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Université Paris-Saclay
Orsay, France
groz@lisn.fr

Silviu Maniu
Univ. Grenoble Alpes, CNRS,

Grenoble INP, LIG
Grenoble, France

silviu.maniu@univ-grenoble-alpes.fr

Abstract—Bandit algorithms, particularly linear bandits, are
highly effective at balancing exploration and exploitation to learn
models that are much simpler than full-scale deep learning
architectures. They are useful, among others, for recommender
systems, influence maximization, and routing. However, and
especially for linear bandits, the computational time and storage
of these algorithms increase quadratically with the dimension of
input data, making them relatively expensive to run in practice,
especially on low-powered devices.

Theoretical approaches aiming to optimize the computation
have been proposed, based on dimension- and data-reduction
techniques, such as sketches and random projections. In this
article, we implement and evaluate experimentally how these
dimensionality reduction techniques can help reduce the time and
space complexity while keeping recommendation performance
high and bandit regret low. To this end, we compare on several
real-world datasets existing approaches in the literature along
with a new adaptation of bandits based on random projections.
Our results show that random projections are very efficient
at reducing the execution time and memory footprint, whereas
sketching is very efficient at reducing the cumulative regret, and
that both can contribute to faster low-regret implementations
of linear multi-armed bandits. These findings are particularly
relevant to Big-Data deployments, where the high dimensionality
of features makes trade-offs between actual performance, strict
latency and memory constraints essential for practical implemen-
tation.

Index Terms—Sequential Algorithms, Recommendations, Lin-
ear Multi-Armed Bandits, Dimensionality Reduction, Sketching,
Random Projections.

I. INTRODUCTION

Multi-Armed Bandit (MAB) algorithms, first proposed by
[1], are simple and efficient algorithms that have proven pop-
ular for applications that require sequential decision-making
on uncertain inputs. However, time and memory requirements
of these algorithms can sometimes be prohibitive in prac-
tice on high dimensional data. Particularly, in constrained
environments like Internet of Things (IoT) devices that are
characterized by small storage capacity and power constraints,
the demands of some of these algorithms can exceed the
available resources, causing a gap between theoretical and ac-
tual performance. Consequently, developing resource-efficient
algorithms is essential to enable practical application in real-
world scenarios [2], [3]. This paper investigates the impact
of dimensionality reduction techniques on linear bandit algo-

rithms by providing a comprehensive implementation, evalua-
tion, and analysis of their performance, time complexity, and
memory usage across synthetic and real-world datasets, and
providing solutions for practical efficiency in recommendation
applications.

The MAB problem involves deciding which actions to take
over time to maximize cumulative rewards, without any initial
information concerning the reward associated with each action
(or arm). The MAB problem can equivalently be formulated
as a problem of minimizing the regret, defined as the cumu-
lative difference between the optimal reward achievable by
consistently selecting the best action and the reward gained by
the algorithm. [4] have proved that no algorithm can obtain
a regret bound better than Ω(

√
T ) where T is the number

of iterations; a sub-linear regret bound essentially means
that the learning rate is faster compared to basic strategies.
Bandit algorithms dynamically optimize the decision-making
process by efficiently balancing exploration, where options
are explored to gain information and learn (simple) models,
and exploitation, where the learned information is used to
maximize rewards.

MAB algorithms based on the Upper Confidence Bound
(UCB) principle [5], [6] offer strong theoretical guarantees [4].
The UCB principle involves balancing between exploration
and exploitation by selecting the action with the highest UCB,
thus favoring the exploitation of less-explored actions that
have high uncertainty. Linear Bandits (LB) extends the MAB
framework by introducing d-dimensional vectorized arms and
linear rewards defined as the scalar projection of the selected
arm on a model parameter vector θ∗. LB algorithms exploit
this linear reward structure to converge to optimal solutions
with few samples.

LINREL [4] is one of the first algorithms to adapt the UCB
principle to LB. This algorithm uses eigenvalue decomposition
to estimate the parameter θ∗ and achieves an optimal regret
upper bound Õ(

√
dT ). Variants and analyses of this algorithm

have since been proposed to improve regret bounds, as in the
OFUL algorithm [7].

Bandit algorithms have been applied in multiple settings [8],
such as routing, influence maximization, optimal medical
usage, and cell planning in 5G networks. Here, we focus
on recommendation systems applications. Recommendations



are a natural fit for MABs: actions (arms) correspond to the
vectorial representations of recommended items, whereas user
interactions with these items determine rewards. For example,
studies such as [9]–[11] applied bandits on the Yahoo and
MovieLens datasets to recommend news articles and movies.
The approaches that we present in this paper generalize
naturally to other applications.

The complexity of estimating the parameter vector of lin-
ear bandits grows quadratically with its dimensionality, for
both time and storage requirements, making their application
costly on real-world datasets having large dimensions. Various
dimensionality reduction methods can be employed to mitigate
this complexity and enable the handling of large-scale datasets
with limited computational resources. These techniques aim
to reduce high-dimensional data into lower-dimensional rep-
resentations while preserving the essential information needed
to minimize regret.

