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Abstract

Equitably allocating limited resources in high-stakes
domains—such as education, employment, and health-
care—requires balancing short-term utility with long-term
impact, while accounting for delayed outcomes, hidden
heterogeneity, and ethical constraints. However, most
learning-based allocation frameworks either assume im-
mediate feedback or ignore the complex interplay between
individual characteristics and intervention dynamics. We
propose a novel bi-level contextual bandit framework for
individualized resource allocation under delayed feedback,
designed to operate in real-world settings with dynamic
populations, capacity constraints, and time-sensitive impact.
At the meta level, the model optimizes subgroup-level budget
allocations to satisfy fairness and operational constraints.
At the base level, it identifies the most responsive individ-
uals within each group using a neural network trained on
observational data, while respecting cooldown windows
and delayed treatment effects modeled via resource-specific
delay kernels. By explicitly modeling temporal dynamics
and feedback delays, the algorithm continually refines its
policy as new data arrive, enabling more responsive and
adaptive decision-making. We validate our approach on
two real-world datasets from education and workforce
development, showing that it achieves higher cumulative
outcomes, better adapts to delay structures, and ensures
equitable distribution across subgroups. Our results highlight
the potential of delay-aware, data-driven decision-making
systems to improve institutional policy and social welfare.

Code — https://github.com/sinatorrr/MAB

Introduction

Resource allocation is a central challenge in high-stake do-
mains such as healthcare, where practitioners determine
treatment priorities (Lane et al. 2017; Aktas, Ulengin,
and Sahin 2007; Daniels et al. 2016); telecommunications,
where capacity must be distributed across competing chan-
nels (Su et al. 2019; Hui 2002; Gibney and Jennings 1998);
education, where instructional or financial resources are al-
located to students (Monk 1981; Liefner 2003; Massy 1996);
and social welfare, where job training and support programs
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are delivered (Nguyen et al. 2014; Roos and Rothe 2010). In
these settings, decision-makers often observe contextual in-
formation at the individual level and must sequentially allo-
cate scarce interventions to optimize long-term, population-
wide outcomes (Hegazy 1999; Gong et al. 2012).

Classical resource allocation models provide useful ab-
stractions but rely on idealized assumptions, often overlook-
ing temporal, ethical, and institutional constraints that affect
fairness, feasibility, and policy relevance in real-world set-
tings (Wang et al. 2022; Zou et al. 2019; Obermeyer et al.
2019; Chouldechova 2017). To address these limitations, re-
cent research has leveraged algorithmic frameworks such as
multi-armed bandits (MABs), particularly their contextual
variants, to make personalized, adaptive decisions based on
observed features (Grover et al. 2018; Gyorgy and Joulani
2021; Joulani, Gyorgy, and Szepesvéari 2013). However, sev-
eral critical challenges remain unaddressed in the literature.

First, most existing MAB approaches assume that out-
comes are observed immediately following an allocation.
In reality, the effects of interventions unfold gradually:
medical treatments manifest their efficacy over days or
weeks (Hanna et al. 2020; Yanovski and Yanovski 2014), ed-
ucational interventions accrue impact over semesters (Bar-
nett 1995; Almalki and Mohammed 2022), and workforce
programs influence long-term employment trajectories (Ed-
mondson, Kern, and Rogge 2019). These delayed and tem-
porally structured effects introduce feedback dynamics that
are rarely modeled in full. While recent methods incorpo-
rate delay via fixed or stochastic lags (Lancewicki et al.
2021; Shi, Wang, and Wu 2023), most treat delay as a
nuisance rather than learning the temporal impact profile
of each intervention. To overcome these limitations, stud-
ies have introduced delay-aware allocation methods, includ-
ing post hoc reward adjustments to capture deferred ef-
fects (Tang, Ho, and Liu 2021). Another line of work uses
an episodic framework, modeling feedback delays as dis-
crete random variables representing decision rounds be-
tween action and outcome. However, these models often as-
sume fixed or context-independent lags, limiting their ability
to capture heterogeneous, intervention-specific temporal dy-
namics (Kuang et al. 2023; Yin et al. 2023).

