rates r ∈ {2, 3}. When the transmitter
is oblivious to all channel states and probability models, it can adopt a bandit framework to identify
the best rate by representing each rate with one arm. A canonical bandit algorithm can efficiently
identify the arms associated with the rates r ∈ {2, 3}. However, we can show that a mixture policy
can lead to a strictly higher PM (outage capacity). Specifically, consider selecting rates 2 and 3 for
%75 and %25 of the time, respectively, i.e., α = [0, 0, 0.75, 0, 0.25, 0]. This mixture has possible
rates r ∈ {0, 2, 3} and has the following mixture CDF.

Fmix(r) =
∑
i∈[K]

α(i)Fi = 0.1u(r) + 0.75u(r − 2) + 0.15u(r − 3) . (9)

The utility associated with this mixture model is Uh(Fmix) ≈ 2.16, which is strictly larger than all
the individual utilities in (8).

3.3 Rate Selection for Outage Optimization: Finite-state Channels

In this subsection, we formalize the observations from the previous toy example for a general
finite-state channel. Consider a K-state block-fading channel with states St ∈ [K] drawn i.i.d.
across episodes with unknown probabilities (q1, . . . , qK), where

∑K
i=1 qi = 1. Each state i has

an associated SNR γi and capacity ci ≜ log2(1 + γi). Without loss of generality, we assume
c1 < c2 < · · · < cK . The action set (arms) is a set of rates R, and we define

R ≜ {ri = ci : i ∈ [K]} . (10)

The probability of successful transmission at rate ri in state S ∈ [K] is given by

p̄out(ri) ≜ P{cs ≥ ri} =

K∑
ℓ=i

qℓ , (11)

which is strictly decreasing in i, i.e., 1 = p̄out(r1) > p̄out(r2) > · · · > p̄out(rK) > 0. The
per-episode achieved rate when selecting arm i is

Xi = ri · 1{ci ≥ ri} ∈ {0, ri} . (12)

Let us denote the CDF of Xi by Fi, with mean parameter is θ = ri(p̄out(r)). It can be readily verified
that for a pure policy that always elects arm i we have

Uh(Fi) = ri ·min

{
p̄out(ri)

1− γ
, 1

}
. (13)

Theorem 1 (Outage optimization – finite-state channel) For the rate-selection problem specified,
let α(i) be the fraction of episodes using rate ri. Adopt the convention p̄out(rK+1) = 0.

1. If mini p̄out(ri) ≥ 1− γ, the optimal policy is any solitary arm m⋆ ∈ argmaxi∈[K] ri.

2. If maxi p̄out(ri) < 1 − γ, the optimal policy is any solitary arm m⋆ ∈
argmaxi∈[K] p̄out(ri)ri.

3. If p̄out(rk) ≥ 1− γ > p̄out(rk+1) for some k ∈ {1, . . . ,K − 1}, define

m∗ ∈ argmax
i≥k+1

{rip̄out(ri)} , (14)

the optimal policy mixes rk (reliable) and rm⋆ (risky) with weights

α⋆(k) =
1− γ − p̄out(rm⋆)

p̄out(rk)− p̄out(rm⋆)
, α⋆(m⋆) = 1− α⋆(k) . (15)
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4 Param-UCB-M Algorithm

Two horizon-aware algorithms based on the explore-then-commit and UCB principles for sub-
gaussian distributions were introduced in [21, 22]. In this work, within our framework, we adapt
the approach to parametric distributions. We refer to this method as Parametric-Upper Confidence
Bound-Mixture (Param-UCB-M) algorithm.

4.1 Algorithm Details

The overall procedure of Param-UCB-M is summarized in Algorithm 1 and consists of 4 key steps:
discretization, forced exploration, parameter estimation, and under-sampling. Let N denote the last
time instant of forced exploration, given by

N ≜ K

⌈
1

4
ρεT

⌉
. (16)

Algorithm 1 Param-UCB-M
1: Input: Exploration rate ρ, discretization level ε, horizon T
2: Sample each arm N

K
times where N ≜ K

⌈
1
4
ρεT

⌉
and obtain observation sequences XN (1), · · · ,XN (K)

3: Initialize: τN (i) = N
K

∀i ∈ [K], empirical parameters θN(1), · · · , θN (K), confidence sets
CN (1), · · · CN (K)

4: for t = N + 1, · · · , T do
5: Compute the optimistic estimate at according to (19)
6: Select an arm At via undersampling and obtain reward Xt

7: Update the empirical parameter θt(i) according to (17)
8: Update the confidence set Ct(At) according to (18)
9: end for

Discretization. We uniformly discretize each coordinate of ∆K−1 into length ε ∈ (0, 1] intervals
and denote this simplex by ∆K−1

ε . Numerical computation has finite precision, therefore, it is
impractical to estimate mixing coefficients with finer granularity.

