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Quantum Bandit With Amplitude Amplification
Exploration in an Adversarial Environment

Byungjin Cho ", Yu Xiao ", Member, IEEE, Pan Hui

Abstract—The rapid proliferation of learning systems in an
arbitrarily changing environment mandates the need to manage
tensions between exploration and exploitation. This work proposes
a quantum-inspired bandit learning approach for the learning-and-
adapting-based offloading problem where a client observes and
learns the costs of each task offloaded to the candidate resource
providers, e.g., fog nodes. In this approach, a new action update
strategy and novel probabilistic action selection are adopted, pro-
voked by the amplitude amplification and collapse postulate in
quantum computation theory. We devise a locally linear map-
ping between a quantum-mechanical phase in a quantum domain,
e.g., Grover-type search algorithm, and a distilled probability-
magnitude in a value-based decision-making domain, e.g., adver-
sarial multi-armed bandit algorithm. The proposed algorithm is
generalized, via the devised mapping, for better learning weight
adjustments on favorable/unfavorable actions, and its effectiveness
is verified via simulation.

Index Terms—Multi-armed bandit, quantum amplitude ampli-
fication.

1. INTRODUCTION

OG computing domains, such as vehicular networks, have

been rapidly proliferated [1]. Enabling such emerging ap-
plications to work in a pervasive uncertain environment man-
dates the need for intelligent decision-making (DM) to choose a
suited computing server guaranteeing the quality of service, e.g.,
offloaded to nodes geared with powerful computing capability.
To solve the provider identification problem, sequential DM has
been leveraged for its ability to learn in a trial/error fashion with-
out explicit knowledge of the environment, while facing the ex-
ploration/exploitation (ExR/ExT) dilemma [2]. The exploration
strategy is known as a crucial ingredient for learning-based DM:
under-ExR makes the decision stick at a sub-optimal strategy,
while over-ExR may incur an ExR cost.
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Various exploration strategies have been introduced to ad-
dress the balancing issue, which can be categorized into three
main methods of selecting an action, e.g., a service provider:
i) An upper-confidence bound (UCB)-type strategy, referred to
as interval-estimation method [3], selects an action that has
the highest estimated action-value plus the UCB exploration
term, making it possible to play an action that was not ex-
plored sufficiently; ii) A greedy-type strategy, referred to as the
semi-uniform (SU) method [4], consists of choosing a random
action with e-frequency or choosing the action with the highest
estimated mean otherwise. For the latter, the estimation is based
on the costs observed so far; iii) A softmax-type strategy, referred
to as the probability-matching (PM) method [5], chooses actions
according to a Gibbs-type probability distribution reflecting
how likely the actions would be optimal, with a free parameter
corresponding to inverse temperature 3. With careful tuning,
such a UCB-type rule is asymptotically optimal for specific
cost distributions but may occur after a long period of time
particularly in an adversarial environment. Using SU and PM
methods requires tuning the ExR parameter, € or (3, vital in
a varying environment but non-trivial to set in a systematic
way due to lack of generality in how to adjust the factors on
favourable/unfavorable actions.

As a promising direction to overcome the difficulties of
controlling the ExR factors, adopting a quantum mechanism
in the field of learning algorithms has been considered. Exist-
ing works in [6], [7] show that quantum learning algorithms
can achieve a better EXR/EXT trade-off compared with classi-
cal learning, and learning efficiency improvement. Such quan-
tum enhancement arises from the use of quantum subroutines
such as quantum amplitude amplification (QAA) and quantum
measurement (QM). QM envisions natural ExR based on the
collapse postulate of quantum mechanics, which can be used
for the importance-weighted Gibbs sampling without specific
exploration parameters. QAA, a core in Grover’s algorithm [8],
updates the probability amplitudes of actions with a certain
degree of importance, performed by multiple iterations, where
each can be generalized to adjust weights on favorable actions.

Existing probability amplitude updating strategies [7], [9],
[10], [11] suffer from arbitrary phase variation and probability
amplitude jumping issues. Such uncertainty attributes may bring
out severe eventuality in an arbitrarily varying environment
with incomplete feedback, since the probability amplitude of
a sub-optimal action could be amplified by an arbitrary degree.
The concerns have not been resolved due to challenges associ-
ated with 1) nonexistence of one-to-one mapping between phase
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and probability amplitudes and ii) nonsmoothness of arbitrary
cost estimates, shed lighted in this work. To the best of our
knowledge, this is the first work aiming at devising a quantum-
inspired learning process in an adversarial environment with
limited feedback. The features of this work can be summarized
as follows.