Second, traditional models assume a static population and
ignore real-world deployment constraints. In practice, par-
ticipants join and leave in cohort cycles (e.g., semesters or



enrollment periods), creating time-varying populations that
challenge fixed decision-pool assumptions. They also over-
look ethical and institutional rules like cooldown periods
restricting repeated allocations of the same resource to the
same individual—constraints essential for fairness and fea-
sibility (Li and Varakantham 2022; Patil et al. 2021). While
some studies have begun to incorporate these elements, they
typically do so under highly stylized conditions—assuming
zero delay, a single homogeneous resource type, or i.i.d. re-
ward structures (Wang et al. 2019; Zuo and Joe-Wong 2021;
Burnetas, Kanavetas, and Katehakis 2025). Such simplifi-
cations fail to capture the structural dependencies and het-
erogeneity that characterize real-world allocation environ-
ments. Most existing algorithms target either individual per-
sonalization or group fairness, rarely both. Some optimize
personalized rewards but ignore group equity; others enforce
fairness while overlooking individual heterogeneity (Li and
Varakantham 2022; Patil et al. 2021). Bridging both is essen-
tial for equitable, effective policy in settings requiring indi-
vidual adaptation and group awareness.

In light of these challenges, we propose Meta-level Con-
textual Upper Confidence Bandit (MetaCUB) a novel
bi-level contextual bandit framework for individualized re-
source allocation under delayed feedback and real-world
constraints. At its core is a neural network that maps
individual-level features to subgroup-level treatment effects,
capturing latent heterogeneity in responsiveness. The meta
level allocates sub-budgets across groups to ensure equity,
while the base level selects the most responsive individuals
within each group under resource-specific constraints such
as cooldowns and budgets. Our framework models cohort-
driven population dynamics, multiple resource types with
distinct budgets, and heterogeneous delay-feedback profiles,
where each resource has a delay kernel describing its tem-
poral impact. Evaluations on real-world datasets show that
MetaCUB learns effective, constraint-aware allocation poli-
cies that outperform strong baselines.

In summary, our contributions are fourfold. First, we pro-
pose a neural network—based learning framework that maps
individual contexts to subgroup effects, capturing latent het-
erogeneity and improving regret over linear models. Sec-
ond, we design a bi-level contextual bandit that jointly op-
timizes group- and individual-level allocations under fair-
ness, cooldown, and capacity constraints. Third, we build
a deployment-ready architecture modeling cohort dynam-
ics, resource-specific budgets, delay kernels, and stochastic
cooldowns. Finally, we validate our framework through ex-
tensive experiments on real-world datasets, showing supe-
rior cumulative reward, fairness, and delay adaptation over
state-of-the-art baselines.

Related Works

The multi-armed bandit (MAB) framework is a founda-
tional model for sequential decision-making under uncer-
tainty, widely used for efficient resource allocation in dy-
namic settings (Kuleshov and Precup 2014; Agrawal and
Goyal 2012). It has shown effectiveness in domains like
telecommunications, finance, online platforms, and health-
care, where adaptive learning is critical (Huo and Fu 2017;
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Biswas et al. 2021; Bouneffouf, Rish, and Aggarwal 2020).

Contextual bandits extend classical MABs by leveraging
individual-level covariates to enable personalized decision
policies (Lu, Pal, and Pal 2010; Zhou 2015). Methods like
LinUCB and contextual Thompson Sampling provide theo-
retical regret guarantees when rewards depend linearly or
probabilistically on covariates (Agrawal and Goyal 2013;
Kaufmann, Cappé, and Garivier 2012; Chouldechova 2017).
These models have advanced personalization in areas such
as online recommendations, clinical decisions, and educa-
tional interventions. Recent extensions to multi-agent and
group-based learning enable collaborative and distributed
allocation across multiple learners or subpopulations (Cui,
Liu, and Nallanathan 2019; Xu, Tao, and Shen 2020).