Forced Exploration. For horizon T and exploration parameter ρ ∈ (0, 1), each arm is sampled
uniformly for 1

4ρεT times.

Parameter estimation. We define the number of sample of arm i until time t as τt(i) ≜ |Xt(i)|.
We denote the CDF associated with the estimators as F(·; θt(i)) for θt(i) where the estimator is
defined as

θt(i) =
1

τt(i)

∑
s∈[t]

Xs(i)1{As = i} (17)

Accordingly, the confidence interval for θ(i) at time t, denoted Ct(i) is defined as

Ct(i) ≜

{
η ∈ Θ : |θt(i)− η| ≤

√
2 log T

τt(i)

}
. (18)

The confidence bounds are used to determine the mixing coefficient. Formally, the mixing coefficient
with the highest UCB value is selected according to

at ∈ argmax
a∈∆K−1

ε

max
κ(i)∈Ct(i),∀i∈[K]

Uh

( ∑
i∈[K]

α(i)F(·;κ(i))
)
. (19)

Undersampling. At time t, after selecting a mixing coefficient, the algorithm decides on which
arm to sample based on undersampling, i.e., At = maxi∈[K]{tat(i)− τt(i)} [22]
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4.2 Performance Guarantees

In the MAB setting, the performance of an algorithm is typically evaluated through its regret. We
first state our technical assumptions, then establish an upper bound, deferring detailed expressions. In
these assumptions ∥·∥W denotes the 1−Wasserstein distance.

Assumption 1 (Hölder continuity of Uh) There exist q ∈ (0, 1] and Lh such that for any F,G ∈ F
|Uh(F)− Uh(G)| ≤ Lh ∥F−G∥qW .

Assumption 2 (Hölder continuity of CDFs) There exist p ∈ (0, 1] and Lθ such that for any
Fi,Fj ∈ F , ∥Fi − Fj∥W ≤ Lθ|θi − θj |p .

Assumption 3 (Bounded range) There exists Bh > 0 such that for any F ∈ F , |Uh(F)| ≤ Bh .

We define the best discrete mixing coefficient as

a(1) ∈ argmax
a∈∆K−1

ε

Uh(
∑
i∈[K]

a(i)Fi) (20)

and the sub-optimality gap δ12(ε) associated with it as

δ12(ε) ≜ min
a∈∆K−1

ε \{a(1)}
{Uh(

∑
i∈[K]

a(1)(i)Fi)− Uh(
∑
i∈[K]

a(i)Fi)}. (21)

Based on the sub-optimality gap, define the time instant T0(ε) as

T0(ε) ≜ inf

{
t ∈ N :

√
8 log T

εT
≤
(

δ12(ε)

2KLhLθ

) 1
pq

∀s ≥ t

}
. (22)

Theorem 2 Under Assumptions 1, 2, and 3, for parametrized 1-sub-gaussian distributions, Hölder
exponents q and p, any 4

ρT ≤ ε ≤ 1
K , horizon T > T0(ε) (see (22)), Param-UCB-M’s regret scales

as

R(T ) = O

(
εq,

(√
log T

εT

)pq
)

. (23)

Theorem 2 shows that the regret scaling depends on the discretization level ε and the horizon T .
Since the second term in the regret upper bound grows as ε decreases, the discretization level ε cannot
be made arbitrarily small. Consequently, the regret cannot be made arbitrarily small. The precise
form of the upper bound and the accompanying proof are provided in Appendix D.

5 Conclusion

In this paper, we argued that for modern wireless communications, data-driven methods can be
preferable over the model-riven approaches, and average-based metric are inadequate when rare
events have catastrophic consequences. To address this, we adopted the PM-centric framework which
subsumes mean as a special case, and accounts for distributional tails. This framework provided a
principled formulation for resource allocation and even reformulates the existing problems, such as
outage. We propose a data-driven algorithm for parametric families of distributions that optimizes
PMs, and under mild regularity assumptions on the utility and the model, establish regret guarantees.
Empirically, we demonstrated for large enough horizons our algorithm outperforms vanilla UCB. Our
analysis assumes stationary. Extending the framework to non-stationary bandits, and using contextual
information remain important directions for future work.
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Appendix

Appendix A establishes that optimizing the PM with the distortion function in (6) is equivalent to
optimizing γ-outage capacity, as stated in Lemma 1. Appendix B provides the proof of Lemma 2
on mixtures. In Appendix C, we present the proof for Theorem 1, which shows the optimality for
different outage parameters. The regret analysis for the Param-UCB-M algorithm and the proof
of Theorem 2 are given in Appendix D. Appendix E presents empirical evaluations for the outage
problem, and Appendix F details the computational setup used in the empirical evaluations.