In this paper, we study practical implementation aspects
and the impact of dimensionality reduction techniques on the
performance of linear bandit algorithms for recommendation.
We cover the following:

1) We discuss and compare the two main approaches to
dimensionality reduction (sketching and random pro-
jections), and introduce an adaptation of the linear bandit
algorithm CONFIDENCEBALL1, which leverages random
projections to reduce the time and memory requirements.

2) We conduct a comprehensive evaluation of the algo-
rithms on synthetic and real-world datasets, comparing
their performance (recommendation Click-Through-Rate
“CTR” and regret), time complexity, and memory com-
plexity. Our objective is to provide an understanding of
the advantages and potential limitations of each approach,
for potential use for practitioners.

3) We provide ready-to-use implementations of the stud-
ied approaches, available online at https://github.com/
LiliZr/Stochastic-linear-bandits.
Paper outline: In Section II, we recall two well-known

linear stochastic bandit algorithms, detailing their underly-
ing principles and theoretical regret guarantees. Section III
presents and compares bandit algorithms that leverage di-
mensionality reduction techniques, including our proposed
approach, highlighting their respective advantages and limita-
tions. Section IV reviews additional relevant literature. Finally,
Sections V and VI present an empirical evaluation of the
algorithms on synthetic and real-world datasets, followed by
a discussion of the results.

II. LINEAR MULTI-ARMED BANDITS

In MAB problems, the agent (decision maker) iteratively
(i) receives a set of actions, (ii) selects one of them, and
(iii) observes the resulting reward. Bandits can be used as
recommendation systems where the objective is to efficiently
balance the exploration-exploitation process in order to maxi-
mize the cumulative expected reward. Stochastic linear bandits
can be seen as a generalization of the bandit problem where
the actions form a set of vectors A ⊂ Rd and the reward

TABLE I: Notation used in the paper.
T Maximum iterations
d Original dimension
n Number of actions (items)
m Sketching dimension
k Projection dimension
λ Regularization factor of l2−least squares

η Noise added to the reward η ∼ N (0, σ2)
at Selected action at time t
Xt List of selected actions Xt = [a1, a2, ..., at]
Vt Covariance matrix
θ∗ Optimal parameter vector
rt Reward observed at time t

R̂T Cumulative estimated regret at time T

St Sketched selected actions list
Ṽt Sketched covariance matrix
ε Projection error or distortion ∈ (0, 1)
Φ k × d projection matrix
xa Projected action Φa
µ∗ Projected model parameter Φθ∗

[T ] Set from 1 to T
x̂ Estimator of parameter x

∥x∥1,V ∥A1/2x∥1
∥x∥2,V

√
x⊤V x

obtained after choosing an action from A is the dot product
of that action with an unknown fixed parameter θ∗ ∈ Rd, plus
a small noise η. Moreover, the action set may vary over time,
resulting in a contextual bandit problem where the action set
at iteration t is denoted by At ⊂ A. Table I summarizes the
notations used in this paper.

A. Setting

We consider a linear bandit algorithm with a finite setA of n
actions (or items) of dimension d, and an unknown parameter
θ∗ ∈ Rd. At each step t, the system recommends an action
at ∈ Rd and receives a reward rt having a linear form, such
that:

rt = ⟨θ∗, at⟩+ η.

Remark 1: We assume that η follows a Gaussian distribution
η ∼ N (0, σ2). In addition, we will assume that ∥θ∗∥2 ≤ 1 and
∥a∥2 ≤ 1,∀a ∈ A. Hence, |⟨θ∗, at⟩| ≤ 1 for all at ∈ A.

The goal is to select actions to maximize the expected
cumulative reward over a specified time horizon T . Maxi-
mizing the cumulative reward is equivalent to minimizing the
regret RT , defined as the difference at time T between the
expectations for the maximum cumulative reward achievable
by consistently selecting the best action at each step t and
the actual cumulative reward we obtain for the sequence of
actions selected by the algorithm. The expected regret can be
written as follows:

RT = E

[
T∑

t=1

max
a∈A
⟨θ∗, a⟩ −

T∑
t=1

⟨θ∗, at⟩

]
.

No algorithm can guarantee a regret bound smaller than
Θ(
√
T ) achieved in [4]. Generally, a strategy balancing ex-

ploration and exploitation is considered efficient when regret
is sublinear in T .

https://github.com/LiliZr/Stochastic-linear-bandits
https://github.com/LiliZr/Stochastic-linear-bandits


B. Linear Bandit Algorithms

In this section, we present two well-known baseline linear
bandit algorithms with optimal performance in terms of regret
minimization [12], [13]. Both implement the UCB strategy,
which, based on the principle of ”optimism in the face of
uncertainty”, guides the algorithm to estimate an optimistic
reward prediction as the upper bound of some confidence
interval, and then select the action with the highest estimation.
In the case of linear rewards, this principle is adapted by
constructing a confidence set Ct ⊂ Rd that contains the optimal
model parameter θ∗ ∈ Rd. Then, it defines an optimistic guess
for the reward of each action as UCB(a) = maxθ∈Ct

⟨θ, a⟩ and
recommends the action corresponding to the highest guess:
at = argmaxa UCB(a). After that, the algorithm observes a
reward rt = ⟨θ∗, at⟩ + η, and estimates the model parameter
by solving:

θ̂t = argminθ∈Rd

(
t∑

s=1

(rs − ⟨θ, as⟩)2 + λ∥θ∥22

)
,

where λ is a regularization parameter.
In order to compute θ̂t, the algorithm maintains the d × d

covariance matrix Vt = λI +
∑t

s=1 asa
⊤
s . The closed form

equation of θ̂t is:

θ̂t = V −1
t

t∑
s=1

as · rs.

