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Abstract
We study the Multi-Armed Bandit problem in nonstationary adversarial environments, where the identity of the
optimal arm can change over time due to shifts in the loss sequence. Motivated by applications such as physical
design tuning in database systems, we focus on settings with a very large number of arms k and seek practical
algorithms with sublinear runtime in k. Our main contribution is a novel algorithm, Queuing Behind the Leader
(QBL), which achieves a per-iteration complexity of O(m log k), where m is the number of arms selected in
each step. QBL combines limited update operations via a priority queue, a constant sampling overhead, and a
balanced exploration strategy. We evaluate QBL extensively on state-of-the-art benchmarks and demonstrate that
it consistently outperforms existing methods in both time and quality.

1 Introduction
The Multi-Armed Bandit (MAB) (Slivkins, 2019; Lattimore
& Szepesvári, 2020) problem is a fundamental model in
machine learning for sequential decision-making under un-
certainty. At each time step, a learner selects one or more
actions (arms) among k options, and observes stochastic
or adversarial feedback based on the chosen actions. The
goal is to design algorithms that balance exploration and
exploitation in order to maximize reward over time. Due to
its conceptual simplicity and practical relevance, the MAB
framework finds applications in areas such as online recom-
mendation, A/B testing, dynamic pricing, adaptive routing,
and physical design tuning (Perera et al., 2022; 2023).

In this work, we consider a general and challenging variant
of the bandit problem: the combinatorial adversarial MAB
in non-stationary environments. In this setting, the learner
selects a subset of m arms from a ground set of k arms at
each round (Chen et al., 2013), and the reward associated
with each arm may change arbitrarily over time (Karnin
& Anava, 2016; Zhang et al., 2018). This model is moti-
vated by applications such as graph summarization (Safavi
et al., 2019) and automated physical design tuning (Perera
et al., 2021; 2022; 2023; Oetomo et al., 2021), where (i)
the decisions are inherently combinatorial, (ii) no reliable
statistical model of the environment can be assumed, and
(iii) the environment evolves over time due to changing data
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Figure 1: Time vs. rounds for executing a nonstationary
workload on a 10GB TPC-H dataset. Automatic index
tuning methods fail to adapt to this setting.

distributions or design constraints. These features make the
adversarial and non-stationary formulation both natural and
necessary for modeling such settings. Figure 1 show how
existing MAB methods for automatic index tuning struggle
under nonstationary workloads.

The literature on adversarial MAB has extensively studied
performance guarantees in terms of regret bounds, compar-
ing the learner’s cumulative reward to that of the best fixed
strategy in hindsight. Optimal regret rates are known for
many variants of the problem, including single-arm selec-
tion (Auer et al., 2003; Stoltz, 2005; Kocák et al., 2014; Neu,
2015; Besson & Kaufmann, 2018; Auer & Chiang, 2016;
Zimmert & Seldin, 2021; Kalai & Vempala, 2005), combi-
natorial settings (Uchiya et al., 2010; Combes et al., 2015),
and extensions to nonstationary environments (where one
compares against a sequence of actions) (e.g., (Jacobsen &
Cutkosky, 2024; Lu & Hazan, 2023)). However, these theo-
retical guarantees often come at a significant computational
cost: essentially all existing algorithms achieving optimal
regret requireO(k) time per decision round, which becomes
prohibitive in large-scale applications where k may be in the
order of thousands or more, as is common in the application
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domains we target. This computational concern worsens in
non-stationary environments, where existing methods in-
cur an additional dependence on O(log T ) (Jacobsen &
Cutkosky, 2024; Jacobsen, 2024), where T is the time-
horizon. Notice that, even if recent works (Lu & Hazan,
2023), mitigate the dependence on T to O(log log T ) the
resulting solution are still unpractical.

Contributions. Motivated by real-world systems, em-
ployed for automated physical design tuning, where fast
decision-making over large action spaces is critical, we
propose a novel algorithm, Queuing Behind the Leader
(QBL), for the adversarial combinatorial MAB problem.
QBL achieves a per-iteration runtime of O(m log k), mak-
ing it suitable for large-scale settings where traditional al-
gorithms with linear dependence on k are impractical. The
algorithm is also simple to use in practice, requiring only a
single user-defined parameter. Moreover, QBL is agnostic
to the environment dynamics, making it useful in a wide
range of cases including stationary and non-stationary en-
vironments. Although QBL currently lacks theoretical re-
gret guarantees, we show strong experimental performance
against state-of-the-art methods in terms of empirical regret
and computational efficiency. We believe this contribution
will stimulate further research into efficient algorithms for
adversarial multi-armed bandits and inspire new approaches
to bridging the gap between theory and practice in large-
scale bandit problems.

2 Problem Setting and Related Work
We begin by formalizing the combinatorial multi-armed
bandit (MAB) problem in non-stationary environments,
which capture the whole spectrum of MAB problems con-
sidered in this paper. Let k, m ∈ N denote the number
of available arms and the number of arms selected at each
round, respectively. Let T ∈ N be the time horizon. At
each round t ∈ [T ], the interaction between the learner and
the environment proceeds as follows:

1. The learner selects a subset of arms St ⊆ [k], such that
|St| = m.

2. The adversary select a reward vector rt ∈ [0, 1]k.

3. The learner observes the rewards {rt(i)}i∈St
for the

selected arms.

The performance of a learning algorithm A is evaluated
using the dynamic regret:

RegretT (A) :=
T∑

t=1

∑
i∈S∗

t

rt(i)−
T∑

t=1

∑
i∈St

rt(i), (1)

where, for each t, the comparator S∗t ⊆ [k] is a subset max-
imizing the instantaneous rewards over all size-m subsets:

S∗t ∈ arg max
S⊆[k]:|S|=m

∑
i∈S

rt(i).

Note that when m = 1, the problem reduces to
the classical non-stationary adversarial MAB. More-
over, if the comparator is chosen as a fixed set S∗ ∈
arg maxS⊆[k]:|S|=m

∑T
t=1

∑
i∈S rt(i), then the regret in

(1) corresponds to the static regret. Yet, the current theo-
retical backbone only ensures regret sublinear in the number
of rounds T with time linear in the number of arms k. Here
we consider practical scenarios occurring in real-world
systems in which k is large and use dynamic regret as an
empirical performance measure.