A Proof of Lemma 1

In this section, we show that optimizing γ−outage capacity is equivalent to optimizing PM with the
distortion function defined (6). Considering capacity is non-negative C ≥ 0, for PM, we have

Uh(Q) =

∫ ∞

0

h(1−Q(x))dx =

∫ ∞

0

min
{1−Q(x)

1− γ
, 1
}
dx . (24)

Additionally, from the definition of γ−outage capacity, we have

1−Q(x) ≤ 1− γ ⇒ Q(Cout(γ)) = γ ⇒ Cout(γ) := Q−1(γ) . (25)

Based on this equivalence, we can decompose the utility into two parts as

Uh(Q)
(25)
=

∫ Cout(γ)

0

1dx+

∫ ∞

Cout(γ)

1−Q(x)

1− γ
dx (26)

= Cout(γ) +
1

1− γ

∫ ∞

Cout(γ)

1−Q(x)dx (27)

(25)
= Cout(γ) +

1

1−Q(Cout(γ))

∫ ∞

Cout(γ)

1−Q(x)dx (28)

Now, we denote Cout(γ) as x⋆, N(x) = 1−Q(x) and A(x⋆) =
∫∞
x⋆ 1−Q(x)dx and use them in

(28) as

Uh(Q) = x⋆ +
A(x⋆)

N(x⋆)
. (29)

Now, let us take the derivative with respect to x⋆

∂Uh(Q)

∂x⋆
= 1 +

A′(x⋆)N(x⋆)−A(x⋆)N ′(x⋆)

N2(x⋆)
(30)

= 1 +
A′(x⋆)N(x⋆) + q(x⋆)A(x⋆)

N2(x⋆)
(31)

where q(x) is the probability density function of C. From the definition, we have

A′(x⋆) = −N(x⋆) (32)

Now, we use this equality to provide a lower-bound on the derivative

∂Uh(Q)

∂x⋆
= 1 +

−N(x⋆)N(x⋆) + q(x⋆)A(x⋆)

N2(x⋆)
(33)

= 1 +
−N(x⋆)N(x⋆)

N2(x⋆)
+

q(x⋆)A(x⋆)

N2(x⋆)
(34)

= 1− N2(x⋆)

N2(x⋆)
+

q(x⋆)A(x⋆)

N2(x⋆)
(35)

≥ q(x⋆)A(x⋆)

N2(x⋆)
> 0 (36)

Therefore, we can conclude that Uh(Q) is monotonic in Cout(γ), which means optimizing γ−outage
capacity is equivalent to optimizing this PM.
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B Proof of Lemma 2

Since h is concave but not affine, there exist u, v ∈ (0, 1), u ̸= v, and λ ∈ (0, 1) such that

h
(
λu+ (1− λ)v

)
> λh(u) + (1− λ)h(v) . (37)

Let us start with constructing two CDFs as follows. For s ∈ (0, 1) and L > 0, define Q(s,L) as the
two-point distribution

P(X = L) = s , and P(X = 0) = 1− s . (38)

Therefore,

Uh(Q
(s,L)) =

∫ L

0

h(s) dx = Lh(s) . (39)

Next, equalize the Uh-values by setting Lu = 1/h(u) and Lv = 1/h(v), which is possible since
h(u), h(v) > 0. Define

Q1 ≜ Q(u,Lu) , and Q2 ≜ Q(v,Lv) . (40)

By (39), Uh(Q1) = Uh(Q2) = 1. Now, let Q = {Q1, Q2}. Clearly Q is non-convex, and

max
Q∈Q

Uh(Q) = 1 . (41)

Finally, we create a mixture distribution as follows. Consider Qmix = λQ1 + (1 − λ)Q2. On
[0,min{Lu, Lv}) the survival values are constant at u and v respectively, so

1−Qmix(x) = λu+ (1− λ)v . (42)

Thus,

Uh(Qmix) =

∫ min{Lu,Lv}

0

h
(
λu+ (1− λ)v

)
dx . (43)

By (37) and strict concavity of h, this integral strictly exceeds

λUh(Q1) + (1− λ)Uh(Q2) = 1 . (44)

Hence Uh(Qmix) > 1 = maxQ∈Q Uh(Q).

C Proof of Theorem 1

In this section, we prove the Theorem 1 on the rate selection for outage optimization for finite
channels. We consider three cases:

1. mini p̄out(ri) ≥ 1− γ,

2. maxi p̄out(ri) < 1− γ,

3. there exists k ∈ [K − 1] such that p̄out(rk) ≥ 1− γ > p̄out(rk+1) .