We can construct a confidence set at time t, which is an
ellipsoid Ct centered at θ̂t−1 (the estimator of θ∗ at time t−1).
With probability 1− δ, for each t, θ∗ belongs to:

Ct =
{
θ ∈ Rd :

∥∥∥θ − θ̂t−1

∥∥∥
p,Vt−1

≤
√
αpβt

}
,

where p ∈ {1, 2} corresponds to the L1 or L2 norm, α1 =
1, α2 = d and (βt)t is an increasing sequence, s.t.
√
βt =

√
λ+

√
2 log(1δ ) + d log

(
1 + t

dλ

)
[14].

The two algorithms diverge in their approach for computing
the UCB of an action. [13] introduces the LINUCB algorithm
for the case of a finite set of actions where the arm with
the highest UCB is chosen s.t. at = argmaxa∈A⟨θ̂t−1, a⟩ +√
βt∥a∥V −1

t−1
. As this proposed strategy is technically difficult

to analyze, the regret is analyzed only on a modified version of
the algorithm where the regret is bounded by Õ

(√
dT
)

. [12]
introduces two versions of an algorithm named CONFIDENCE-
BALL (or CBALL) that can handle both the case of a finite
action set as well as the infinite case. CONFIDENCEBALL2
maintains a confidence set using the L2-norm leading to
better regret guarantees. CONFIDENCEBALL1 approximates
the confidence ellipsoid with an L1 polytope and thus runs
in polynomial time. The use of L2-ellipsoid leads to a regret
bound similar to the one of LINUCB, while using the L1-
ellipsoid leads to a slightly worse bound of Õ

(
d

3
2

√
T
)

.
Despite their optimal performance in terms of regret, these

algorithms estimate the unknown model parameter θ∗ using
a regularized linear regression, which is challenging on large

real-world datasets. Specifically, computing the required es-
timator implies inverting a matrix of dimension d, which
over the course of the algorithm costs O(d2) in memory
and O(d2T ) in total time when using the Sherman-Morrison
formula, which is the fastest method for a rank-1 update
of the inverse matrix. This quadratic dependency on the
original dimensions makes these algorithms impractical for
high-dimensional cases.

III. DIMENSIONALITY REDUCTION FOR LINEAR MABS

Research has focused on improving the time complexity of
baseline LB algorithms, using matrix projection and sketching
techniques similar to the ones adopted for linear regres-
sion. These techniques reduce computational complexity by
projecting high-dimensional input data (actions) onto lower-
dimensional spaces or by sketching matrices to approximate
complex computations. In this section, we present the various
existing algorithms by outlining the technical challenges to
keep regret low.

A. Sketching the Covariance Matrix

Frequent Directions (FD) [15] is one of the most effective
dimensionality reduction methods, especially for sequential
data. This deterministic method takes as input a stream of
rows from a matrix A ∈ Rt×d and refines a sketch matrix
B ∈ Rm×d with m ≪ t to approximate the principal
components of A.

To date, two distinct linear bandit algorithms have been
developed using this method [16], [17]. Both algorithms apply
frequent directions to a UCB bandit algorithm [7], [13].
Algorithm 1 details the fundamental template common to those
two algorithms. The template has been simplified to consider
a fixed action set instead of one that depends on the step
(contextual bandit).

Algorithm 1 Linear Bandits – Sketching the Covariance
Matrix
Require: Action set A ⊂ Rd, λ > 0, σ ∈ [0, 1]

1: Initialization:
2: θ̃0 = 0d, S0 = 0m×d, H0 = 1

λIm×m, α0 = λ
3: for t ∈ [T ] do
4: Compute

√
βt

5: at = argmaxa∈A⟨θ̃t−1, a⟩+
√
βt∥a∥Ṽ −1

t−1
▷Highest

UCB arm
6: Observe the reward rt = ⟨θ∗, at⟩+ η ▷With

η ∼ N (0, σ2)
7: UPDATEPARAMETERS(St, Ht, at, αt−1) ▷FD Update

[16], [17]
8: αt ← αt−1

9: Ṽ −1
t = 1

αt

(
Id×d − S⊤

t HtSt

)
10: θ̃t = Ṽt

−1∑t
s=1 asrs ▷Update estimator (linear

regression)
11: end for

The sketch maintains an approximation St ∈ Rm×d of Xt =
[a1, a2, ..., at], with m ≪ min(t, d). The covariance matrix



Vt = X⊤
t Xt+λI is approximated by Ṽt = S⊤

t St+λI . The in-
verse of the covariance matrix is Ṽ −1

t = 1
λ

(
Id×d − S⊤

t HtSt

)
with St the sketching matrix that approximates the row space
of the original matrix Xt by retaining the top m singular
vectors, thereby capturing the most significant directions of
Xt and Ht =

(
StS

⊤
t − λIm×m

)−1
. For a more detailed

explanation of the computation of these matrices, refer to [16],
[17].