2.1 Automated physical Design Tuning (DT)

Automated physical design tools constitute an integral part
of commercial DBMSs (Agrawal et al., 2004; Zilio et al.,
2004; Dageville et al., 2004). Such tools reduce the manual
input required for tuning database systems hence reducing
operational costs (Zilio et al., 2001). To render automatic
database decision-making more robust, recent works have
resorted to machine learning-based solutions. Reinforce-
ment learning (RL) has been leveraged in query optimiza-
tion (Marcus & Papaemmanouil, 2019; Marcus et al., 2019),
join sequence ordering (Kaftan et al., 2018; Trummer et al.,
2019; Kipf et al., 2019; Marcus et al., 2021; Ghadakchi
et al., 2020), index selection (Sharma et al., 2018; Wu et al.,
2022), database partitioning (Hilprecht et al., 2020), and
configuration tuning (Pavlo et al., 2017; Zhang et al., 2019;
2022; Li et al., 2019). MAB formulation enjoy advantages
of faster convergence, simpler implementation, and theoret-
ical guarantees (Perera et al., 2021), have been applied to
online index tuning (Perera et al., 2021; 2022; Oetomo et al.,
2021; Perera et al., 2023). DBAbandit (Perera et al., 2021),
an instance of such an application, aims to select a sequence
of index configurations from a set of feasible candidates,
subject to a memory budget, in order to minimize the total
execution time of a workload. HMAB (Perera et al., 2022)
builds on DBAbandit to integrate the online tuning of in-
dices and materialized views using a bandit hierarchy. Still,
all aforementioned techniques assume a stationary setting,
and are therefore susceptible to shifts in user interest. By
contrast, we provide solutions for nonstationary settings.

Under the MAB framework, automatic index tuning is de-
fined as follows.

MAB formulation. Given a set of k indexes I, correspond-
ing to a subset of a table’s attributes in a relational database,
index tuning seeks a subset St ⊆ I of m < k indexes to
materialize, aiming to reduce the computation time of a set
of user queries. Each index is treated as an arm. At each
round i, a new query arrives, the system obtains a reward

xi =
∑

q∈B

( maxj(qHj
)−qHi

qH

)
− ci
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where qHi
is the execution-time of query q spent using

index i, maxj qHj is the maximum execution-time q has
historically spent on any scan of H , qH is q’s total number
of accesses to H , and ci is the creation cost of i, ci = 0 if i
is already created.

3 Enhancing Exp3’s Efficiency
To facilitate a comparison of QBL against with the best-of-
breed adversarial MAB policies on a level playing field, we
re-examine the popular family of Exp3 policies (Auer et al.,
2003; Uchiya et al., 2010; Kocák et al., 2014; Stoltz, 2005)
with two goals of practical consideration: numeric stability
of weights and sublinear runtime in the number of arms.

While numeric stability is achievable by utilizing the Log-
Sum-Exp trick (Blanchard et al., 2020; Nowozin, 2016; Gao
& Pavel, 2017; Boyd & Vandenberghe, 2004), the objective
of sublinear runtime has been sidelined, while a side-note in
Tim Vieira’s blog (Vieira, 2016) mentions it is achievable.
Nevertheless, that note does not substantiate the end-to-end
adaptation required to make a sublinear per-step runtime
in Exp3 practically feasible for large T . We fill this gap
by explicitly showing how to combine Vieira’s sum-heap
observation for Exp3 with a stable log-weight scheme and
sublinear per-step runtime O(log k).

We show that this approach can be expanded to the combi-
natorial setting and used to change the total time complex-
ity of Exp3.M (Uchiya et al., 2010) from O(k log(m)) to
O(m log(k)) giving a sublinear per-choice overhead, which
proves to be beneficial when m≪ k.

3.1 Adapting streaming LogSumExp

Due to exponential weight updates in Exp3, weight val-
ues may overflow their assigned data type range, causing
problematic behavior in the context of the DT problem in-
stances, which require long and stable system deployment.
Weight normalization may prevent such overflows, but re-
quires a linear pass over weights per round, which becomes
impracticable as the time horizon T and choices k grow.
Likewise, the LogSumExp (LSE) trick (Blanchard et al.,
2020; Nowozin, 2016; Gao & Pavel, 2017; Boyd & Van-
denberghe, 2004), which exploits the fact that, as the expo-
nential function grows quickly, a sum is dominated by its
largest term, is used to provide numerically stable values.

LSE(w1, ..., wk) = ln
∑k

i=1 exp(wi)

= wmax + ln
∑k

i=1 exp(wi − wmax)

where wmax = maxi wi. Still, this definition requires two
scans of weights in each round, one to find the maximum
and another to compute the sum, which may be real-time
infeasible in the highly dynamic environments we target. To

Algorithm 1: UpdateSumExp
Input : SE, wmax, wold, wnew

1 SE← SE− exp(wold − wmax) // Delete old contribution
2 if wnew > wmax then

/* New weight is bigger than max */
3 SE← SE · exp(wmax − wnew) // Adjust terms to new max
4 SE← SE + 1 // Add contribution of (new) max
5 wmax = wnew // Update max weight
6 else
7 SE← SE + exp(wnew − wmax) // Add new contribution
8 return SE, wmax

avoid this overhead, we use a streaming version (Nowozin,
2016), which we further modify to create an updatable Sum-
Exp for a fixed set of weights, as Algorithm 1 presents.

At each weight update, we remove the old value wold from
the sum (Line 1). Then, if the updated weight wnew is
larger than the running maximum wmax, we introduce the
new maximum wnew into the sum of weights (Line 3), based
on the equality:

SEnew =
∑k

i=1 exp(wi − wnew)

= exp(−wnew)
∑k

i=1 exp(wi)

= exp(wmax − wnew) ·
∑k

i=1 exp(wi − wmax)
= exp(wmax − wnew) · SEold

The new maximum weight contributes exp(wnew −
wnew) = 1, added in Line 4, and wmax is updated to wnew

in Line 5. Alternatively, if wnew is no larger than wmax, we
adjust wnew by wmax (Line 7). This update scheme exploits
the fact that weights can only increase in two consecutive
iterations.