For any α ∈ ∆K−1, we have

Uh

( ∑
i∈[K]

α(i)Fi

)
=

∫ ∞

0

min

{
1−

∑
i∈[K] α(i)Fi(x)

1− γ
, 1

}
dx (45)

=
∑
j∈[K]

(rj − rj−1)min

{∑K
i=j α(i)p̄out(ri)

1− γ
, 1

}
. (46)

with the convention r0 = 0.
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Case 1. If mini p̄out(ri) ≥ 1− γ, then, for all i ∈ [K], we have the following upper-bound

Uh

( ∑
i∈[K]

α(i)Fi

)
≤
∑
j∈[K]

(rj − rj−1)min

{∑K
i=j α(i)p̄out(ri)

1− γ
, 1

}
≤
∑
j∈[K]

(rj − rj−1) = rK .

(47)
For arm K, we have

Uh(FK) = rK min

{
p̄out(rK)

1− γ
, 1

}
= rK (48)

which means

Uh(FK) ≥ max
α∈∆K−1

Uh

( ∑
i∈[K]

α(i)Fi

)
(49)

Hence, the optimal solution is a solitary arm with the highest transmission rate
m⋆ ∈ argmax

i∈[K]

ri (50)

and in this problem, we have i⋆ = K.

Case 2. If maxi p̄out(ri) < 1−γ, then, for any α ∈ ∆K−1, we have
∑

i∈[K] α(i)p̄out(ri) < 1−γ.
Therefore,

Uh

( ∑
i∈[K]

α(i)Fi

)
=
∑
j∈[K]

(rj − rj−1)

∑K
i=j α(i)p̄out(ri)

1− γ
(51)

=
1

1− γ

∑
i∈[K]

α(i) p̄out(ri)
(∑

j∈[i]

(rj − rj−1)
)

=
1

1− γ

∑
i∈[K]

riα(i)p̄out(ri) (52)

≤ 1

1− γ
max
i∈[K]

rip̄out(ri) (53)

= max
i∈[K]

Uh(Fi) . (54)

Therefore, the optimal solution is the arm such that
m⋆ ∈ argmax

i∈[K]

rip̄out(ri) . (55)

Case 3. Now, let us consider the case when p̄out(rk) ≥ 1− γ > p̄out(rk+1).

For every j ≥ k + 1,
K∑
i=j

α(i)p̄out(ri) < 1− γ . (56)

Therefore, we have

Uh

( ∑
i∈[K]

α(i)Fi

)
=

∫ ∞

0

min

{
1−

∑
i∈[K] α(i)Fi(x)

1− γ
, 1

}
dx (57)

=
∑
j∈[K]

(rj − rj−1)min

{∑K
i=j α(i)p̄out(ri)

1− γ
, 1

}
(58)

=
∑
j∈[k]

(rj − rj−1)min

{∑K
i=j α(i)p̄out(ri)

1− γ
, 1

}
(59)

+

K∑
j=k+1

(rj − rj−1)

∑K
i=j α(i)p̄out(ri)

1− γ
(60)
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The first term is maximized when
∑K

i=j α(i)p̄out(ri) ≥ 1 − γ for all j ≤ k, resulting in value rk.
Since p̄out(ri) ≥ 1− γ for i ≤ k, we can set α(i) for i ∈ [k − 1] for simplification. Thus,

Uh

( ∑
i∈[K]

α(i)Fi

)
= rk +

K∑
j=k+1

(rj − rj−1)

∑K
i=j α(i)p̄out(ri)

1− γ
(61)

= rk +
1

1− γ

K∑
i=k+1

α(i)rip̄out(ri) (62)

The second term is linear in α(i) for i ≥ k + 1 and as in Case 2 maximized by

m⋆ ∈ argmax
i≥k+1

rip̄out(ri) (63)

Considering
∑K

i=j α(i)p̄out(ri) ≥ 1 − γ, our simplification for α(i) for i ∈ [k − 1] and (63), we
have

α(k) =
1− γ − p̄out(rm⋆)

p̄out(rk)− p̄out(rm⋆)
, α(m⋆) = 1− α(k) . (64)

Therefore, an optimal solution is

α⋆(i) =


α(k) if i = k

α(m⋆) if i = m⋆

0 otherwise
(65)

and the maximum value is

Uh

∑
i∈[K]

α⋆(i)Fi

 = rk +
1

1− γ
α(m⋆)rm⋆ p̄out(rm⋆) (66)

= rk +
1

1− γ

p̄out(rk)− (1− γ)

p̄out(rk)− p̄out(rm⋆)
rm⋆ p̄out(rm⋆). (67)

This completes the proof.