Despite this progress, most contextual bandit approaches
remain difficult to deploy effectively in socially impact-
ful domains. First, they often assume immediate feedback,
overlooking that real-world interventions—such as tutoring,
job training, or healthcare treatments—produce delayed ef-
fects over time. Although recent studies address stochastic
or bounded delays (Joulani, Gyorgy, and Szepesvari 2013;
Gael et al. 2020), they often treat delay as a nuisance vari-
able, neglecting its temporal dynamics. Several works have
proposed tracking reward queues (Tang, Ho, and Liu 2021;
Vernade, Cappé, and Perchet 2017), bounding adversarial
regret (Erez, Levy, and Mansour 2024; Steiger, Li, and Lu
2022), coupling delay with payoff magnitude (Schlisselberg
et al. 2025) but few frameworks model how reward sig-
nals are distributed across time in a resource-specific and
learnable manner. Second, while constrained MABs, such
as bandits with knapsacks (Badanidiyuru, Kleinberg, and
Slivkins 2018; Tran-Thanh et al. 2012) or fairness-aware
variants (Chen et al. 2020; Claure et al. 2020), address limi-
tations on budgets or equity, they often assume static popula-
tions and homogeneous reward structures. In practice, many
allocation settings involve dynamic cohorts, where individ-
uals enter and exit over time (e.g., educational semesters
or batched workforce programs). Some studies have exam-
ined the concept of a dynamic population, which captures
the changing availability of arms, through frameworks such
as contextual combinatorial bandits with volatile arms and
submodular rewards, or interest-drift models with immedi-
ate feedback; however, these approaches overlook the partial
observability of feedback inherent in educational and work-
force outcomes (Chen, Xu, and Lu 2018; Xu et al. 2020).
Additionally, real-world deployments must satisfy cooldown
constraints, such as ethical limits on repeated treatment (Liu,
Liu, and Zhao 2012; Chen, Liew, and Shao 2022; Mate
et al. 2022), yet such pacing mechanisms are seldom inte-
grated into existing MAB formulations; for example, classi-
cal blocking methods address availability pacing but ignore
delayed impact (Basu et al. 2021).

Third, prior works often separate fairness from personal-
ization. Some optimize individual outcomes without ensur-
ing group equity, while others enforce group fairness with
no within-group heterogeneity. Few models integrate both,
enabling individualized treatment within group-level budget
constraints under delayed feedback and dynamic population.



Problem Setup

We consider a sequential decision-making problem where
a central planner (e.g., policymaker or service provider) al-
locates limited resources over time to individuals grouped
by demographic or socioeconomic traits. The goal is to op-
timize long-term outcomes—Ilike academic or employment
success—via adaptive, context-aware decisions accounting
for delayed effects and real-world constraints. This setting
appears in high-stakes domains such as education (e.g., fi-
nancial aid, tutoring) and workforce programs (e.g., training
support). Our goal is to design an allocation framework for
evolving, constrained, and fairness-sensitive environments.

Consider a set of N individuals of K demographic sub-
groups of size n* each and N = "1 n*. Each individual
is associated with a context vector x* € X C RM, capturing
M demographic and domain-specific attributes, including
their recent resource assignments. The decision-maker man-
ages R distinct resource types, each with an integer-valued
budget b” € Z, for r € R. The allocation process unfolds
over T discrete time steps. Let Z C N denote the subset of
individuals who receive at least one allocation during the de-
cision horizon. At each decision round ¢ € T', one individual
i € I is selected and assigned a unit of resource r; € R,
subject to the budget constraint:

T
d Kry=r} < b VreR 1)

t=1

At each round ¢, the action taken is the pair a; = (i,7),
where i; € 7 is the selected individual and r; € R is the as-
signed resource. The full allocation sequence over the hori-
zon is denoted by {a;}Z_;. Allocating a resource to an in-
dividual yields an instantaneous reward y(t) = f(x'(t)),
where f : X — Ris a reward function mapping the individ-
ual’s context, possibly including the allocated resource, to an
expected outcome!. The decision-maker’s objective is to se-
lect a sequence of actions {a; = (i, 7¢)}7_, that maximizes
the expected cumulative reward over the time horizon:

[iyu)}

t=1
Equivalently, the goal can be framed as minimizing the cu-
mulative regret relative to the best feasible allocation policy
in hindsight, i.e., the optimal policy that would have been
chosen with full knowledge of individual responses.

A natural and flexible framework for modeling sequential
resource allocation under uncertainty is the contextual multi-
armed bandit (MAB) (Lu, Pal, and P4l 2010) In this setting,
each feasible action—defined as an individual-resource pair
a; = (i¢,7¢) is treated as an arm. The associated context
x'(t) provides side information about the individual and
their history, while a pretrained reward function f(-) serves
as the feedback model, predicting expected outcomes for
each action. Resource budgets impose constraints on the
number of allowable arm pulls, and the objective becomes

@

max [E
{at}f,T:1

!The reward function can be adapted to the application domain;
for binary outcomes, for example, one may use f : X — [0, 1].
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minimizing regret relative to the best allocation policy in
hindsight A common way to balance this trade-off is via
Upper Confidence Bound (UCB) methods, which choose
actions maximizing predicted reward plus an uncertainty
bonus, balancing exploration and exploitation. A baseline
constrained contextual MAB procedure is outlined in Algo-
rithm 3 in Appendix. We extend it with additional compo-
nents to better capture real-world complexities.