To prevent overflows, we maintain weights in log scale:

wln(t + 1) = ln(w(t) · exp(γ (x/p)/k)) = wln(t) + γ (x/p)/k

Accordingly, we calculate probabilities as weight ratios us-
ing log weights with a constant time overhead per timestep:

wi∑k
j=1 wj

= exp (ln(wi))∑k
j=1 exp (ln(wj))

= exp
(

ln(wi)− ln
(∑k

j=1 exp (ln(wj))
))

= exp
(

ln(wi)− ln(wmax)−

ln
(∑k

j=1 exp(ln(wj)− ln(wmax))
))

where wmax = maxj wj and ∀wj , wj ∈ R+. We thus
perform all weight updates in Exp3 in logarithmic space
with numerical stability and constant computational over-
head per round, while maintaining the

∑k
j=1 exp(ln(wj)−

ln(wmax)) term by UpdateSumExp. We thus avoid access-
ing non-logarithmic weights and allow the direct incremen-
tal calculation of LSE. We also apply this trick to implicit
exploration variations of Exp3 that utilize a negative scaled
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loss L, handling the loss as the logarithm of an exponential.
Next, we show how to tackle the remaining linear-sampling
overhead by maintaining the LSE directly and incrementally
by incorporating UpdateSumExp routine into a sumheap.

3.2 Utilizing sumheap sampling

Exp3 samples a choice in O(k) time, as it has to convert
weights to a probability distribution. Critically, linear-time
bandits risk being too slow to bear practical impact in fast-
paced multiple-option environments. For instance, in each
iteration, a MAB-driven DT system already spends consid-
erable time constructing the index, making any additional
overhead from the MAB impractical. To address this need,
we eliminate the linear sampling cost using intermediary
weight sums that allow on-demand probability computa-
tions. We utilize a sumheap (partial sum tree) (Vieira,
2016; Olken, 1993; Wong & Easton, 1980), a binary heap
that stores weights in its leaves, sums of children in internal
nodes, and hence the overall sum in the root node. We can
thus update a weight and associated sums in O(log k). This
operation adds on overhead to standard UpdateSumExp,
yet, by making progressive intermediaries of the cumula-
tive sum available, it materializes a cumulative distribution
function (CDF) for a discrete probability density function
(PDF) over leaves. Treating the sumheap as an unnor-
malized CDF, we sample directly from it by the inversion
method (Devroye, 2006) which scales a uniform random
probe by the weight sum rather than normalizing the CDF.

While Tim Vieira (Vieira, 2016) noted the application of
sumheap as a fast sampling method for Exp3, it is at times
disregarded as inefficient (Olken, 1993), because updates
are expensive if done often on many weights. However, as
Exp3 only needs to update the heap once after each sam-
pling, we can sample over weights by sumheap and also
expand its use to sampling without replacement by tem-
porarily replacing the sampled weight with a sentinel value
and re-sampling. This trick makes sumheap sampling ap-
plicable to the combinatorial setting as well. Yet, a naı̈ve
implementation of sumheap might suffer from numerical
instability, as exponential weights can grow beyond the
representable range of the number format. To avoid this
predicament, we combine UpdateSumExp with sumheap
calculating weight probabilities on demand using logarith-
mic representations. Next, we combine these expedients in
a numerically stable implementation of Exp3.M for both
single and combinatorial settings with a time complexity
of O(m log k) per round.

3.3 Putting it all together

As discussed, our final goal is to deploy our Exp3 variants
to the long time horizons and large action spaces of DT, en-
suring fast action sampling and numerical stability. Hence,
we integrate Algorithm 1 into sumheap sampling.

Algorithm 2: HeapUpdate
Input : SumHeap S, weight index a, log weight value wa

1 i← |S|
2 + a // Heap index of wa

2 S[i]← wa // Set new weight value
3 while i > 0 do
4 i← i/2 // Integer division. Move to parent node
5 if S[2i] = $ then // Left child is sentinel value
6 S[i]← S[2i + 1]
7 else if S[2i + 1] = $ then // Right child is sentinel
8 S[i]← S[2i]
9 else if S[2i] > S[2i + 1] then

// Log sum where left child is bigger
10 S[i]← S[2i] + ln(exp(S[2i + 1]− S[2i]) + 1)
11 else

// Log sum where right child is bigger
12 S[i]← S[2i + 1] + ln(exp(S[2i]− S[2i + 1]) + 1)

Algorithm 3: HeapSample
Input : SumHeap S

1 d← |S|
2 // Number of internal nodes in heap

2 p← Uniform(0, 1) // Uniform random probe
3 i← 1 // Initialize active index to heapsum
4 while i < d do

/* Loop while i is an internal heap node */
5 i← i · 2 // Set active index to left child of previous
6 if S[i] = $ then
7 i← i + 1 // Set active index to right child
8 continue
9 if p > exp(S[i]− S[1])] then

/* If probe is higher than the left node value */
10 p← p− exp(S[i]− S[1]) // Set probe to child tree
11 i← i + 1 // Move from left child to right child
12 return i− d // Convert i from heap index to weight index

Algorithm 2 shows the sumheap update with exponen-
tial weighting. The method resembles Algorithm 1 in
its replacement of weights in a sum, yet does not re-
quire wmax (Lines 1 & 7, Algorithm 1) to prevent
floating-point overflows; instead, it uses sumheap inter-
mediate sums to maintain a logarithmic sum of weights,
LSE(ln(w1), . . . , ln(wk))= ln(w1+ . . . +wk). To intro-
duce a new weight in the sumheap, the algorithm updates
the affected leaf (Line 2), recalculates the logarithmic sums
along its ancestors while avoiding exponentiation of the
largest child weight (Lines 10 & 12) while excluding tem-
porarily removed weights from the sums to support sam-
pling without replacement (Lines 5 & 7).

Algorithm 3 presents our inverse-sampling mechanism,
adapted from (Vieira, 2016), which finds the leaf at which
the sum of visited values exceeds a random value p. Start-
ing from the root, it traverses the heap choosing leftward
branches until the ratio between the root value and the node
exceeds p (Line 5), whereupon it subtracts from p the sum
of values seen so far (Line 10) and reverts to the right
branch (Line 11). To support sampling without replace-
ment, Lines 6–8 revert to the right if the leftward value is a
sentinel. The algorithm terminates upon reaching a leaf.