D Regret Analysis

In this section, we provide an analysis on the regret of Param-UCB-M and prove Theorem 2. Let
K arms have CDFs {Fi}Ki=1 with parameter vector θ = [θ1, . . . , θK ]. For any mixing coefficient
α ∈ ∆K−1, we write the mixture distribution and define the utility V (α,θ) ≜ Uh(

∑
i∈[K] α(i)Fi).

Define

W ≜ sup
α ̸=β∈∆K−1

∥∥∑K
i=1 αiFi −

∑K
i=1 βiFi

∥∥
W

∥α− β∥1
< ∞, (68)

which has the following upper bound W ≤
√
2π [22]. Consequently,∣∣V (α,θ)− V (β,θ)
∣∣ ≤ Lh W

q ∥α− β∥q1. (69)

Regret decomposition. We decompose the regret into two parts

R(T ) = V (α⋆,θ)− E
[
V
(τT

T
,θ
)]

(70)

= V (α⋆,θ)− V (a(1),θ)︸ ︷︷ ︸
estimation error δ01(ε)

+E
[
V (a(1),θ)− V

(τT

T
,θ
)]

︸ ︷︷ ︸
arm-selection regret R̄(T )

. (71)

The estimation regret δ01(T ) arises because the optimal solution may involve continuous mixing
coefficients, whereas in practice we approximate them using discretization granularity ε. In the
following lemma, we show how it scales with discretization granularity ε.
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Lemma 3 For the PM with the Hölder parameters q and Lh, for estimating regret, we have

δ01(ε) ≤ LKqεqW q (72)

Proof: We first define ā as the discrete mixing coefficient that is closest to the optimal coefficient
α⋆, i.e.,

ā ∈ argmin
a∈∆K−1

ε

∥α⋆ − a∥1 . (73)

Accordingly, we have

δ01(ε) = V (α⋆,θ)− V (a(1),θ) (74)
≤ V (α⋆,θ)− V (ā,θ) (75)

≤ L

∥∥∥∥∥∥
∑
i∈[K]

(
α⋆(i)− ā(i)

)
Fi

∥∥∥∥∥∥
q

W

(76)

≤ L∥α⋆ − ā∥q1 W
q (77)

≤ LKqεqW q, (78)

where, (76) follows from Definition 1, (77) follows from the definition of W in (68), and, (78) follows
from the fact that ᾱ may lie at most ε

2 away from the optimal coefficient α⋆ along each coordinate.

From Lemma 3, we have δ01(ε) = O(εq), therefore, now, we analyze the arm-selection regret. We
condition on the event that all parameters being contained in their respective confidence sets at
horizon T , i.e., i ∈ [K] we have θ(i) ∈ CT (i).

R̄(T ) = V (a(1),θ)− E
[
V
(τT

T
,θ
)]

(79)

= E
[
V (a(1),θ)− V (aT ,θ) + V (aT ,θ)− V

(τT

T
,θ
)]

(80)

≤
∑

D⊆[K]:D≠∅

E

[(
V (a(1),θ)− V (aT ,θ)

)
1{θ(i) /∈ CT (i) : i ∈ D}

]
︸ ︷︷ ︸

≜B1(T )

(81)

+ E

[(
V (a(1),θ)− V (aT ,θ)

)
1{θ(i) ∈ CT ∀i ∈ [K]}

]
︸ ︷︷ ︸

≜B2(T )

(82)

+ E

[(
V (aT ,θ)− V

(τT

T
,θ
)]

︸ ︷︷ ︸
≜B3(T )

. (83)

Expanding B1(T ), we have

B1(T ) =
∑

D⊆[K]:S̸=∅

P
(
θ(i) /∈ CT (i) : i ∈ S

)
× E

[
V (a(1),θ)− V (aT ,θ)

∣∣∣∣ θ(i) /∈ CT (i) : i ∈ S
]

(84)

≤ Bh

∑
D⊆[K]:S≠∅

P
(
θ(i) /∈ CT (i) : i ∈ S

)
(85)

where the last line follows from Assumption (3). Leveraging the fact that
K∑
i=1

(
K

i

)
xi = (x+ 1)K − 1 , (86)
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along with the sub-gaussian concentration bound for its mean P(θ(i) /∈ CT (i)) ≤ 1
T 2 for every

i ∈ [K], we have ∑
S⊆[K]:S≠∅

P
(
θ(i) /∈ CT (i) : i ∈ S

)
=

(
1

T 2
+ 1

)K

− 1 . (87)

Therefore, as an upper-bound on B1(T ) we have

B1(T ) ≤ Bh

(( 1

T 2
+ 1

)K

− 1
)

(88)

We now move on to bounding B2(T ). We first define the value of the UCB value for at as

