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ABSTRACT

Online learning to rank (OLTR) studies how to recommend a short
ranked list of items from a large pool and improves future rankings
based on user clicks. This setting is commonly modeled as cas-
cading bandits, where the objective is to maximize the likelihood
that the user clicks on at least one of the presented items across as
many timesteps as possible. However, such systems are vulnera-
ble to click fraud and other manipulations (i.e., corruption), where
bots or paid click farms inject corrupted feedback that misleads
the learning process and degrades user experience. In this paper,
we propose M2UCB-V, a robust algorithm that incorporates a novel
mean-of-medians estimator, which to our knowledge is applied to
bandits with corruption setting for the first time. This estimator
behaves like a standard mean in the absence of corruption, so no
cost is paid for robustness. Under corruption, the median step filters
out outliers and corrupted samples, keeping the estimate close to its
true value. Updating this estimate at every round further accelerates
empirical convergence in experiments. Hence, M2UCB-V achieves
optimal logarithmic regret in the absence of corruption and degrades
gracefully under corruptions, with regret increasing only by an addi-
tive term tied to the total corruption. Comprehensive and extensive
experiments on real-world datasets further demonstrate that our ap-
proach consistently outperforms prior methods while maintaining
strong robustness. In particular, it achieves a 97.35% and a 91.60%
regret improvement over two state-of-the-art methods.

1. INTRODUCTION
Learning to rank lies at the core of modern recommendation and

information retrieval systems, where the goal is to present users with
an ordered list of items tailored to their preferences. Online learning
to rank extends this paradigm by updating the recommendations as
new feedback arrives in sequence, enabling systems to adapt quickly
to user behavior [7, 8, 17]. For example on Yelp, the system ranks
local businesses so that users find good services quickly [12]. On
music and movie platforms, it surfaces songs and films that match a
user’s taste while exploring new options [17, 10, 8].

A widely studied model of user interactions in these applica-
tions is the cascade model [7, 10, 8], where users examine results
sequentially from top to bottom and click the first attractive item.
The cascade model captures the position-dependent nature of user
feedback and leads naturally to the cascading bandits framework, a
special case of combinatorial bandits [1, 2] with non-linear rewards.
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Each item k has an unknown click probability µk, and the learner
aims to sequentially construct ranked lists to maximize the probabil-
ity of obtaining a click. The learning agent explores by estimating
item attractiveness from past observations, while balancing the need
to exploit high-probability items to maximize user satisfaction.

Practical OLTR systems face substantial challenges from cor-
rupted environments [4, 12, 17]. For example, click fraud in online
advertising generates misleading clicks through bots, degrading
both system revenue and user experience. Similarly, e-commerce
platforms suffer from fake reviews. These corruptions are pervasive
in deployed systems. Thus, robust algorithms must achieve near-
optimal performance in benign settings while degrading gracefully
under corruption, even when the amount of corruption is unknown.

Designing a robust algorithm for the cascading bandit setting
poses unique challenges. The non-linear reward function breaks
the applicability of standard linear confidence bounds widely used
in existing works, making them face significant limitations: some
achieve optimality in uncorrupted settings but fail under corruption
[7, 10]; others offer robustness but sacrifice optimal guarantees [4,
12]; yet others rely on epoch-based designs that slow convergence
and underperform in practice [13]. As a result, there remains a criti-
cal gap in the literature: we lack algorithms that are simultaneously
(i) optimal in trustworthy environments, (ii) provably robust under
adversarial corruption, and (iii) reliable in real-world deployments.
Contributions. In [3], We address the central question: How can
we efficiently and robustly learn in corrupted cascading bandit
environments in a way that also performs reliably on real data?
Algorithm design We develop Algorithm 1, Model selection cali-
brated Mean-of-medians Variance-aware UCB (M2UCB-V), an algo-
rithm that remains robust under adversarial corruption, yet performs
optimally when no corruption is present, without requiring prior
knowledge of the corruption level. The key design ideas behind
M2UCB-V include: (i) incorporating a calibrated mean-of-medians
estimator that ensures reliable performance both with and without
corruption, (ii) introducing a variance-aware refinement of UCB
to further tighten the regret bound, and (iii) employing a model
selection mechanism to automatically adapt to unknown corruption.

First, we incorporate a calibrated mean-of-medians mechanism
that leverages a robust median-based estimator. We show that in
the absence of corruption, the mean-of-medians behaves like a UCB
mean estimator and achieves optimal performance. Under corrup-
tion, the median step selects uncorrupted samples with high proba-
bility, ensuring robustness. While this estimator has been previously
used in heavy-tailed bandits [16, 14], applying it to adversarial cor-
ruption is novel and requires addressing new challenges in careful
adaptation to guarantee sufficient uncorrupted samples per item. Be-
cause click feedback is asymmetric and typically Bernoulli, unlike



Table 1: Comparison of cascading bandit algorithms in stochastic and corrupted settings.