Algorithm 4 illustrates our heap-enhanced combinatorial
Exp3.M that utilizes Algorithm 2 and Algorithm 3. After
initializing the sumheap in Line 1 by setting wi = 1 ∀i,
it samples an action from the weights using the sumheap,
either by exploration, randomly selecting an action with uni-
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Algorithm 4: Exp3.M Heap
Input : timesteps T , number of choices k, number of selected choices m,

exploration factor γ

1 S← Heap(2k) // Init heap of size 2k
2 for i = 0 to k − 1 do
3 HeapUpdate(S, k + i, 1) // Init log weights in heap
4 for t = 1 to T do

/* Sample */
5 for i = 0 to m− 1 do
6 if Uniform(0, 1) < γ then
7 a← HeapRandom(S) // Pick a random choice
8 else
9 a← HeapSample(S) // Sample from heap

10 prev[i]← S[k + a] // Save sampled values
11 A[i]← a // Save sampled indexes

/* Calculate probability for sampled choice */
12 pa ← (1− γ) exp(S[k + a]− S[1]) + γ

k
13 HeapUpdate(S, S[k + a], $) // Set sampled to sentinel
14 for i = 0 to m− 1 do
15 HeapUpdate(S, S[k + prev[i]], A[i]) // Restore heap

/* Update */
16 Receive rewards xa for all choices a ∈ A
17 for a in A do
18 wa ← S[k + a] + γ

xa/pa
k // Calculate new log weight

19 HeapUpdate(S, S[k + a], wa) // Update heap

form probability (Line 6), or by sampling from the weights
(Line 9). After receiving rewards (Line 16), it updates
weights (Line 18) and the heap (Line 19) accordingly.

Complexity. Each round in Exp3.M Heap takes
O(m log k) to scan the heap m times, one extra update
to support sampling without replacement, and one update
of the heap to adjust the weights. As such, Exp3.M Heap’s
complexity is lower than that of Exp3.M in the usual case
in which m≪ k. Alternatively, one may use Exp3.M with
UpdateSumExp to avoid the two-pass calculation of LSE.

3.3.1 The single-choice case.

Exp3.M Heap leads to a fast heap variant of Exp3 for single-
choice sampling, Exp3 Fast (Algorithm 6 in the supplemen-
tary material), by removing the sampling without replace-
ment and setting m = 1. It simplifies sampling (Lines 4–9)
as it does not need to save heap values as Exp3.M Heap does,
and calculates a probability only for the sampled choice
(Line 9). Implicit-exploration variations of Exp3, such as
Exp3Light and Exp3-IX, are also amenable to this formu-
lation. In particular, we propose Exp3Light Fast, a heap-
based reformulation of Exp3Light, which conducts implicit
exploration as in Exp3Light (Stoltz, 2005) by updating its
weights via the formula w ← S[k +a]+

(
−η 1−x

p

)
, instead

of explicit exploration during sampling.

Complexity. Exp3 Fast and Exp3Light Fast
need O(log k) time to sample the heap once. As we al-
ways have to update or sample an entire leaf-to-root path
of intermediary sums in the heap, the complexity bound is
tight for all Exp3 variants.

4 Queuing Behind the Leader
In this section, we present our method and discuss the main
ideas behind its design, which is guided by intuitive princi-
ples, and compare it to theoretically grounded, albeit slower,
MAB approaches. The empirical benefits reported in Sec-
tion 5 suggest that these principles could inform other effi-
cient and robust MAB algorithms too.

Overview. Exp3, and similar algorithms, indicate that
a single-weight update scheme is advantageous in terms
of time efficiency. However, they also reveal that sam-
pling from a dynamically updated probability distribution
incurs significant overhead. By contrast, the follow-the-
leader (FTL) algorithm (Kalai & Vempala, 2005) employs
a multi-weight update scheme that randomly perturbs all
weights but achieves constant-time sampling by always se-
lecting the arm with the highest weight. Our approach
aims to combine the best of both worlds: at each round, it
updates only the weights of arms that are actually chosen
as the apparent best options. QBL achieves this through
two key features: it evaluates rewards while treating appar-
ently good choices with conservatism, and it maintains a
dynamic priority queue that orders choices independently
of their rewards. Beyond runtime efficiency, QBL is de-
signed to prevent policy overcommitment in adversarial and
non-stationary settings, where arms with high past rewards
accumulate excessive weight and introduce future selection
bias (Bubeck & Cesa-Bianchi, 2012; Besbes et al., 2014).
QBL addresses overcommitment through an exploitation
strategy in which an arm selection is retained only while
its reward improves steadily in comparison to other arms.
When sustained progress stalls, QBL reinstates exploration
of other arms. By selectively reducing priorities instead of
replacing all weights, QBL skips multiple weight updates
per round, improving both efficiency and solution quality.

Exploitation strategy. The core idea of QBL is to test
whether the running best choice, or leader, is over- or
under-performing compared to previous ones, rather than
measuring the non-stationary character of the environment.
To perform this test, it compares a global weighted mea-
sure over all k arms to a local unweighted measure for each
choice. In all cases, it eventually demotes a leader by re-
ducing its weight, called priority, and picking a new one.

QBL maintains a selection counter c[a]t, which stores
the number of times an arm a has been selected, and an
accumulated reward r[a]t for each choice a at round t.
It computes a local mean Lt[a] := r[a]t/c[a]t and com-
pares it to a global weighted average Gt := Rt/Ct, where
Rt =

∑k
i=1 r[i]t and Ct =

∑k
i=1 c[i]t. Notice that

Gt = (c[a]t/Ct)Lt[a] +
∑

i∈[k]/a r[i]t/Ct. If Lt[a] > Gt,
then arm a is considered to be performing well enough, and
the algorithm continues selecting it without exploring other
options. Eventually, Lt[a] will either drop below Gt, or,
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as c[a]t increases, and the difference ∆(t) := |Lt[a]−Gt|
will fall below a small threshold ε. At that point, Lt[a] has
remained the leader for too long, and it may be appropri-
ate to start exploring other options. Therefore, the current
leader a is demoted.

Note that as c[a]t grows, |∆(t) − ∆(t + 1)| gradually de-
creases, since incoming rewards r[a]t have diminishing
impact on Lt[a]. To limit the duration during which a
suboptimal arm can remain the leader, it is beneficial to
ensure that c[a]t is small when a leader begins its term.
To enforce this, we normalize the accumulated reward as
r[a]t := r[a]t/c[a]t and reset the counter with c[a]t := 1
at the start of a leader’s term. This operation preserves
Lt but significantly reduces c[a]t. The global average Gt

is updated accordingly to reflect this change. Interpreting
Lt[a] as a reward estimator, this adjustment increases the
estimator’s variance while preserving its mean. Moreover,
it can be viewed as introducing an implicit discount factor,
reducing the weight of historical rewards.