UCBt(a) = max
a∈∆K−1

ε

max
κ∈Ct(i),∀i∈[K]

V(α, κ) . (89)

and we define the optimistic parameter estimates which maximize the upper confidence bound for
every arm i ∈ [K] as

θ̃t(i) ≜ argmax
κ(i)∈Ct(i)

max
κ(j)∈Ct(j):j ̸=i

UCBt(at) . (90)

and for their CDF, we define

F̃i,t ≜ F(; θ̃t(i)) . (91)

Expanding B2(T ), we have

B2(T ) = E
[
V (a(1),θ)− V (aT ,θ)

∣∣∣ θ(i) ∈ CT (i) ∀i ∈ [K]
]

(92)

≤ E
[
UCBT (a

(1))− V (aT ,θ)
∣∣∣ θ(i) ∈ CT (i) ∀i ∈ [K]

]
(93)

≤ E [UCBT (aT )− V (aT ,θ)| θ(i) ∈ CT (i) ∀i ∈ [K]] (94)
= E [UCBT (aT )− V (aT ,θ)| θ(i) ∈ CT (i) ∀i ∈ [K]] (95)

= E
[
V (aT , θ̃t(i))− V (aT ,θ)

∣∣∣ θ(i) ∈ CT (i) ∀i ∈ [K]
]

(96)

≤ E

L ∑
i∈[K]

(aT (i))
q ||F(·; θ̃T (i))− Fi||qW

∣∣∣∣∣∣ θ(i) ∈ CT (i) ∀i ∈ [K]

 (97)

≤ LhLθE

∑
i∈[K]

|θ̃T (i)− θ(i)|pq
 (98)

≤ LhLθE

∑
i∈[K]

√
2
log T

τT (i)

 (99)

≤ LhLθK

(√
8
log T

ρεT

)pq

(100)

where (98) follows from Assumption 2, (99) follows from the definition of confidence radius, and
(100) follows from forced exploration.

Now, we focus on the B3(T ) which measures the error between the chosen mixing coefficient and
the ratios of arm samples.

B3(T ) ≤ LhE

|| ∑
i∈[K]

(
aT (i)−

τT (i)

T

)
Fi||qW

 (101)

≤ LhW
qE
[
|aT − 1

T
τT |q

]
. (102)
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First, let us define the event

E0,t ≜
{
θ(i) ∈ Ct(i) ∀i ∈ [K]

}
. (103)

Let us denote the set of discrete optimal mixtures of the PM Uh by

OPTε ≜ arg max
a∈∆K−1

ε

V (a,θ) , (104)

and the set of optimistic mixtures at each instant t by

ÕPTε,t ≜ arg max
a∈∆K−1

ε

max
κ(i)∈Ct(i) ∀i∈[K]

V (a, κ) . (105)

For any a(1) ∈ OPTε and α̃t ∈ ÕPTε,t, let us define the events

E1,t(x) ≜
{∣∣∣V (a(1), θ̃t)− V (a(1),θ)

∣∣∣ < x
}

, (106)

E2,t(x) ≜
{∣∣∣V (at, θ̃t)− V (at,θ)

∣∣∣ < x
}

, (107)

and, Et(x) ≜ E1,t(x)
⋂

E2,t(x) . (108)

Note that

P
(
ÕPTε,t ̸= OPTε

)
= P

(
∃a ∈ ÕPTε,t : a /∈ OPTε

)
. (109)

Then, the error probability at time t is

P
(
at /∈ OPTε

)
= P

(
at /∈ OPTε | Ē0,t

)
P(Ē0,t) + P

(
at /∈ OPTε | E0,t

)
P(E0,t) (110)

≤ P(Ē0,t) + P
(
at /∈ OPTε | E0,t

)
(111)

≤
(

1

T 2
+ 1

)K

− 1 + P
(
at /∈ OPTε | E0,t

)
. (112)
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Next, note that

P
(
at /∈ OPTε | E0,t

)
= P

(
V (a(1),θ) > V (at,θ) + δ12(ε)

∣∣∣∣E0,t) (113)

= P

(
V (a(1),θ) > V (at,θ) + δ12(ε)

∣∣∣∣∣E0,t, Et
(
1

2
δ12(ε)

))

× P
(
Et
(
1

2
δ12(ε)

) ∣∣∣∣E0,t) (114)

+ P

(
V (a(1),θ) > V (at,θ) + δ12(ε)

∣∣∣∣∣E0,t, Ēt
(
1

2
δ12(ε)

))

× P
(
Ēt
(
1

2
δ12(ε)

) ∣∣∣∣E0,t) (115)

≤ P

(
V (a(1),θ) > V (at,θ) + δ12(ε)