Population Change. In many deployment settings, par-
ticipants enroll and exit in fixed-duration cycles, forming
successive distinct cohorts. To capture this, we partition the
decision horizon of T rounds into H = [T'/L] contiguous
blocks of length L. Let Z;, C N denote the set of individu-
als in cohort h, who are eligible to receive allocations only
during rounds ¢ € [(h — 1)L+ 1, AL}, h = 1,...,H.
At the beginning of each block h, the decision-maker ob-
serves the context vectors {x‘(t) : i € Z,} and allocates
resources exclusively among individuals in cohort Z;, for the
next L rounds. At the end of this period, cohort Z;, exits the
program and is replaced by the incoming cohort Zj, ;. This
structure introduces non-stationarity into the decision pro-
cess, as the available pool of individuals varies across time.
The algorithm must therefore learn not only whom to allo-
cate resources to, but also adapt its policy to the evolving
population across cohorts.

Delayed Feedback. Resource allocations in real-world
scenarios often exhibit delayed effects. We model resource-
specific feedback delays over a horizon of 7' rounds. For
each resource r € R, we define a delay kernel K", a non-
negative function over the time horizon that distributes the
realized reward across future rounds. Formally, let K"
0,...,7-1} = [0,1], S7—) K"(r) = 1, where K" (1)
denotes the proportion of the reward from allocating re-
source r that is observed 7 rounds after the allocation. By
definition, K"(7) = 0 for 7 < 0 or 7 > T—1, ensuring
bounded support. To construct these kernels, we discretize a
Beta distribution over [0, 1] into 7" equal-width bins. In par-

ticular,
T+1

r

Beta(z;a", 87) dz
T
for 7

0,1,..., T — 1, where Beta(z;a,f)
227 (1—2)P 1 f _ rla-1
“Bas— forz € (0,1),and B(e, ) = [y 271 (1 —

2)#~1dz. This formulation flexibly models feedback la-
tency: a” < 1 gives immediate feedback, 5" < 1 pro-
duces long-tail delays, and o, 3 > 1 yield unimodal ker-
nels. Mixtures of Beta densities can represent more com-
plex or multimodal delays. Discretized Beta kernels assign
unit mass to {0,---,7 — 1} and flexibly capture early,
late, or long-tailed delays. They attribute outcomes to ser-
vice rounds without leakage beyond the operational window,
aligning with program accounting. For each resource, («, 3)
parameters are chosen from plausible timing profiles and
fixed during learning. The framework remains distribution-
agnostic, any normalized delay kernel is admissible, and
supports adaptive or meta-learned kernel estimation when
greater flexibility is needed (Kassraie, Rothfuss, and Krause
2022). Overall, this kernel-based framework extends be-

K'(1) = 3)



yond fixed delays or exponential decay, capturing hetero-
geneous, resource-dependent feedback dynamics that mirror
real-world interventions.

Allocation Cooldown. In real-world interventions, indi-
viduals are rarely allowed, or advised, to receive the same
resource repeatedly in short intervals (Weiner et al. 2012;
Légaré et al. 2018). Treatment effects take time to manifest,
capacity is limited, and regulations often restrict repeated
support. To model this, we introduce cooldown constraints
that prevent reallocation of the same resource to an individ-
ual for several rounds after use.

Let ¢" € Z4 with ¢" < T denote the cooldown length,
i.e., the number of rounds during which an individual is in-
eligible to receive the same resource » € R again. When
c¢” = T, the cooldown spans the full horizon, limiting each
individual to at most one allocation of r over the 7" rounds.
After individual ¢+ € Zj, receives resource r € R at round
t € T, they become temporarily ineligible to receive the
same resource again for the next ¢” consecutive rounds. For-
mally, let z; (t) € {0,1} whether resource r is allocated
to individual ¢ at round ¢. That is we impose the following
constraint:

t+c”
Y zip(s) SIVieT, WreR t=1,....T—c (4)
s=t

This condition limits each individual to one unit of resource
r within any ¢” + 1 consecutive rounds. While the delay ker-
nel K™ models reward evolution, the cooldown enforces al-
location spacing, jointly forming a temporally aware frame-
work that balances impact and pacing.