However, this deterministic adjustment is prone to adversar-
ial manipulations aimed at prolonging the leadership of a
suboptimal arm. To this end, we introduce randomization,
modifying the demotion mechanism to penalize a leader if

Gt ≥ r[a]/c[a] · Uniform(1− γ, 1 + γ)
for the current leader a, where γ ∈ (0, 1]. In this way, QBL
effectively obfuscate how long a seemingly well-performing
leader will be allowed to remain, while giving initially un-
lucky new leaders the potential to extend their leadership.

Summarizing this scheme, a leader is demoted if it performs
poorly in comparison to the recent performance of previous
leaders, and if it performs too well relative to the global
average. To avoid demotion and circumvent QBL, an ad-
versary must steadily increase the selected arm’s reward,
forcing its estimate toward the unknown optimum and lim-
iting sustained regret. Next, we discuss how to maintain
the selection of the next leader in a way that ensures suffi-
cient exploration while avoiding unnecessary penalization
of well-performing arms during demotion.

Plutocracy as a queue. Upon reducing a leader’s priority,
QBL picks a new leader, possibly the same, as the one of
highest priority, using a priority queue. This queue only
allows integer priorities p ∈ [p[Top(Q)] − k, p[Top(Q)]],
where p[Top(Q)] is the priority of the current leader,
thereby bounding priority differences by k. Algorithm 5
presents the pseudo-code for QBL.M (in this paragraph, for
simplicity, we omit referring to subscript t, as the current
round is already clear from the pseudo-code). Initially, we
set the priority of each option to be a unique value in a range
of k (Line 2) and further shuffle them to introduce a random
initialization. We initialize trackers of rewards, counts, and
leaders (Lines 3–5) and a priority queue supporting Pop,
Push, Top, and Update operations (Line 6).

Algorithm 5: QBL.M
Input : k, m, γ

1 for i = 0 to k − 1 do
2 p[i]← i // Initialize priority
3 r[i]← 1; c[i]← 1 // Term reward and length
4 B[i]← false // No initial leaders. Boolean indicator
5 R← k; C ← k // Total term reward and length
6 Q← PriorityQueue(p) // Element i’s priority is p[i]
7 for t = 1 to T do

/* Sample */
8 for i = 0 to m− 1 do
9 A[i]← Pop(Q) // Get and remove leader

10 for i = 0 to m− 1 do
11 Push(Q, A[i], p[A[i]]) // Reinstate leader to queue

/* Update */
12 Receive reward xa for each choice a ∈ A
13 for a in A do
14 if B[a] = false then

/* Reset contributions of new leader */
15 R← R− r[a] + r[a]

c[a] ; C ← C − c[a] + 1

16 r[a]← r[a]
c[a] ; c[a]← 1; B[a]← true

17 R← R + xa; C ← C + 1 // Global score
18 r[a]← r[a] + xa; c[a]← c[a] + 1 // Local score
19 if R

C ≥
r[a]
c[a] Uniform(1− γ, 1 + γ) then

/* Reduce priority of a */
20 p[a]← min{p[a]−1, p[Top(Q)]−1 + c[a]−k}
21 Update(Q, a, p[a]) // Update queue
22 B[a]← false // Remove a as active leader

Thereafter, for each step in the time horizon T , QBL.M
chooses m elements from the priority queue (Lines 7–11)
and then updates the queue (Lines 11–22) based on those
choices. To choose elements, Line 9 pops the m elements
of highest priority and saves them for later use in a list A,
while Line 11 reinstates them in the queue.

After receiving rewards for all elements in A (Line 12),
we check, for each a ∈ A, whether it was a leader in the
last round (Line 14); if not, we grant it an initial advantage
by setting its reward tracker r[a] to the average reward it
received in its last term and its length tracker c[a] to 1,
mark it as an active leader (Line 16), and update the total
reward and count sums accordingly (Line 15). Regardless
whether a has been a leader in the last round, we update
local and global reward and count trackers to account for
the received reward xa (Lines 17–18). Thereafter, we check
whether the priority of leader a should be reduced (Line 19).
To do so, we compare two measures, a global and a local
score as described in the exploitation strategy. Line 20
reduces the priority of a leader deemed reducible, offering
a bonus of c[a]− k, where c[a] is the length of its previous
term. Thereby, we let leaders that had a long term be re-
picked earlier. As such, we reduce a leader’s priority by at
least one position, to p[a]−1, and at most to p[Top(Q)]−k;
the latter happens if its previous term had length only c[a] =
1, thus each leader is guaranteed to be replaced within
at most k demotions, letting other options be explored.
After determining a leader’s reduced priority, we update
its position in the queue (Line 21) and flag it as an inactive
leader (Line 22). If it remains in the top-m queue elements,
it becomes active again in the next round.
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Complexity. The time complexity of a round in QBL.M
is O(m log k), as maintenance of sampling and updates of
the priority queue cost O(log k) due to the queue being
implemented as a heap. Maintaining the sampling is the
expected bottleneck of QBL.M, as it occurs every round.
In contrast, queue updates only occur in case of demotion.
Sampling complexity can be reduced to O(m log m) by
introducing an auxiliary heap that tracks candidate elements
of the main heap, yet this approach can be slower in practice
than single-heap removal and reinsertion. For fixed size m,
the per-round sample complexity can be reduced to O(m)
by maintaining a min-heap of the top-m arms and a max-
heap of the rest. An update triggers a swap between the
heaps as needed, and sampling selects the entire min-heap
instead of extracting individual values. We note that, in
the case m = 1, we can reduce the per-round total time
complexity to O(log k). Sampling can be replaced with
peeking at the top element of the queue in O(1), and only
one leader may need to be updated instead of m. If the
leader is not demoted, the entire step takes O(1). Please
refer to the appendix for the full pseudo-code of QBL in the
m = 1 setting.

Future directions. QBL is a preliminary step towards
bandit algorithms that scale sublinearly with the number
of arms, a setting overlooked in prior work. The update-
on-demotion mechanism (Algorithm 5, Lines 19–22) is a
pragmatic choice that achieves scalability by replacing ran-
domized arm selection with randomized demotion while
guaranteeing eventual reconsideration of all arms. Yet, this
mechanism does not comply with existing analytical frame-
works for regret analysis. As a result, standard techniques
used to derive regret bounds for algorithms such as Exp3
are not directly applicable. In QBL, one can still devise
an adversarial strategy that aligns switches to the best arm
with the expected demotion time-steps. This does not im-
ply linear regret on every sequence of switches, but rules
out sublinear sampling for arms in expectation-based regret
analysis. An open question is whether demotion intervals
can be meaningfully bounded with high probability and
used in a regret analysis. Recent works on non-stationary
bandits (Auer et al., 2019; Suk & Kpotufe, 2022; Abbasi-
Yadkori et al., 2023) introduce an approach that splits arms
into sets of measured good and bad arms. Such a distinc-
tion shares similarities with the conceptual idea of QBL’s
demotion scheme, yet this approach introduces a runtime
dependency on log T and remains linear in k even when ap-
plying the optimization in Remark 3 of (Auer et al., 2019).
Yet, the adaptation of the analysis in (Auer et al., 2019;
Suk & Kpotufe, 2022; Abbasi-Yadkori et al., 2023) to QBL
remains an open area of investigation.