∣∣∣∣∣E0,t, Et
(
1

2
δ12(ε)

))

+ P
(
Ēt
(
1

2
δ12(ε)

) ∣∣∣∣E0,t) (116)

≤ P

(
V (a(1), θ̃t) > V (at, θ̃t)

∣∣∣∣∣E0,t, Ēt
(
1

2
δ12(ε)

))

+ P
(
Ēt
(
1

2
δ12(ε)

) ∣∣∣∣E0,t) (117)

= P
(
Ēt
(
1

2
δ12(ε)

) ∣∣∣∣E0,t) (118)

≤ P
(
Ē1,t

(
1

2
δ12(ε)

) ∣∣∣∣E0,t)+ P
(
Ē2,t

(
1

2
δ12(ε)

) ∣∣∣∣E0,t) , (119)

Next, we will find upper bounds on the two probability terms in (119). Note that for any t > N (16),
i.e., after the forced exploration phase, we have

P
(
Ē1,t

(
1

2
δ12(ε)

) ∣∣∣∣E0,t)
= P

(∣∣∣V (a(1), θ̃t(i))− V
(
a(1),θ

)∣∣∣ ≥ 1

2
δ12(ε)

∣∣∣∣E0,t) (120)

≤ P

∑
i∈[K]

(a(1)(i))q
∥∥∥F(·; θ̃t(i))− F(·; θ(i))

∥∥∥q
W

≥ 1

2Lh
δ12(ε)

∣∣∣∣E0,t
 (121)

≤ P

∑
i∈[K]

(a(1)(i))q
∥∥∥θ̃t(i)− θ(i)

∥∥∥pq
W

≥ 1

2LhLθ
δ12(ε)

∣∣∣∣E0,t
 (122)

≤ P

∑
i∈[K]

(
a(1)(i)

)q︸ ︷︷ ︸
≤1

(√
2 log T

τt(i)

)pq

>
1

2LhLθ
δ12(ε)

 (123)

≤ P

((√
2 log T
1
4ρεT

)pq

>
1

2KLhLθ
δ12(ε)

∣∣∣∣E0,t
)

(124)

≤ P

((√
8 log T

εT

)pq

>
1

2KLhLθ
δ12(ε)

)
(125)
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Let us define

T0(ε) ≜ inf

{
t ∈ N :

√
8 log T

εT
≤
(

δ12(ε)

2KLhLθ

) 1
pq

∀s ≥ t

}
. (126)

Hence, T ≥ T0(ε), for all t ≥ N , we have

P
(
Ē1,t

(
1

2
δ12(ε)

) ∣∣∣∣E0,t) = 0 . (127)

following similar arguments we have

P
(
Ē2,t

(
1

2
δ12(ε)

) ∣∣∣∣E0,t) = 0 . (128)

From (127) and (128), we have

P
(
ÕPTε,t ̸= OPTε | E0,t

)
= 0 (129)

and

P
(
at /∈ OPTε

)
≤
(

1

T 2
+ 1

)K

− 1 + P
(
at /∈ OPTε | E0,t

)
(129)
=

(
1

T 2
+ 1

)K

− 1 (130)

We now define the low probability event E3,T . Let us define

E3,T ≜
{
∃t ∈ [N,T ] : ÕPTε,t ̸= OPTε

}
. (131)

We show that the probability of E3,T happening is bounded from above by

P (E3,T ) = P
(
∃t > N : ÕPTε,t ̸= OPTε,t

)
(132)

≤
T∑

t=N

P
(
ÕPTε,t ̸= OPTε,t

)
(133)

≤
T∑

t=N

(
1

T 2
+ 1)K − 1) + P(αt /∈ OPTε | E0,t) (134)

≤
T∑

t=N

(
1

T 2
+ 1

)K

− 1 (135)

≤ T

(
1

T 2
+ 1)K − 1

)
. (136)

Therefore, for B3(T ), we have

B3(T ) ≤ LhW
q E

 ∑
i∈[K]

∥∥aT (i)− 1
T τT (i)

∥∥q
1

∣∣∣∣∣∣ E3,T
P(E3,T ) (137)

+ LhW
q E

 ∑
i∈[K]

∥∥aT (i)− 1
T τT (i)

∥∥q
1

∣∣∣∣∣∣ Ē3,T
P(Ē3,T )

≤ LhW
qK P(E3,T ) + LhW

q E

 ∑
i∈[K]

∥∥aT (i)− 1
T τT (i)

∥∥q
1

∣∣∣∣∣∣ Ē3,T
 . (138)

Lemma 4 Under the event Ē3,T , a(1) ∈ OPTε and 4
ρT ≤ ε ≤ 1

K we have∥∥a(1)(i)− 1
T τt(i)

∥∥
1
≤ K

T
(139)
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Proof: Proof follows from the under-sampling proof [22].