Proposed Approach

We extend the base model in Equation (2) to include popu-
lation change, delayed feedback, and allocation cooldowns.
Keeping binary decisions z; -(t) € 0,1 and budget limits
(Equation (1)), we add time-varying eligibility for cohort
dynamics, cooldowns (Equation (4)) to control repeated al-
locations, and cumulative rewards reflecting temporally dis-
tributed effects through resource-specific delay kernels. At
each decision round ¢, the observed reward y(t) aggregates
the delayed impacts of all past allocations whose effects ma-
terialize at time ¢. Formally, the reward is computed as:

y®) =Y > Y K"t —u) f(x'(u) zis(u). ()

u=1i€Zy(u) TER

where K" (-) is the delay kernel associated with resource
r, and f(-) is a learned model that maps context vectors to
predicted outcomes. The full problem is then formulated as
the following constrained optimization program. We use the
following shorthand: ”1/round” for one resource per indi-
vidual per round, ”B” for total resource budget constraints,
and "CD” for cooldown restrictions on repeated allocations.
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T
Zlfﬁ)f) E |:Z y(t):| (6a)

s.t.
> zat) <1

Vi,t  (1/round) (6b)
r€ER
T
DT> )< Y (B (6¢)
t=1 i€y (t)
t+c”
> zin(s) <1 Vi,r,t=1,...,T—c" (CD) (6d)
s=t
zir(t) € {0,1} Vi, r,t

To solve the extended problem formulation in (6)a-d,
we propose MetaCUB (Meta level Contextual Upper Con-
fidence Bandit), a bi-level contextual bandit optimization
framework. At the upper level, a meta-bandit allocates frac-
tional resource budgets across demographic groups to max-
imize population-wide impact under equity constraints. At
the lower level, an individual bandit selects individuals in
each group using contextual features and a learned mapping
from profiles to expected outcomes (e.g., mean GPA).

Meta-level Framework. We assume a fixed compu-
tational budget of T,, iterations at the meta-level. At
each iteration t,, € {1,...,T,,}, the meta-level algo-
rithm selects a candidate meta-allocation policy z(t,,) =
{28 (tm) b rercrer € AIKTIEL where A denotes the
(|K| - |R|)-dimensional probability simplex (i.e., )the non-
negative vectors in RI*I"/El that sum to 1.) ensuring that the
total resource allocation across all subgroup-resource pairs
remains normalized. Each entry z¥(¢,,) specifies the pro-
portion of the total resource budget allocated to subgroup
k € K for resource type r € R at iteration ¢,,. The policy
must satisfy the following simplex constraint:

SN E ) <1 Yty € {1, T} (7)

keKreR

To initiate the optimization, we generate an initial set of ng
candidate meta-allocation policies {2(3)};’2 ; sampled from

the interior of the simplex. For each candidate policy z2(/),
we simulate the subgroup-level outcomes by randomly as-
signing individuals within each group to resource types ac-
cording to the respective sub-budgets Zf(j ) , using the shared
learned outcome model f to compute predicted individual
outcomes. We then compute the mean predicted outcome
uF (z) for each group-resource pair and aggregate them into
a global utility score:

9(z) =z uki(2). (8)

keKreR

Instead of fitting and retraining a separate Gaussian Pro-
cess (GP) over the high-dimensional meta-policy space, we
reuse the learned outcome model f-which maps individual
context to expected reward-as a simulation-based surrogate.
This captures the functional relationship between allocation
decisions and observed outcomes, enabling fast and scalable
evaluation of candidate meta-policies z.



For any candidate z, we simulate assignments by prob-
abilistically distributing resources within each subgroup in
proportion to z¥ and then use f to predict individual out-
comes. The resulting subgroup-level predictions are aggre-
gated to estimate the overall utility j(Z). This surrogate ap-
proach avoids the computational burden of GP inference in
high dimensions while leveraging the contextual expressiv-
ity of f, which captures latent structure across individuals
and resources. At each round t,,,, to select the next candi-
date meta-policy, we adopt an UCB acquisition rule adapted
to this simulation setting. Specifically, we estimate the pos-
terior mean p(z) and empirical standard deviation o(Z)
over multiple stochastic rollout simulations. The next meta-
policy is then selected as the one maximizing the acquisition
score:

Z(ty) = argmax (u(2) + fi,, 0(2)) ©9)

ZCAIKIIR|

where (;, is a time-dependent exploration parameter that
balances exploitation of high-utility policies with explo-
ration of uncertain regions of the meta-policy space. This ac-
quisition strategy allows us to exploit the expressive power
of f while efficiently navigating the meta-policy space,
eliminating the need to fit an explicit Gaussian Process. This
approach scales effectively with dimensionality and adapts
to contextual heterogeneity encoded in the population. As
summarized in Algorithm (1), this meta-level optimization
yields an optimal subgroup-level resource allocation policy
z*, which is then passed to the base-level assignment phase
for individual-level decision making.

Base-level Framework. Given the subgroup-level meta-
allocation policy 2* = {z¥}vc i »cr produced by the meta-
level optimization, the base-level framework performs an
individual-level contextual bandit search within each (k,r)
cell to identify the most promising recipients. This step re-
fines the coarse-grained allocation z* by using a local UCB
rule over individual contexts to balance exploitation of high-
expected responders with exploration under uncertainty. Let
T, denote the set of eligible individuals in subgroup &, and
let f be the shared predictive model mapping individual
context x* to expected outcome ;. = f(x'). For each
(k,7) pair with zZ¥ > 0, we define the target number of
allocations as ng, = |2zF-|Z;||. To allocate resource r
to the top ny , individuals in Zj;, we compute UCB scores
Gir = Uiy + Bu;,, where u; , denotes uncertainty (e.g.,
prediction variance), and 3 balances exploration and ex-
ploitation. The top n,- individuals by G ;- receive resource
r. This yields an individualized policy that respects meta-
level group constraints while exploiting within-group varia-
tion (Algorithm 2).

Fairness Properties of MetaCUB

MetaCUB’s bi-level design promotes equitable outcomes
by decoupling global resource allocation (meta-level) from
individual-level targeting (base-level). This structure miti-
gates group-level allocation disparities often amplified in flat
contextual.

Lemma 1 (Disparity Reduction) Let Ay .cus denote the
bi-level allocation under MetaCUB, and Ag;.. denote the
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Algorithm 1: MetaCUB: Phase 1: Meta-level
Input: Subgroups K, Resources R, Computational Budget Ty,
Initial Policies {2V )}?21, Outcome model f
Output: z* argmax g
(2,9)€Dr,,
1: Initialize: Dataset Doy <+ ()
2: for j = 1tono do

3:  Simulate individual-level assignments using z@

4:  §Y9 « Evaluate(f, 2")) {Estimate outcome via f}

5. Do+ DoU{(z9, 5D}

6: end for

7: for t,, = ng + 1to T, do _

8:  Sample candidate set S, C AlXI'IE

9: foreachz € &;,, do

10: Perform B simulations under z using f

11: Estimate n(2) and o(2)

12: Compute UCB score: a(2) = u(2) + B, - 0(Z)

13:  end for

14:  Select best candidate: Z(tm, ) < arg max a(z)
ZE€St,,

15:  Simulate assignments under Z (¢, )

16:  §(tm) < Evaluate(f, 2(tm))

17: Dy, < Dipyr U{(Z (), 5(tm))}

18: end for

Algorithm 2: MetaCUB: Phase 2: Base-level
Inputs: Meta-policy 2* = {2 }re k. rcr; Outcome model f; In-
dividual sets {Zx }rex
Output: Individual-level allocation A
1: Initialize allocation set A < ()
2: for each subgroup k € K do

3: for each resource r € R do

4: if 2% > 0 then

5: Set allocation count: nk,, < |25 - |Zk|]

6: for each individual 7 € 7}, do )
7: Compute predicted reward: ¢, » <+ f(x")
8: Compute UCB score: Gi,r < Uir + 5 - Ui,r
9: end for

10: Select top ny,, individuals by G, ,: Sk »
11: A— AU{@,r)]i€ Sk}

12: end if

13: end for

14: end for

15: return A

allocation from a one-level contextual bandit (e.g., Lin-
UCB) that selects individual-resource pairs without sub-
group constraints. Define disparity as the difference between
the maximum and minimum average outcome across sub-
groups, Disparity(A) = maxier Jr(A) — mingex g (A),
where 3 (A) is the mean outcome for subgroup k un-
der allocation A. Then, under mild assumptions on ex-
ploration and model accuracy, Disparity(Ayetacos) <
Disparity(.AFlat) - 5(Tm; f)vfor some 6(Tma f) > 0 that
increases with meta-rounds T,,, and predictor fidelity f.