In practice, neither Ṽt nor Ṽ −1
t are fully materialized

because all operations involving Ṽ −1
t are matrix-vector mul-

tiplications. The new estimator of the model parameter θ̃t is
then computed as θ̃t = Ṽ −1

t

∑t
s=1 as · rs.

SOFUL: The SOFUL algorithm [16] uses the frequent
directions method [15] to transform the set of t actions
into a smaller representation of size m (where m ≪ t).
Sketching the correlation matrix Vt using FD reduces the total
time complexity from O(d2T ) to O(mdT ) and the memory
complexity from O(d2) to O(md) while keeping a sub-linear

regret upper bound of Õ
(
(1+∆T )

3
2 (m+d log(1+∆T ))

√
T
)

where ∆T is upper bounded by the spectral tail, i.e., the
sum of the smallest d−m+ 1 eigenvalues of the correlation
matrix. However, if the chosen m is too small (spectrum
with heavy tail or m smaller than the rank of Xt), this
algorithm suffers linear regret. SOFUL can be viewed as
Algorithm 1 where line 4 is adapted to compute

√
βt as

√
βt

=
√
m ln

(
1 + t

mλ

)
+ 2 ln

(
1
δ

)
+ d ln

(
1 + ρ̄t

λ

)
·
√
1 + ρ̄t

λ +
√
λ(

1 + ρ̄t

λ

)
, having ρ̄t = ρ1 + · · ·+ ρt where ρt is the smallest

eigenvalue of the sketch S⊤
t St.

CBSCFD: [17] introduces CBSCFD, an algorithm sim-
ilar to SOFUL, but where the information lost in FD is com-
pensated by adding a diagonal matrix containing spectral infor-
mation that would otherwise be discarded by the approxima-
tions from the original FD sketching. This reduces the impact
of ∆T on the regret bound, leading to a lower regret bound
than the one from SOFUL: Õ

(√
mT

(√
m+ d log(1 + ∆T )

+
√
∆T

))
. The time and space complexities of CBSCFD

are the same as those of SOFUL. CBSCFD is obtained by
using the following value in line 4 of Algorithm 1:

√
βt =

√
λ+∆t+

√
2 ln
(
1
δ

)
+m ln

(
1 + t

mλ

)
+ d ln

(
1 + ∆t

λ

)
where

∆t =
∑t

i=1 δt. Moreover, line 8 in Algorithm 1 must be
replaced by αt ← αt−1 + δt where δt is the m-th singular
value of St.

Impact of FD Sketching on Bandit Algorithms: The
Frequent Directions (FD) technique provides an effective and
deterministic approach for linear bandits: employing FD to
sketch the covariance matrix can yield sub-linear regret bounds
in theory. However, its performance can be sensitive to the data
distribution (e.g., action matrix having high rank or heavy-
tailed spectrum distributions). This can lead to difficulties
in capturing important information, which could result in an
inaccurate approximation. Additionally, when using relatively
high dimensional data, the computational cost of O(md) is
much higher than the technique we discuss next.

B. Projecting the Action Set

Johnson-Lindenstrauss transformations, such as random
projections, are another way of reducing dimensionality. These
methods attempt to efficiently compress data points from a
high-dimensional space into a lower-dimensional one while
preserving important information.

The Johnson–Lindenstrauss lemma [18] is a result stating
that a set of points in a high-dimensional space can be
embedded into a much lower-dimension space in such a way
that distances between all pairs of points are preserved within
a factor of 1± ε.

Importantly, such linear mappings can be computed effi-
ciently.

In this section, we consider approaches that project the
action set to a lower dimension using a matrix transforma-
tion Φ ∈ Rk×d. After projection, the agent must learn the
parameter µ∗ = Φθ∗ ∈ Rk. The objective remains the same,
minimizing the cumulative regret. However, as we are working
in a reduced dimension, the estimation of µ∗ is adapted by
computing at each round t the estimator µ̂∗ s.t.:

µ̂t = argminµ∈Rk

(
t∑

s=1

(rs − ⟨µ, xas⟩)
2
+ λ∥µ∥22

)
, (1)

where rs is the reward obtained at time s, xas
is the projection

of the action as using Φ and λ > 0 is a regularization factor.

Algorithm 2 Linear Bandits – Projection Matrix

Require: Action set A ⊂ Rd, λ > 0, σ ∈ [0, 1]
1: Initialization:
2: Generate the projection matrix Φ
3: Project A: compute xa = Φa, ∀a ∈ A
4: µ̂0 = 0k, V0 = λIk×k

5: for t ∈ [T ] do
6: at = argmaxa∈A maxµ∈Ct

⟨µ, xa⟩ ▷Highest UCB arm
7: Observe the reward rt = ⟨θ∗, at⟩+ η ▷With

η ∼ N (0, σ2)
8: Vt = V0 +

∑t
s=1 xas

x⊤
as

9: µ̂t = V −1
t

∑t
s=1 xas

rs ▷Update estimator (linear
regression)

10: end for

The general flow, illustrated in Algorithm 2, remains the
same as in the baseline UCB-based Algorithms for a non-
contextual case. At step t, the algorithm recommends the
action at having the highest UCB using a confidence set Ct s.t.
UCB(a) = maxµ∈Ct⟨µ, xa⟩. Then, it observes a noisy linear
reward rt, updates the necessary parameters and computes the
estimated model parameter using the closed form of Eq. 1.