Therefore, we have

B3(T ) ≤ LhW
qK P(E3,T ) + LhW

q E

 ∑
i∈[K]

∥∥aT (i)− 1
T τT (i)

∥∥q
1

∣∣∣∣∣∣ Ē3,T
 (140)

≤ LhW
qKP(E3,T ) + LhW

qK
q+1

T q
(141)

≤ LhW
qK
(
P(E3,T ) +

Kq

T q

)
(142)

≤ LhW
qK

((
T (

1

T 2
+ 1)K − 1

)
+

Kq

T q

)
(143)

Therefore, for the arm selection regret, we have

R̄T = B1(T ) +B2(T ) +B3(T ) (144)

≤ Bh

((
1

T 2
+ 1

)K

− 1

)
+ LhLθK

(√
8 log T

εT

)pq

(145)

+ L⟨W
qK

((
T (

1

T 2
+ 1)K − 1

)
+

Kq

T q

)
. (146)

Therefore, we can bound the arm selection regret from above using (88), (100), and (143),

R̄T = B1(T ) +B2(T ) +B3(T ) (147)

≤ Bh

((
1

T 2
+ 1

)K

− 1

)
+ LhLθK

(√
8 log T

εT

)pq

(148)

+ L⟨W
qK

((
T (

1

T 2
+ 1)K − 1

)
+

Kq

T q

)
. (149)

Now, from (147), and Lemma 3, we have

R(T ) ≤ δ01(ε) + R̄(T ) (150)

≤ δ01 +Bh

((
1

T 2
+ 1

)K

− 1

)
+ LhLθK

(√
8 log T

εT

)pq

(151)

+ LhW
q

(
T

(
1

T 2
+ 1)K − 1

)
+

Kq+1

T q

)
(152)

≤ LhKW qεq +Bh

((
1

T 2
+ 1

)K

− 1

)
+ LhLθK

(√
8 log T

εT

)pq

(153)

+ LhW
q

(
T

(
1

T 2
+ 1
)K

− 1

)
+

Kq+1

T q

)
(154)

≤ LhKW qεq + 3max{Bh, LhLθ, LhW
q}K

(√
8 log T

εT

)pq

(155)

≤ 4Kmax{Bh, LhLθ, LhW
q}max

{
εq,

(√
8 log T

εT

)pq }
. (156)

. Therefore, regret scales as

R(T ) = O

(
εq,

(√
log T

εT

)pq
)

(157)

where p is the Hölder parameter of the CDF and q is the Hölder parameter of the utility.
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E Empirical Evaluations

In section 3.2, we introduced an outage example where the optimal solution is a mixture of two
distributions. We now provide empirical evaluations for this setting. Since the relevant arms, i.e., arms
with non-zero weights are transmission rates, are 2 and 3, we include them and add a third arm with
rate 4 to show convergence to the mixture solution. We evaluate ther performance of Param-UCB-M
and report average regret across horizons under the PM with distortion function defined in (6) for
γ = 0.1. Each result is averaged over 10 independent trials. As a baseline, we compare against
vanilla UCB[1] algorithm.

Results. We compare the regret of Param-UCB-M against the vanilla UCB algorithm [1] over

horizons 50, 100, 250, 500, 750. For Param-UCB-M, we fix ρ = 0.9 and set ε = O
((

log T
T

) 1
3

)
.

Figure 1a show a clear separation: vanilla UCB consistently incurs higher regret than Param-UCB-M
across all horizons. This occurs because vanilla UCB converges to a single arm that maximizes the
mean reward, which is suboptimal in settings where the optimal solution is a mixture. Its regret stays
slightly above 2 since we evaluate performance under a PM rather than the mean. Early exploration
by vanilla UCB temporarily creates a mixture, but it ultimately concentrates on a solitary arm, leading
to persistent sub-optimality. By contrast, Param-UCB-M is explicitly designed to converge to the
optimal mixture, resulting in consistently lower regret that decreases sub-linearly in Figure 1a and
approaches the true optimal value of 2.16667 in Figure 1b .
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(a) Average regret for Param-UCB-M and Vanilla
UCB across different horizons.
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(b) Average utility value for Param-UCB-M and
vanilla UCB across different horizons

Figure 1: Comparison of performance for Param-UCB-M and vanilla UCB algorithms.

F Computational Resources

All experiments were executed on a dedicated Ubuntu 24.04.2 LTS server with dual-socket AMD
EPYC 9124 CPUs (2×16 cores; 32 cores total) and 377 GiB RAM. Although the server includes
GPUs, all runs in this paper used CPUs only (no GPU acceleration).
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