Sketch. Flat contextual bandits optimize reward across in-
dividuals but can disproportionately favor dominant sub-
groups with higher estimated outcomes, leading to alloca-
tion imbalance. In contrast, MetaCUB first distributes re-



sources across subgroups via meta-level optimization, en-
suring broader coverage. Then, within each group, the base-
level bandit targets high-benefit individuals. This structure
bounds the inter-group disparity by ensuring minimum sub-
group coverage and reducing waste through outcome-aware
targeting. The fairness gap ¢ arises from this structure.
The full formal proof is provided in Appendix. g

Experiments

We evaluate the proposed bi-level delayed-feedback frame-
work on two real-world datasets: the Educational Longitu-
dinal Study (ELS) (for Education Statistics 2025), where re-
sources represent financial aid packaging, and the JOBS ran-
domized field experiment (Dehejia and Wahba 2025), where
the resource is job training. Detailed dataset specifications
appear in Appendix. Our simulations cover varied experi-
mental conditions, including delayed vs. immediate feed-
back, linear vs. nonlinear outcome mappings, different de-
lay kernels, task types (regression for ELS, classification
for JOBS), and resource dimensionality (multi-type in ELS,
single-type in JOBS).

2 10 ) Resource Type 2 10 Resource Type

2 _ — Scholarship 2 —— Scholarship

=051/ —— Loan 205 —— Loan

% " Work-Study é Work-Study

a Tuition Waiver o B Tuition Waiver |
'(9,00 025 050 0.75 1.00 0'8.00 025 050 0.75 1.00

Normalized Delay Time

(a) ELS Type-I kernels
1.0

Normalized Delay Time

(b) ELS Type-II kernels
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9800 025 050 075
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Figure 1: Delay kernel distributions.

To systematically benchmark our method MetaCUB, we
compare its performance against a suite of baseline algo-
rithms encompassing classical bandits, linear contextual ap-
proaches, combinatorial models, and adversarial formula-
tions. UCB (Auer, Cesa-Bianchi, and Fischer 2002) treats
each resource—recipient pair as an independent arm, ignor-
ing context and group structure; LinUCB (Li et al. 2010) in-
corporates individual contexts via linear regression but omits
subgroup budgets; CUCB (Chen et al. 2016) selects multi-
ple arms per round yet suffers from limited feedback and
scalability; EXP3 (Auer et al. 2002) is robust to adversarial
or delayed rewards but disregards stochastic structure and
real-world constraints; mEXP3 (Tang, Ho, and Liu 2021)
explores over full allocation policies but incurs high vari-
ance in evaluation; and DUCB (Garivier and Moulines 2011)
and SWUCB (Garivier and Moulines 2011) adapt to non-
stationarity via decay or sliding windows yet lack subgroup-
aware allocation mechanisms. A more detailed description
of these baselines is provided in Table 2 in Appendix.

In both datasets, the number of base arms K corresponds
to racial subgroups. For ELS (GPA regression), we use ridge
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regression and a neural network for linear and nonlinear
mappings, respectively. For JOBS (binary employment clas-
sification), we apply logistic regression and the same neural
network to ensure consistent subgroup performance (e.g.,
86% overall accuracy on ELS: Asian=87%, Black=85%,
Hispanic=86%, White=86%). To simulate dynamic popula-
tions, individuals are grouped into fixed-length cohorts: 8
semesters for ELS and 12 months for JOBS. One cohort
is active per round and replaced upon completion. Shaded
bands in plots denote active cohort periods. Feedback delay
is modeled via two kernel types per dataset (Figure 1): four
resource-specific kernels in ELS and two variants for the sin-
gle JOBS resource. These test our method’s robustness to
heterogeneous, delayed rewards. To reflect real-world con-
straints, we impose stochastic cooldowns: after receiving a
resource, individuals enter a cooldown sampled uniformly
from 1, 2, 3 rounds—adaptable to other settings.

All experiments are conducted with 20 independent ran-
dom seeds to ensure robustness. Simulations are imple-
mented in Python 3.11.5 using NumPy, scikit-learn, and
BoTorch, and executed on an Apple M4 Pro (14-core CPU,
20-core GPU, 16-core Neural Engine, 24 GB RAM) run-
ning macOS 15.5. Reported performance metrics are aver-
aged across all runs.