® This work proposes a quantum exploration-based decision-
making algorithm, where a novel probabilistic action selec-
tion is adopted for enhancing an adversarial multi-armed
bandit (MAB) learning strategy [4], provoked by the ampli-
tude amplification and collapse phenomenon in quantum
computation theory.

® This work extends non-classical learning algorithms using
a fixed phase with flexible iterations [7] to their counter-
parts, flexible phases with an iteration, in a resembling way
to existing works [9], [10], [11]. Our work differs from pre-
vious works in the ways the phases are tuned, overcoming
the hardness of justifying to set a free parameter.

e This work generalizes the MAB algorithm through in-
creasing the probability amplitude of a dominant action
as well as decreasing the ones of the others. This is re-
alized by adjusting importance weights via the devised
one-to-one mapping between a quantum-mechanical phase
and a learning-based decision probability, which otherwise
conventionally requires an extra normalization [10].

e This work alleviates an undesirable situation, where a
suboptimal action is amplified due to uncertainty of the
empirical cost estimates in an adversarial bandit setting.
This is enabled by using an implicit exploration estimate
process, which renders the reduction of variance and bias
simultaneously and thus achieves a better ExXR/ExT bal-
ance [2]. Simulation results verify its effectiveness.

II. RELATED WORKS

This section presents related works in the area of quantum-
enhanced exploration strategy, in terms of quantum bandit prob-
lems and amplitude amplification methods.

Quantum algorithms for bandit problems have been proposed
recently [12], [13], [14], [15]. The work in [12] initiated the
study of quantum algorithms for best-arm identification of
MAB, the research in [13] proved optimal results for best-arm
identification of MAB with Bernoulli’s arms, and the authors
in [14] proposed quantum algorithms to find an optimal policy
for a Markov decision process with quantum speedup. These
algorithms investigate potential improvements in the respective
multi-armed stochastic bandit problems. The stochastic model
may be unrealistic in many applications: data collected in a
sequence rarely satisfy the i.i.d assumption, and it would be
naive to think that corruptions never occur. The work in [15]
studied a quantum version of the Hedging algorithm, related to
the adversarial model considered pessimistic in contexts where
we expect learning to be reasonably possible. However, it is
limited to a bandit setting.

Quantum algorithms with probability amplitude updating are
in general supported by two different approaches [7], [9], [10],
[11]. One is to make use of a fixed phase with multiple Grover

iterations, which however suffers from an amplitude jumping
issue [7] due to discrete operations. The other is to consider a
varied phase with a single iteration, which however suffers from
the effects of arbitrary phase variations on the amplitudes due to
nonexistence of one-to-one mapping between phase rotation and
probability amplitudes [9], [10], [11]. The work in [9] considered
an empirical function mapping, e.g., setting relevant free param-
eters manually. However, such a manual strategy is only valid
when sufficient data are available, causing unreliability. The
work in [10] considered a parametric mapping that is not reliant
on empirical data. However, a substantial number of function
forms remain largely unexplored, and thus such parametric strat-
egy cannot be generalized, causing incompatibility. The work
in [11] relaxed the limitations of both empirical and parametric
approaches. However, their approach suffers from inflexibility
due to non-monotonic mapping, which fails to simultaneously
amplify the dominant action and attenuate others. Additionally,
none of these works considers the uncertainty of the empirical
costs generated in an adversarial fashion under an information-
limited environment, which could increase the probability am-
plitude of a sub-optimal action, leading to fatal outcomes. This
work addresses the aforementioned limitations by introducing
a novel action updating strategy. This strategy utilizes a local
one-to-one mapping between available phase rotation and rela-
tive disparity learning scores for both dominant and dominated
actions. This approach allows for the simultaneous amplification
and attenuation of probabilities. In addition, cumulative learning
scores are used in conjunction with an implicit exploration-based
biased cost estimation. This technique effectively mitigates the
uncertainty associated with importance-weighted estimators in
adversarial environments.

III. SYSTEM MODEL AND LEARNING STRATEGY

This section demonstrates the system model and learning-
based decision-making, applicable to offloading services.

A. System Model

A service client (SC) generates tasks, while a set of ser-
vice providers (SPs) k € K = {1, ..., K} execute the requested
tasks with their own available resources. An SC can send a task,
e.g., offloading a computational task [2], ¢ to any SP & among the
set. Each task, ¢, is considered as a basic unit for offloading. The
demand for resources from each SC may vary depending on the
nature of performed applications, expressed as the multiplication
of the input size ¢* (bits/task) and the computational complexity
(cycles/bit). The service capability of an SP k depends on its
resource availability (cycles/sec). The achievable up/down-link
transmission rates between an SC and an SP are determined by
the wireless medium characteristics. The cost for offloading a
task, D¢, includes the cost for uploading the input to an SP £k,
and the execution cost at the SP, downloading the result to the
SC.