Algorithm Regret w/o corruption Stoch. LB† Regret w/ corruption Robust Corr. factor

CascadeUCB-V [10] O
(∑

k/∈S∗
log T
∆k

)
✓ – ✗ –

CascadeRAC [12] O
(∑K

k=d+1
d log T log(KT )

∆k

)
✗ O

(∑K
k=d+1

d(CK log(KT )+log T ) log(KT )
∆k

)
✓ Multiplicative

FORC [4] O
(∑K

k=1

∑K
j=k+1

log T log(KT )
∆kj

)
✗ O

(∑K
k=d+1

d(CK log(KT )+log T ) log(KT )
∆k

)
✓ Multiplicative

CascadeCBARBAR [13] O
(

d2K
∆

log2 T
)

✗ O
(
dC + d2K

∆
log2 T

)
✓ Additive

M2UCB-V (Ours) O
(

K log T
∆

)
✓ O

(
KC + K log T

∆

)
✓ Additive

Note (†): ✓indicates the algorithm matches the known stochastic lower bound in the uncorrupted stochastic setting, ✗indicates it does
not.

the symmetric assumptions common in heavy-tailed bandits, we
introduce a calibration step that maps the mean-of-medians back
to the underlying Bernoulli mean, producing estimates centered
around the desired true value. Then, by combining this estimator
with the state-of-the-art variance-aware UCB radius, we develop an
algorithm that is robust against corruption, albeit with the require-
ment of prior knowledge of the corruption level. Last, and to remove
the dependence on prior knowledge of corruption level, we incorpo-
rate the model selection framework inspired by [11] and develop
the corruption-agnostic Model Selection MUCB-V (M2UCB-V). Be-
cause the algorithm updates its estimates every round, it adapts
quickly to changes and rapidly converges to the true optimal items
once corruption is removed.

Algorithm 1 MUCB-V (calibrated Mean-of-medians variance-aware
UCB)

Input: Horizon T , list size d, corr. budget C, Constants α,A,B >
0

1: for each item k ∈ [K] do
2: Xk ← [∅] ▷ Observed clicks of item K
3: for r = 1 to 10C do
4: Recommend Sk = {k, d−1 items from [K] \ {k}}.
5: Observe click feedback and append to Xk.
6: end for
7: end for
8: for rounds t = 10KC, . . . , T do
9: for each item k ∈ [K] do

10: Tk(t)← |Xk|, b← ⌈α logmax{Tk(t), 2}⌉
11: µ̂k ← CalibratedMeanOfMedians(Xk, b)
12: v̂k ← µ̂k(1− µ̂k) ▷ empirical variance
13: s← max{1, Tk(t)} ▷ avoid divide-by-zero

14: ρk ← A
√

v̂k log t
s

+B log t
s

15: µ̄k ← min{µ̂k + ρk, 1}
16: end for
17: St ← Top-d items by µ̄k

18: Play St,Observe click feedback and append to Xk for all
observed k

19: end for

Theoretical guarantees. We provide a regret analysis establishing
near-optimal bounds both in the corruption-free regime and in terms
of dependence on the total corruption. In particular, we establish that
the regret of M2UCB-V is bounded by O

(
KC + K log T

∆

)
, where T

is the time horizon, C is the total corruption level, K is the number
of items, S∗ is the optimal recommended list, and ∆ is the minimum
gap between any suboptimal item k and the worst optimal item. This
means that in the absence of corruption, M2UCB-V achieves optimal

Algorithm 2 CalibratedMeanOfMedians

Input: Reward vector X , number of groups b = ⌈α log T ⌉
1: if |X| < b then
2: return Mean(X) ▷ not enough samples
3: end if
4: Set block size b← 2

⌊ |X|
2b

⌋
+ 1 ▷ nearest odd

5: Uniformly partition X into b blocks X(1), . . . ,X(G) with
sizes ≈ b

6: for each j = 1, . . . , b do
7: Mj ← Median

(
X(j)

)
∈ {0, 1}

8: end for
9: M ← Mean(M1, . . . ,Mb)

10: µ̂← Calibrate(b,M) ▷ invert majority map
11: return µ̂

regret, and under corruption, the additional term is optimal up to
a factor of K. Furthermore, we prove an Ω(C) lower bound for
cascading bandits under adversarial corruption, showing that any
learner can incur regret at least linear under the corruption budget
C.
Empirical evaluation. We conduct experiments on three large-scale
real-world datasets: Yelp [15], MovieLens [5], and LastFM [9],
which together represent some of the most common applications
of OLTR. We also implement an OLTR-specific attack from [17],
which they show is both highly effective and efficient in terms of
corruption budget. Our empirical results support the theoretical guar-
antees across several scenarios. We validate our algorithms on both
synthetic and real-world datasets, comparing against strong base-
lines including CascadeUCB-V [10], FTRL [6], CascadeRAC
[12], and CascadeCBARBAR[13]. In a set of representative exper-
iments, our method’s cumulative regret after 40k rounds improves
FTRL by 99.60%, CascadeUCB-V by 97.35%, CascadeRAC
by 91.60, and CascadeCBARBAR by 98.41%.

(a) Yelp Dataset (b) MovieLens Dataset (c) LastFM Dataset

Figure 1: Comparing final cumulative regret of the algorithms after
40K rounds with list size d = 10.
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