Results

The plots in Figure 2, 3, 4, and 5 illustrate the cumula-
tive regret trajectories of all baseline algorithms compared
to our proposed method MetaCUB across four experimen-
tal settings derived from both the ELS dataset and JOBS
datasets with two distinct delay kernel configurations; lines
show mean regret over 20 runs, and shaded regions indicate
standard deviations. These settings vary along two dimen-
sions: the nature of the outcome function (linear vs. non-
linear) and the presence or absence of delayed feedback
(delayed vs. immediate). In all scenarios, MetaCUB con-
sistently achieves the lowest cumulative regret, demonstrat-
ing its superior ability to adaptively balance exploration and
exploitation under both immediate and delayed reward set-
tings. The performance gap is especially pronounced in the
delayed-feedback environments, where conventional bandits
like UCB and EXP3 exhibit substantially higher regret due
to their lack of temporal sensitivity. Algorithms such as
DUCB and SWUCB show improved robustness under delay
but still underperform relative to MetaCUB, which leverages
subgroup-level structure and kernelized delay modeling.
Moreover, the performance differences observed between
both datasets experiments primarily arise from the dis-
tinct resource feedback delay kernels used in each sce-
nario. Type-I kernels (Figure la, and Figure 1c) exhibit
peaked, unimodal shapes with concentrated delay weights
at early-to-mid normalized times, meaning that the major-
ity of reward signals arrive relatively soon after allocation.
This structure allows learning algorithms to receive infor-
mative feedback more rapidly, enabling faster adaptation
and significantly lower cumulative regret—most notably for
MetaCUB, which leverages structured delay-awareness. In
contrast, Type-II kernels (Figure 1b, and Figure 1d) are more
flattened and dispersed, with broader support across the time
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Figure 3: ELS, Delay Kernel Type-II: Cumulative regret.

axis. This results in temporally diluted reward signals and
increased uncertainty, impeding the learning efficiency of
delay-agnostic methods. Under these broader delays, base-
line algorithms such as UCB, EXP3, and their variants accu-
mulate regret more rapidly, particularly in the delayed linear
case, while MetaCUB remains consistently more resilient.
These findings emphasize the practical importance of mod-
eling heterogeneous and temporally diffuse feedback mech-
anisms when deploying learning-based allocation policies.
In both datasets, algorithms evaluated under nonlinear re-
ward functions incur substantially lower regret than their lin-
ear counterparts, indicating that relaxing linearity improves
learning and allocation quality, even for classical methods
such as UCB and CUCB. Building on this, we evaluate
the fairness of allocation decisions by analyzing represen-
tational balance across subgroups. While Lemma 1 supports
fairness convergence, we complement it with empirical fair-
ness ratios, defined as the proportion of selected individuals
in each subgroup. As shown in Tables 1 and Appendix Ta-
bles 4-5, MetaCUB consistently achieves the most balanced
subgroup coverage across datasets and feedback regimes,
supporting its fairness-aware design.
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Figure 4: JOBS, Delay Kernel Type-I: Cumulative regret.
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Figure 5: JOBS, Delay Kernel Type-1I: Cumulative regret.

Algs. ‘ Asian ‘ White ‘ Black ‘ Hispanic

‘ Imm Del ‘ Imm Del ‘ Imm Del ‘ Imm Del

UCB 062 041 | 129 142 | 048 033 | 0.57 051
CUCB 0.59 * 0.82 * 0.51 * 0.63 *

EXP3 032 027 | 091 1.16 | 034 022 | 041 036
mEXP3 0.45 * 1.27 * 0.36 * 0.28 *

DUCB * 0.22 * 1.05 * 0.57 * 0.52
SWUCB * 0.52 * 1.27 * 0.39 * 0.29
MetaCUB | 0.84 1.02 | 1.03 096 | 1.02 1.00 | 0.98 0.97

Table 1: ELS Allocation Fairness (full table in Appendix)

Conclusion

We propose MetaCUB, a bi-level contextual bandit frame-
work for fair and adaptive resource allocation under delayed
feedback. MetaCUB outperforms baselines in cumulative re-
gret and achieves more balanced subgroup coverage, sup-
ported by both empirical results and theoretical guarantees.
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