This work defines the unit service cost reflecting the service
capability of each candidate SP k, e.g., the cost of process-
ing one bit of input data for task ¢ on SP k, as I} = D} /¢".
One aim of this work is to minimize the average unit cost
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Fig. 1. Quantum learning-based decision making.

by optimizing the SP selection for each task in each round,
k. We design a learning-based task offloading (TO) algorithm
minimizing the expectation of the unit cost, formulated as
P ming, g,k B[, I}.,], where E[-] is the expectation,
ltkt is a sequence of unit cost for the ¢-th task in the task set 7, and
T = |T| is the number of tasks. The significance of a learning
algorithm depends on the adopted benchmark policy which the
algorithm is measured against. The learning regret measuring
how much the SC regrets choosing its pulled action-sequence
over the one with the optimal policy, is expressed as LY, — LL.,
where L}, = E[Zthl It,Jand LT, = ]E[Zthl It.] correspond to
the expected cumulative costs incurred by an algorithm and the
optimal solution k* = arg miny, Zle It)r.

B. Online Learning Decision-Making in Bandit Setting

Consider a framework of online learning where an SC se-
lects one SP, k € K based on an unknown cost function. There
exists a trade-off between exploiting the experiential best SP
for instantaneous costs and exploring the other SPs for poten-
tial benefits. The trade-off is formulated as a MAB problem
specified by K and I}, ¢ € 7. In an adversarial MAB, random-
ized policy is used such that an SC draws an arm according
to a probability distribution, &' ~ p* = [p} Jyex. One may em-
ploy weighted-average randomized strategy with potentials to
achieve a cumulative cost as small as that of the best action [19].
An arm k is assigned with the selected probability for task ¢, pf,
proportional to weighted accumulated cost caused by that arm
in the past, p}, = % where W}, is a weight of each arm k. A
score-based learning f;rocess is considered as follows: service
capability of an SP can be represented by a score, cumulative
per-bit cost up to ¢t —1, ﬁi’lzzzjl nt/lAz, where IAZ is the
cost estimate from the arm % for task ¢ and 7y € (0, 1] is the
learning rate. Considering exponential potential with the score,
Wi = e £, the importance-weighted mechanism assigns ex-
ponentially higher probability to strategy with lower cumulative
scores up to t—1 due to % <0 where Ly, :ﬁfc’l. The scores
reinforce the success of each strategy measured by the estimated
TO cost, so an SC would rely on the strategy with the lowest
one.

IV. QUANTUM AMPLIFICATION EXPLORATION STRATEGY

We develop a quantum learning-based TO algorithm, enabling
an SC to learn the TO costs of candidate SPs and to choose an
SP in aid of quantum subroutines, see Fig 1.

A. Learning System With Quantum Concepts

An action in a learning system is represented with a quan-
tum state, inspired by the advantages of quantum computation.
Prior to the action selection carried out by observing the state
according to collapse postulate of QM, the state specified by
probability amplitude is updated by a QAA process.

1) Quantum Basics: The fundamental information unit in
quantum computation is the quantum bit (qubit). A qubit de-
noted as |0) and |1) corresponds to the states 0 and 1 for a
classical bit. Also, a qubit can lie in both |0) and |1) at the
same time, a linear combination of |0) and |1), expressed as
|¥) = go|0) + g1|1) where go and g; are complex coefficients.
This quantum phenomenon is called state superposition princi-
ple. When we measure a qubit in superposition |¥), the qubit
system would collapse into one of its basic states |0) with
probability | go|? or | 1) with probability |g; |?. Thus, go and g; are
in general called probability amplitudes whose magnitude and
argument represent amplitude and phase, respectively, satisfying
|90? + |91/ = 1. According to quantum computation theory,
a fundamental operation in the quantum computing process
is a unitary transformation U on the qubits. If one applies a
transformation U to a superposition state, the transformation
will act on all basis vectors of this state and the output will be a
new superposition state obtained by superposing the results of all
basis vectors. The transformation can simultaneously evaluate
the different values of a function for a certain input and it is
called quantum parallelism.