5 Experimental evaluation
Here, we evaluate the performance of QBL1 in terms of
effectiveness and scalability vs. enhanced Exp3 methods in
both real-world and simulated nonstationary environments.
Index tuning experiments runs on Ubuntu 24.04.1 (Xeon
Silver 4316, 2.3 GHz, 1TB RAM); other experiments use
Ubuntu 20.04.4 (Core i7-10610U, 1.8GHz, 48GB RAM).

Methods. In Section 5.1, we compare QBL.M to DBAban-
dit (Perera et al., 2021) and HMAB (Perera et al., 2022)
on database index tuning (Section 2.1). The comparison
is conducted in the solution’s provided framework, imple-
mented in Python. In Sections 5.2 and 5.3, we compare,
across multiple simulated environments, QBL (Section 4)
to the following single policy adversarial MAB algorithms:

• Exp3 (Auer et al., 2003): the first adversarial MAB algo-
rithm based on exponential weights.

• FPL (Kalai & Vempala, 2005): deterministic weights
with noisy updates.

• Exp3Light (Stoltz, 2005): Exp3 with implicit explo-
ration.

• Exp3-IX (Neu, 2015): an Exp3 variant with implicit ex-
ploration and high-probability bounds.

• Exp3 Fast, Exp3Light Fast: fast heap-optimized vari-
ants of Exp3 and Exp3Light, derived from Section 3.

We also compare our combinatorial policies QBL.M (Al-
gorithm 5) and Exp3.M Heap (Algorithm 4) to FPL.M,
an extension of FPL that picks the top m choices in each
round. We compare all methods using dynamic regret and
benchmark them against a uniform selection policy. For
QBL.M we present runtime measurements for the most
generalO(m log k) implementation of the sampling mech-
anism supporting dynamic number of choices m.

Simulated environments. In Sections 5.2 and 5.3, we
use three adversarial environment generatorsin which the
adversary becomes more stable, i.e., changes behavior less,
over time. This regime mimics the experiments in (Zimmert
& Seldin, 2021), notwithstanding that the reward shifts at
a progressively slower pace after 3, 32, 33, . . . rounds to
observe how the algorithms adapt to stationary streaks. The
three tested simulated environments are the following:

• Mod2. An environment with binary reward. A shift in
reward swaps the reward between even and odd arms.
This environment tests how quickly an algorithm adapts
to significant reward changes.

• Stochastic constrained. A non-stationary stochastic
environment that assigns high reward to k

10 from a
Beta(5, 1) distribution and low reward from Beta(4, 20).
When the reward shifts k

10 new arms are assigned high
reward while the rest of the arms get low reward. This

1Code at: https://github.com/AU-DIS/QBL

https://github.com/AU-DIS/QBL
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environment evaluates the sensitivity of the policy under
subtle reward changes.

• Tent map. An environment with binary rewards (Weis-
stein, 2022), which simulates both stable and chaotic be-
haviours. In each round, a single arm yields reward. With
probability 0.1 an arm flips its reward from 1 to 0, and
vice versa. This environment tests the flexibility of the
algorithms sudden reward flips.

Earlier experimental evaluations. Whereas previous
work has focused on improving regret bounds, runtime is
critical in real-world applications, e.g., ZOZOTOWN e-
commerce platforms that employ MABs (Saito et al., 2021).
A few works present experimental evaluations of runtime,
yet with only k = 20 (Neu, 2015; Kanade et al., 2009; Saha
et al., 2021) or k = 128 (Zimmert & Seldin, 2021; Wei &
Luo, 2018) arms. With so few arms, it is easy to show a
sublinear regret growth. As we show, with k in the order
of 104, regret appears linear until the number of rounds
grows larger than 103. A similar phenomenon occurs with
combinatorial policies when m > 5 as in previous experi-
mental setups (Louëdec et al., 2015). Besides, out of prior
works only (Louëdec et al., 2015; Auer et al., 2019) mention
implementation details.

5.1 Deployment to database index tuning

Here, we deploy our solution to real-world database index
tuning, where actions tune a selected set of indexes and the
reward is the execution time for queries in a workload.

Previous work. DBAbandit (Perera et al., 2021) and
HMAB (Perera et al., 2022) are recent contextual stochastic
MAB policies for database tuning, where choices are index
configurations. HMAB adapts DBAbandit to a hierarchi-
cal configuration while inheriting its core characteristics,
which we describe in detail in Section C of the appendix.

Policy comparability. Notably, QBL.M, presented in Sec-
tion 4, is oblivious to its task, while DBAbandit and HMAB
are specialized MAB approaches for index tuning that ex-
ploit knowledge of the setting. For fair comparability, we
adapt QBL.M to the index selection setting, by allowing
the set of arms to be dynamic in size subject to a fixed
memory budget. DBAbandit chooses a dynamic num-
ber of indexes, while QBL.M chooses a fixed number m.
We modify QBL.M to simulate DBAbandit by selecting
arms within a given memory budget. It uses DBAbandit’s
memory estimator, choosing arms until at least 95% of the
budget is utilized without exceeding it. Consequently, the
sampling time increases toO(k log(k)) when all arms must
be inspected—typically occurring only in early rounds due
to large index selection. As QBL.M learns to optimize
space with smaller indexes, this overhead diminishes in
later rounds. DBAbandit dynamically refines the set of k
arms per round to include only eligible indexes, i.e., those
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Figure 2: Total workload time and index creation time.

on columns queried in previous rounds, whereas QBL.M
remains oblivious of this strategy. To ensure fairness, we
grant QBL.M access to DBAbandit’s arm selection strat-
egy. However, pruning irrelevant indexes each round is
costly for QBL.M, which relies on a priority queue. In-
stead, we start with an empty queue and append newly
identified arms following DBAbandit ’s strategy. As a re-
sult, QBL.M selects indexes from all eligible indexes so far,
whereas DBAbandit restricts selection to those eligible in
the current round. Lastly, DBAbandit tracks the change in
incoming queries to detect environmental shifts. QBL.M,
by virtue of its oblivious design, does not exploit such do-
main knowledge and tracks no other information than re-
ceived rewards. We choose not to extend this advantage to
QBL.M, maintaining its domain-agnostic behavior.
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Figure 3: Platform-independent study: index utilization vs.
round number; 10GB dataset; averages as straight lines.