The main difference to the original algorithm is that the
projected actions (line 3), the action covariance matrix and
the model parameter estimator are in dimension k.

CBRAP: CBRAP [19] adapts LINUCB [13] using a
random projection matrix. Specifically, in Algorithm 2 line 2,
a matrix Φ ∈ Rk×d is generated where each element follows
a normal distribution N (0, 1/k). Then, it builds a confidence



set Ct = {µ ∈ Rk : ∥µ − µ̂t−1∥2,Vt−1
≤
√
βt}, where

√
βt =

√
k log 1+t

δ +
√
λ+ ϵ

√
t and ϵ = Ω(

√
1
k ). Finally, the

action at is chosen in line 6: at = argmaxa∈At
⟨µ̂t−1, xa⟩ +√

βt∥xa∥V −1
t−1

.
By reducing the dimensionality, CBRAP thus lowers the

time complexity of the algorithm from O(d2T ) to O(k2T ) and
the memory complexity from O(d2) to O(k2). Nevertheless,
this reduction is not without drawbacks. In particular, the
random projection introduces an error term εT in the regret
bound, resulting in near-linear regret Õ

(
k
√
T + ε

√
kT
)

. The
less effective the projection dimension k (too small compared
to the original dimension), the greater the impact of the
introduced error term (i.e., larger error distortion 1± ε).

CONFIDENCEBALL1 FJLT: We introduce here a simple
adaptation of CONFIDENCEBALL1 [7], [12] using the Fast
Johnson-Lindenstrauss Transform (FJLT) [20]. FJLT is a trans-
formation that respects the JL lemma but is faster than random
projections. In particular, to implement line 2 in Algorithm 2,
we generate a FJLT projection matrix Φ = 1√

k
PHD (with

P , H and D as described in [20]), then we project our initial
data points (actions) of dimension d, into a lower dimension k
using Φ. Then, the equation in line 6 is solved by generating
2k extremal points of the polyhedron confidence set defined
as Ct =

{
µ ∈ Rk : ∥µ− µ̂t−1∥1,Vt−1

≤
√
kβt

}
with

√
βt =

√
λ+

√
2 log(1δ ) + k log

(
1 + t

kλ

)
.

As in the CBRAP algorithm, the use of random projections
here again introduces a term εT in the regret bound, result-
ing in a regret of Õ

(
k
√
T + 2εT

)
. The time and memory

complexities of this algorithm are the same as the ones of
CBRAP.

Impact of Random Projections on Bandit Algorithms:
Using projection matrices offers faster computation compared
to other techniques. After the projection, the computation time
no longer depends on original dimension d. Furthermore, the
algorithm involves only matrix multiplications which is faster
than PCA or other decompositions (especially in contextual
settings when the action set changes over time). On the other
hand, the guarantees of projections are not deterministic.

Table II summarizes the regret, time and space complexities
of the algorithms discussed in this section.

IV. OTHER RELATED WORK

We briefly survey other approaches for efficient bandit
algorithms.

[14] provides a comprehensive overview of various bandit
algorithms and principles. [21] presents a novel algorithm
called LRP for sparse linear bandit problems that combines
a lasso estimator and adaptive random projections. The regret
upper bound for LRP-Bandit is Õ(s

√
T log d) where s≪ d is

the number of features that have non-zero coefficient values
in θ∗. However, implementing this algorithm efficiently is a
challenging task due to the use of complex convex optimiza-
tions. [22] proposes PSLB, a PCA-based method that learns
a low-dimensional subspace of the action set. Although PCA

has been shown to yield more informative projections than
data-independent transforms (such as random projections), it
requires additional computational operations and may lead
to higher running time. Another approach in the literature
combines projections to reduce time complexity and kernel
methods to handle situations where the reward function may
be complex and nonlinear: the BKB [23] and EK-UCB [24]
algorithms propose two different Gaussian process based al-
gorithms for kernel bandits combined to Nyström projections.
Both these algorithms achieve a regret Õ(

√
T (deff +

√
λdeff))

where deff is the effective reduced dimension as described in
[25]. The time complexity of BKB is O(T 2d2eff+nTd2eff) while
EK-UCB has a time complexity of O(nTd2eff). This type of
algorithm using kernel methods appears to have better theo-
retical results in terms of regret, yet they tend to be slower in
practice than algorithms presented in Section III. [26] presents
the D-LINTS-RP algorithm, which adapts the Thompson
Sampling algorithm [27] for non-stationary environments with
random projections. The D-LINTS-RP algorithm achieves a

regret bound Õ

(
T (exp(−kε2) + ε(1 +

√
k
T log(n)))

)
with

ε the distortion error of random projections and k < d the
projected dimension.

V. EXPERIMENTAL SETUP AND RESULTS

In this section, we first present the experimental setup:
the datasets we used, the implementation details, and the
parameter space for evaluation. We then present the results
obtained for the different datasets and algorithms tested.

A. Datasets and Settings

Dataset description and processing: To conduct the
experiments, we used two synthetic datasets—Synthetic 1
(n=200, d=100) and Synthetic 2 (n=2000, d=1000)— where
each action and θ∗ are drawn i.i.d. from N (0, 1) (n = number
of actions, d = dimension). We also evaluate the algorithms on
five real-world datasets: MNIST1, Steam2, MovieLens 25M3,
Amazon Books4, Yahoo5.

The bandit algorithms are used to provide recommenda-
tions: actions are the vector representations of items, obtained
by concatenating available features with the multi-label en-
coding of users who interacted with them, and the reward
corresponds to the adoption of the recommended item. For
real-world datasets, we retain only the most relevant users,
i.e., those who have interacted with a sufficient number of
items—to ensure a realistic estimation of θ∗ within a rea-
sonable execution time. Full dataset details and preprocessing
steps are available online.6

1https://pjreddie.com/projects/mnist-in-csv/
2https://kaggle.com/datasets/antonkozyriev/

game-recommendations-on-steam
3https://grouplens.org/datasets/MovieLens/
4https://amazon-reviews-2023.github.io/data processing/index.html
5https://webscope.sandbox.yahoo.com/catalog.php?datatype=r&did=49
6https://github.com/LiliZr/Stochastic-linear-bandits

https://pjreddie.com/projects/mnist-in-csv/
https://kaggle.com/datasets/antonkozyriev/game-recommendations-on-steam
https://kaggle.com/datasets/antonkozyriev/game-recommendations-on-steam
https://grouplens.org/datasets/MovieLens/
https://amazon-reviews-2023.github.io/data_processing/index.html
https://webscope.sandbox.yahoo.com/catalog.php?datatype=r&did=49
https://github.com/LiliZr/Stochastic-linear-bandits


TABLE II: Comparison of regret and time and space complexities of the algorithms.
Algorithm Regret Time Space

Baseline algorithms

CONFIDENCEBALL1 [12] Õ
(
d

3
2

√
T
)

O(nd2T ) O(nd2)

LINUCB [13] Õ
(√

dT
)

O(nd2T ) O(nd2)

Covariance Matrix Sketching
SOFUL [16] Õ

( √
T (1 + ∆T )

3
2 · (m+ d log (1 + ∆T ))

)
O(nmdT ) O(nmd)

CBSCFD [17] Õ
( (√

m+ d log (1 + ∆T ) +
√
∆T

)
·
√
mT

)
O(nmdT ) O(nmd)

Random Projections
CBRAP [19] Õ

(
k
√
T + ε

√
kT

)
O(nk2T ) O(nk2)

ConfidenceBall1 FJLT
(section III-B) Õ

(
k
√
T + 2εT

)
O(nk2T ) O(nk2)

Evaluation settings: We consider two settings:
(i) Contextual (Figure 1). At each iteration a one-hot user

context and its itemset are sampled randomly, and the reward
when recommending an item has is binary: rt = 1 if the user
has interacted with the item and 0 otherwise. Consequently,
the cumulative reward averaged over time is equivalent to
the click-through rate (CTR). A higher CTR indicates better
recommendations.

(ii) Non-contextual (Figures 2—5 and Tables III—IV). A
fixed user and action set are selected at the beginning, and
the reward rt = ⟨θ∗, at⟩ + η,where η ∼ N (0, 0.12). The
performance in this setting is evaluated via cumulative regret.
A lower cumulative regret signifies better alignment with user
preferences.

Implementation details: Results are obtained by run-
ning each algorithm 20–50 times (with fixed seeds) Hy-
perparameters λ ∈ {2 × 10−11, . . . , 2 × 102}, scale ∈
{10−6, . . . , 101}, sketch size m (CBSCFD, SOFUL) or pro-
jection size k (ConfidenceBall1-FJLT, CBRAP) are optimized
via grid search, retaining the best configuration.

We conduct all experiments on a Linux server having an 8-
core bi-pro Intel Xeon E5-2609v2 2.5GHz processor and total
memory of 64GB. The open-source Python implementation
is available online.6 The raw experimental results are also
available online.7

B. Experimental Results

In this section, we present the results obtained for various
datasets and algorithms tested. For each plot and for each
algorithm, we report the best outcomes achieved in terms
of cumulative regret or CTR averaged across the different
combinations of parameters tested (scale and λ). We selected
the results that we consider the most relevant; additional results
on other datasets and supplementary information are available
online. 6

7https://www.lri.fr/∼izri/results.zip

Click-Through Rate: Figures 1a and 1b show the CTR
and CPU time for the different datasets and algorithms. In
Figure 1a, the best-performing algorithm in terms of CTR is
CBSCFD. The latter seems to achieve the same result as
the baseline algorithm LINUCB, which, along with CON-
FIDENCEBALL1, was stopped early due to excessive pro-
cessing time. Figure 1b shows that algorithms using random
projections, namely CBRAP and CONFIDENCEBALL1-FJLT,
perform better on the Steam dataset than the ones using
sketches (i.e. CBSCFD, SOFUL). On the other hand, all
results show that SOFUL achieves the lowest CTR across
all data sets.
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Fig. 1: Click-through rate and CPU time per dataset. Contex-
tual setting.