Figure 2 presents the time incurred in running the query and
materializing the index on adversarial workloads. DBA-
bandit and HMAB struggle in adversarial environments
because they continuously reset to address non-stationary
shifts in the workload. As a result, they repeatedly select
new indexes in response to these shifts, rather than con-
verging to a fixed set of indexes. In this case, running
the query without an index is significantly more efficient.
However, even while queries are selected randomly, some
indexes are more beneficial overall. QBL.M detects such
indexes promptly and avoids time-consuming index cre-
ation, quickly closing the gap with no index and gaining
a competitive edge. This result outlines the way forward
for the development of suitable policies in nonstationary
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workloads. On the larger 50GB dataset, QBL.M demon-
strates a clearer advantage after just 40 rounds by avoiding
unnecessary index creation.

Figure 3 complements the analysis reporting on the index
utilization, a measure that quantifies policy performance ir-
respective of the platform. The index utilization measure,
expresses the percentage of reads in indexes instead of direct
table access; as the results indicate, QBL.M makes judicious
index selections over time, leading to a gradual increase in
row reads. This feat results in a consistent difference of
about 10% from DBAbandit and HMAB. We note that
improved index utilization does not always translate to en-
hanced query execution time, as this also depends on factors
such as I/O performance and machine load. We also tried
Exp3.M, yet it took much longer to adapt to change, thus we
omit it from results. Exp3.M is unsuitable for this setting,
given that shifts are costly for its explicit exploration, as we

demonstrate in the following section.

5.2 Dynamic regret in simulated environments

We investigate adversarial policies, measuring cumulative
dynamic regret over 10 instances of any environment.

Single-choice policy. Figure 4 shows how single policies
perform under dynamic regret. Fast variants of Exp3 and
Exp3Light perform indistinguishably from the originals.
Exp3 adapts more slowly when a shift happens than its im-
plicit exploration variants, Exp3Light and Exp3-IX, which
adapt more quickly as their weight updates are not pro-
portional to k, while Exp3 relies on the random chance of
explicit exploration to overcome over-tuned weights. FPL
performs mostly unremarkably, yet it beats competitors in
the early stages of Mod2 with k = 10 000. As FPL relies
on noisy updates for exploration, it overcomes the Mod2
environmental shift quicker than Exp3 variants with such
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extreme k, as it is likely to choose one of the k/2 new good
options. Exp3’s reliance on probability estimation scales
poorly with k, as it takes longer to deviate from almost uni-
form appearing estimations. Therefore, in all experiments,
Exp3 variants get noticeably closer to random choice as k
grows. QBL performs well across the board. As demoted
leaders that perform well in one term get a second chance
as they may skip ahead in the queue, leaders demoted for
being suspiciously good get an opportunity to show they
are still good. If they do not perform well the second time,
they are fully demoted, while, if performing well again, the
process repeats. As a demoted leader’s priority is reduced
by at least 1, alternatives are explored over time.

At high k, QBL’s good performance clearly contrasts other
policies as their fixed exploration factor gets too high. Still,
we cannot lower the exploration factor, as that would make
them unable to detect environmental shifts. Using policy
variations that have knowledge about shifts would avoid
this issue, yet we are interested in testing oblivious policies
outside their comfort zones. It is noteworthy that, in a com-
pletely stationary environment, QBL looses its advantage.
Unlike QBL, Exp3 variants overcome their adaptation pe-
riod and remain stable for that shift. This difference is clear
with Mod2, k = 1000, where QBL’s cynicism to good lead-
ers hurts its performance, as it ends up demoting good or un-
lucky leaders to enforce more exploration, while Exp3 only
becomes more determined in its choices. QBL’s behavior is
so by design, as it expects shifts to happen. Yet, with Mod2,
k = 10 000 QBL eventually performs the best, as the high k
is too much for Exp3 variants to overcome. QBL performs
well in the Tent Map experiment as it overcomes the noisy
environment at all sizes of k. Helpfully, QBL initializes a

leader’s score with its average performance in the last term,
to grant previously good leaders a boost at the cost of a
potentially slower shift adaption in noiseless environments.
If the leader underperforms, the unweighted local score will
quickly drop below the weighted global score in QBL’s per-
formance evaluation anyway, hence QBL strikes a balance
between exploration and shift adaption across both noisy
(Tent Map, Stochastic constrained) and noiseless environ-
ments (Mod2). Exp3 variants overcome the noise, given
long stationary periods, yet struggle to match QBL as k
grows and when shifts occur often.

Combinatorial policy. Figure 5 illustrates performance un-
der combinatorial policy variations in the Stochastic Con-
strained and Mod2 environments. We note a difference
in behavior during shift adaptation between Exp3.M and
Exp3.M Heap, accentuated with high m. The use of thresh-
olded weights for sampling in Exp3.M allows it to overcome
environmental shifts, as the thresholding behaves effectively
as implicit exploration by containing the growth of the high-
est weights. As Exp3.M is also faster with high m too,
Exp3.M Heap is redundant in this case. We note that com-
binatorial policies do not handle the Tent Map environment
well. As there is always only one good arm to pick, the
remaining m − 1 options are consigned to uninteresting
arms. Without noise, these allocations would not incur any
regret, as there would be nothing better to pick anyway;
however, with noise it becomes likely that some unpicked
arm provides a good reward in some round. Hence, the
best tactic is to pick at random. Overall, our comparison
suggests that QBL and QBL.M are well suited for multiple-
option environments, where some choices distinctively and
intermittently outperform others.
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5.3 Runtime in simulated environments

Single choice policy. Figure 7 presents our runtime evalua-
tion of single-choice policies. As expected, the heap-based
variant outpaces the originals. The difference becomes re-
markable as k grows. Compared to fast Exp3 variants, QBL
is noticeably faster across the range of k, by virtue of its
ability to skip updates in multiple rounds, as the update time
plot suggests, and its constant-time sampling.