Cumulative Regret: Figures 2a, 2b and Table III report
the cumulative regret and CPU time for different datasets and
algorithms. In Table III, for each metric, the best algorithm is
in bold and the second-best is underlined. In general, the best-
performing algorithms in terms of average cumulative regret

https://www.lri.fr/~izri/results.zip
https://www.lri.fr/~izri/results.zip


are CBSCFD and SOFUL (i.e., the algorithms that sample
the matrix). These algorithms achieve results similar or better
than baseline algorithms, as can be seen for example in Figure
2a. Conversely, algorithms using random projections, namely
CBRAP and CONFIDENCEBALL1-FJLT are less efficient.
There are a few exceptions, notably in the case of the Steam
dataset (Figure 2b), and even more so in synthetic data (Table
III), where CBRAP and CONFIDENCEBALL1-FJLT perform
better, while other algorithms suffer from a higher regret which
seems linear.

Variations in whether sketch based algorithms outperform
random projection based algorithms (for instance Figure 2a
where they do in Figure 2b where they do not) are due to
combining results from different runs and where users having
different reward distribution are selected for each run; this
is the case in the MovieLens, Steam, Yahoo and Amazon
datasets. Moreover, the parameters set cannot be optimal for
all users and algorithms, resulting in sub-linear regret for some
users and linear regret for others. Moreover, as discussed in
Section III, sketching-based algorithms can provide more ac-
curate approximations than random projection-based methods,
leading to lower regret. However, they may still suffer linear
regret in certain scenarios.
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Fig. 2: Regret and CPU time comparison per dataset. Non-
Contextual Setting.

CPU Time: In contrast to regret, the fastest algorithms
are always the ones that use random projections. In the case
of dataset Synthetic 1 (d = 100 and n = 200) for example,
we can see on Table III that CBRAP is 5 times faster
than CBSCFD and SOFUL. In the case of datasets where
the initial dimension and the size of the itemset are much
larger (e.g. steam with d = 1803, n = 2000), we can see
a more significant gap in the CPU time between two types
of algorithms. Indeed, as we can see on the right of Figure
2b, CONFIDENCEBALL1-FJLT is up to 30 times faster than
CBSCFD and SOFUL in terms of CPU time, while CBRAP
is 60 times faster than those algorithms. We cannot apply the

TABLE III: Regret and CPU Time for Synthetic Data at
T=2000.

Synthetic 1
d = 100, n = 200

Synthetic 2
d = 1000, n = 2000

Model Regret CPU Time Regret CPU Time

CBall1 74.16 50s - -
LinUCB 63.65 24s - -

CBSCFD 55.23 23s 531.77 490s
SOFUL 651.97 21s 648.67 470s

CBRAP 42.29 4s 311.00 15s
CBall1 FJLT 73.94 20s 207.90 34s

baseline algorithms on large datasets, as they exceed our time
limit (set to the maximum runtime of other algorithms), even
within 500 iterations.

The difference between algorithms that use random pro-
jections and the ones that sketch the covariance matrix is
due to the fact that algorithms using sketches have a time
complexity that always depends on the initial dimension d,
whereas algorithms using projection matrices have a time
complexity that only depends on the new reduced dimension.

Memory Usage: As shown in Figure 3, sketch-based
algorithms require significantly more memory than random
projection methods on high-dimensional datasets (e.g., Movie-
Lens), especially when the sketch size must be large enough to
ensure low regret. This comes from their O(nd) per iteration
cost due to matrix multiplications and storage of S and H
(of sizes O(md) and O(m2)), in addition to the item set and
parameter estimator. In contrast, random projection methods
store only the covariance matrix O(k2) and projected itemset
O(nk), with UCB computations costing O(nk).
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Fig. 3: Peak of memory allocation per dataset.

Parameter Sensitivity Analysis: Figure 4 displays the final
(cumulative) regret values in function of the regularization
parameter λ and the confidence bound scale. Each algorithm
has an optimal value that allows us to get the best cumulative
regret; importantly, the algorithms’ variance is the lowest
at this specific value. Moreover, the optimal value for the
confidence bound is not the one that is found theoretically;
evidence points that scale factors closer to 0.1 or 0.01 are more
optimal. Naturally, once we decrease the scale too much (thus
practically removing the impact of the confidence bound), the
results are worse generally. The difficulty is that bandits, being



online algorithms, are not amenable to hyper-parameter tuning;
nevertheless, the results show that values around 0.01 for scale
and 10−5 for λ generate better results. Similar findings have
been observed on other datasets.
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Fig. 4: Impact of parameters on regret on Steam dataset.