Combinatorial policy. Figure 6 extends our runtime eval-
uation to combinatorial policies. The sumheap loses its
benefit at high m/k ratios. As seen in log-scale with fixed k,
Exp3.M Heap becomes slower than Exp3 with growing m,
as both samplings and updates grow O(m log k) with m.
Increasing m as m=k/10 reveals where the boundary lies in
this case. QBL.M has a complexity ofO(m log k), however,
while Exp3.M Heap always updates its sumheap, QBL.M
only updates its priority queue when demoting a leader,
therefore is much faster. Even when m=k, it remains fast.

6 Conclusion
We addressed adversarial multi-armed bandits from a com-
putational perspective, aiming for sublinear runtime in the
number of arms. We introduced QBL, a single-parameter
algorithm that uses selective weight updates with a con-
stant sampling overhead to achieve O(m log k) time and
works in both stationary and nonstationary settings. While
regret guarantees remain open, our extensive experiments
show that QBL has practical value and makes a step toward
scalable MAB algorithms with controlled regret.
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A Exp3 Fast and QBL

Algorithm 6: Exp3 Fast
Input : timesteps T , k, γ

1 S← Heap(2k) // Init heap of size 2k
2 for i = 0 to k − 1 do
3 HeapUpdate(S, k + i, 1) // Init log weights in heap
4 for t = 1 to T do

/* Sample */
5 if Uniform(0, 1) < γ then
6 a← Random(k) // Pick a random choice
7 else
8 a← HeapSample(S) // Sample from heap

/* Calculate probability only for sampled choice */
9 p← (1− γ) exp(S[k + a]− S[1]) + γ

k
/* Update */

10 Receive reward x for choice a

11 w ← S[k + a] + γ
x/p

k // Calculate new log weight
12 HeapUpdate(S, S[k + a], w) // Update heap

Algorithm 7: QBL
input : k, γ

1 for i = 0 to k − 1 do
2 p[i]← i // Initialize priority
3 r[i]← 1; c[i]← 1 // Term reward and length
4 L← $ // No initial leaders
5 R← k; C ← k // Total term reward and length
6 Q← PriorityQueue(p) // Element i’s priority is p[i]
7 for t = 1 to T do
8 a← Top(Q) // Get leader
9 Receive reward x for choice a

10 if not L = a then
/* Reset contributions of new leader */

11 R← R− r[a] + r[a]
c[a] ; C ← C − c[a] + 1

12 r[a]← r[a]
c[a] ; c[a]← 1; L← a

13 R← R + xa; C ← C + 1 // Global score
14 r[a]← r[a] + xa; c[a]← c[a] + 1 // Local score
15 if R

C ≥
r[a]
c[a] ·Uniform(1− γ, 1 + γ) then

/* Reduce priority of a */
16 p[a]← min{p[a]−1, p[a]−1 + c[a]−k}
17 Update(Q, a, p[a]) // Update queue
18 L← $ // Remove a as active leader

B Experimental setup
Implementation details. We compiled all bandit policy
and simulation codes in C++ with flag -O3. All implemen-
tations utilize logarithmic scaled weights to avoid overflow-
ing values introduced by the repeated weight updates with
long time-horizons. The implementation and dataset used
in the experiments are available at https://github.com/AU-
DIS/QBL.

Algorithm parameters. Each algorithm requires tuning
an exploration parameter that determines its propensity to
adapt to environmental changes. A natural choice is to use
the value that achieves the respective regret guarantee. Yet,
these guarantees hold only under weak regret. In an adver-
sarial setting using dynamic regret, we can neither set the
exploration parameter dynamically, nor by observing histor-
ical data. We thus tested each algorithm at various regimes
to tune parameters. For Exp3 variants, we set γ = 0.1 and,
for FPL, η = 10 to enforce exploration and capture reward
shifts. For QBL, we set γ = 0.1 to ensure exploration
and eventual demotion. We arrived at these decisions after
tuning experiments, which we do not report due to space
constraints.

C DBAbandit and HMAB Setup
Here we detail the experimental setup used in Section 5.1 for
the baseline approaches DBAbandit (Perera et al., 2021)
and HMAB (Perera et al., 2022).

To pick out of all available indexes in a database with many
table columns, DBAbandit limits its selection space to
indexes from permutations of the first 6 columns in each
table of the given database. In each round, it further lim-
its its selection to indexes over columns that have been
touched in the past. Thereby, it sets k individually per
round, reducing the set of eligible indexes, subject to the
given memory threshold. DBAbandit maintains an upper-
confidence-bound (UCB) (Li et al., 2010) for each individ-
ual ever picked index via a C2UCB bandit policy (Qin et al.,
2014) subroutine. In each round it greedily selects a set of
arms that achieve a high sum of UCB estimators within
the memory threshold by iteratively selecting the highest-
UCB available arm that fits in memory. The received
reward xi for each selected arm i for an index belonging
to table H is calculated over the current query batch B

as ri =
∑

q∈B

( maxj(qHj
)−qHi

qH

)
− ci where qHi

is the
execution-time of query q spent using index i, maxj qHj is
the maximum execution-time q has historically spent on any
scan of H , qH is q’s total number of accesses to H , and ci

is the creation cost of i, ci = 0 if i is already created. The
above definition of reward seeks to minimize the end-to-
end workload time by rewarding an index that is faster than
historically used indexes for the same query, while punish-
ing the choice if it increases the accesses to the belonging
table. Further, if the index was created in the current round,
its creation cost is subtracted from the reward, punishing
expensive-to-create indexes.

To support shifting workloads, the policy forgets ac-
quired knowledge proportionally to the number of new
queries Qnew in the incoming query batch compared to
the past seen queries Qpast in the batch. To do so DBA-
bandit computes a forget factor F = 1 − 2·Qnew

Qpast
which

in each round is multiplied to the sum of rewards used for
the UCB evaluation. This adjustment lowers all arms eval-
uation, lowering the overall confidence, when a change is
observed. If Qnew/Qpast > 0.5, the evaluations are fully re-
set. While this policy works well for gradual changes over
time, it may cause the policy to forget everything in con-
stantly changing environments. In each out of 100 rounds,
the environment selects a batch of 5 random queries from a
set of 22 query templates for TPC-H size 10GB and 50GB
databases (TPC, 1999), a decision support benchmark com-
prising business-oriented ad-hoc queries. The bandit poli-
cies compete in minimizing the runtime of each batch by
selecting a set of indexes.

https://github.com/AU-DIS/QBL
https://github.com/AU-DIS/QBL
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