Impact of Sketch and Projection Dimension on Regret:
Experiments on the MovieLens dataset show that, when using
random projections, increasing the dimensionality of the pro-
jection result in more sublinear regret (in the sense that regret
growth decays more visibly), as shown in Figure 5a and 5b.
This is unsurprising: the projected dimension gets closer to
the initial dimension and thus the theoretical guarantees of
the baseline model. However, increasing the sketch size in
sketch-based algorithms does not always improve the results.
For example, the results of CBSCFD algorithm in Figure 5c
suggest that increasing the sketch size initially leads to lower
sub-linear regret with larger sketches, before reverting to
earlier behavior. For SOFUL, in Figure 5d, increasing the
sketch size does not appear to improve the results.

This experiment shows that increasing the values of k or m
not only increases memory usage and computation time, but
also leads to an increase in the average cumulative regret. This
indicates that asymptotic behavior may not always be the best
criterion for the horizons we considered here. More specifi-
cally, achieving sub-linear regret should not always be the end
goal in practice: one should prefer steadily increasing linear
regret that is lower at the end of the iterations than a quickly
increasing sub-linear regret shape. Therefore, increasing the
size of the sketch or the projected dimension has an impact
beyond resource consumption and running time, by potentially
negatively affecting the minimization of cumulative regret.

for loop vs. Matrix Multiplication: All results presented
in this paper have been obtained using matrix multiplications
only. Another possibility is to implement the presented algo-
rithms more directly. Indeed, instead of performing a matrix
multiplication involving the item set (all items at once), one
can use a for loop to iterate through the list of items and
estimate the gain of each individually.

In Figure 6, we compare the use of for loops implemen-
tation to matrix multiplications one, in terms of CPU time
and memory usage for the Movielens dataset in the contextual
setting and having m = 10, k = 50 and T = 200. As
we can see the use of matrix multiplications leads to faster
algorithms in terms of time, as shown in Figure 6, particularly

for the CBRAP algorithm. However, we can also notice that
this time efficiency leads to much higher memory consump-
tion, especially for algorithms using sketches, as intermediate
computations require the storage of matrices of order n× d.

Consequently, the use of for loops appears to be a more
memory-efficient approach, facilitating the manipulation of
larger datasets on devices having low memory. Conversely, us-
ing matrix multiplications consumes more memory, especially
if the data set is large (high dimension d and large number of
items n), although this may be less of a concern if the memory
is more plentiful.
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Fig. 6: CPU time and Memory usage comparison per imple-
mentation for Movielens dataset.

VI. DISCUSSION AND CONCLUSIONS

The results presented in the experimental study show that
the choice of the type of approach for space- and time-
savings for recommendation using linear bandits is not entirely
straightforward and depends greatly on the dataset. To aid
practitioners, we conclude by discussing these trade-offs and
giving some takeaways and insights for practical use.

Table IV presents the trade-off between regret, CPU time,
and memory per dataset. The algorithms which are Pareto
efficient i.e., not dominated by any other, appear in bold in
the table.

TABLE IV: Cumulative Regret (R), Time in seconds (T),
and Memory in MiB (M) for each model and dataset.

Dataset Metric CBall
1

LinUCB

CBSCFD

SOFUL

CBRAP

CBall
1

FJL
T

M
N

IS
T R 328 311 317 443 597 573

T 2850 131 41 42 15 35
M 51 14 2.5 2.5 0.7 0.7

M
ov

ie
L

en
s R 39 43 33 34 47 69

T 3749 1078 1071 950 22 43
M 61 18 19 19 2.7 3.7

St
ea

m R — — 52 107 35 38
T — — 1183 1232 18 42
M — — 28 28 2.4 3.2

Ya
ho

o R 122 98 100 612 103 123
T 13367 680 115 123 10 59
M 203 55 4 4 1.7 2.3

A
m

az
on R 260 190 339 469 282 282

T 10607 1203 533 530 36 241
M 156 42 14 14 5.6 8
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Fig. 5: Impact of sketch and projection dimension on regret.

This table shows that, when one prioritizes fast execu-
tion, the approaches based on projecting the data matrix
(CONFIDENCEBALL1-FJLT and CBRAP) achieve the lowest
running time by a significant margin. In some datasets, this
is achieved with a modest increase in regret, despite the
weaker theoretical guarantees compared to the sketching-
based approaches. However, they can exhibit linear regret
if the projection dimension is insufficiently representative of
the data. In contrast, sketching algorithms, CBSCFD and
SOFUL, typically achieve lower regret, although they are

more time consuming (and sometimes even as costly as the
baseline algorithms, LINUCB and CONFIDENCEBALL1, see
MovieLens).

The table also shows that approaches based on random
projections are also more memory-efficient than the sketching
algorithms (SOFUL and CBSCFD), especially when the
dimension of action vectors d is high as in the case of the
Steam dataset. The lower efficiency of sketching algorithms
reflects their theoretical dependency on d.

Our experimental study emphasizes that the choice of



method is strongly influenced by the specific requirements
of the application. Random projections are preferable for
applications that prioritize speed or memory, and which tol-
erate a slightly larger regret, while sketching algorithms are
preferable when minimizing regret is crucial, despite higher
computational and memory costs, as they keep the regret
within reasonable bounds both theoretically and in practice.

We believe that these results show that simple algorithms
such as linear multi-armed bandits are useful for practitioners,
as they can be augmented with space- and time-saving tech-
niques to achieve good results in practical application domains,
as evidenced by our recommendation scenario.
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