2) Collapsing Action Selection: A quantum state |¥) can
describe the state of a quantum system. The work in [7] proposed
a formal representation for the quantum system with multiple
actions. Let K be the number of actions, X = 2™ where n
qubits are used to represent eigenactions.! For an n-qubit system,
its quantum state can be represented with tensor product of n
independent qubits |¥) = |¥) ® |¥y) ® - - - ® |¥,,) where ®
means tensor product and |¥,) represents the v-th (v€E€[1,n])
qubit in the superposition state of |0) and |1). According to [7,
Prop.1], for an n-qubit learning system, its quantum state at ¢
can be expressed as |U') = 3" _ . g4 |a) where A" is the set of
2™ eigenactions, each of which with n length of a binary string,
and g, is the complex coefficient, the probability amplitude? of
eigenaction |a) subjectto >, 4 |g5|* = 1. The index ¢ is omit-
ted below for ease of description. The quantum representation
establishes a bridge between the eigenactions A and the arms
IC, shownby [W)= 3" _ 1 gala) = > .cx 9x|k). The actions can
be represented by log, K qubits, denoted by |1),...,|K). An
SP selected by an SC before any QM is implemented on a
superposition state |¥) which would collapse to one of its
eigenactions with probability p. = |gx|?, |¥)— |k) when an
agent measures the quantum state according to the collapse
postulate of quantum mechanics [7]. Such quantum collapse

I'The actions in the classical system are denoted as the corresponding orthog-
onal bases and are called the eigenactions in a quantum system.

2 Amplitudes correspond quantum probabilities representing the chance that
a quantum state will be collapsed to when being observed.
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phenomenon can be considered as creating information on action
selection strategy, e.g., k' ~ p where p = [p1, ..., pk]-

3) Amplifying Probability Amplitude: Before the collapse,
the probability amplitudes of eigenactions can be reshaped
via a QAA subroutine, e.g., Grover iterations, each of which
gradually modifies the collapsing probabilities. The evolution
of a system is described by a unitary transformation performed
on the superposition states of its possible eigenactions to amend
the probability amplitudes updated after n-Grover iterations on
| W), a state before amplification, viewed as

W) = G" - [Wo), (6]

where [Wo) = >, ¢ g |k) and G is a Grover iteration which has
two substeps, an oracle query and a diffusion operation, built in
a form of the unitary as follows:

G= 7U(¢2,‘I’0) ’ U(¢1,7”)’ 2

where Uy, ) is an operation based on an oracle query, shifting
the phase of the target action® |m) with ¢1, and Uy, ) is a
diffusion operation, rearranging the phases of all actions with ¢o.
The two unitary operators, employed for the targeted action |m;)
before amplification, |¥¢) = g,,,|m) + g,n|m) where |rn) is the
vector orthogonal to |m), are expressed as Uy, my = I — (1 —
eI ?1)lm)(m| and Uy, w,) = I — (1 — 192)| W) (¥o| where I
is the identity matrix, (m| and (¥ | are Hermitian transposes of
|m) and |¥(). While two operators have no effect on 7 except
normalization, they amend the target action’s amplitude.

B. Quantum Amplitude Amplification Based Exploration

The effect of the Grover iterations on | ¥ ), due to its probabil-
ity updating nature, can be used as a quantum learning strategy.
A natural question is how to amplify/attenuate the amplitudes
appropriately, yielding a better exploration strategy.

1) Controlling Probability Amplitude: Note that the param-
eters, ¢1, ¢2, and n in (1) and (2) determine how the proba-
bility amplitudes are updated. The transformation can be ex-
ecuted with proper values of the parameters corresponding to
importance weights for the eigenactions. Different amplitude
updating approaches have been considered in [7], [9], [10], [11].
Generally, one is to fix n =1 with varied values of ¢; and ¢5 as
learning-related factors, and another is to use a feasible value of
n with fixed values of ¢1 and ¢5. Since the latter suffers from
intermittent update in the amplitudes, the former is adopted in
this work, i.e., n=1 with varied ¢, and ¢s.

Lemma 1: (Impact of G) The updated coefficients in amplifi-
cation/attenuation, defined as the ratio between the amplitudes
of targeted/untargeted actions, after being acted by an operator
G and before that, can be expressed as ¢ and ¢ where

0= ‘(1 — eI ej¢>2) _ (1 _ ej¢1)(1 _ 6‘7¢2)pm|2 and
¢ = ‘ — eIz _ (1 _ ej¢1)(1 _ €j¢2)pm\2-

Proof: After applying one operator G on |¥), the ampli-
tude vector in the next iteration becomes |¥) = G|¥y) shown

3Classically, m = arg maxy, py,, while non-classically done by [18].

as G|Ug) = (P — e/%1)g,,|m) + (P — 1)gn|m), where P =
(1 —e7%2)[1 — (1 — e/®1)p,,]. The updated probabilities of the
selected and unselected actions, |m) and |7h), can be obtained
by o0 - p, and < - p,s where the ratios of the amplitudes between
after and before Gare \/p = 1 — €791 — €992 — (1 — i%1)(1 —
eI92)p,, and /S = —ei?2 — (1 — e7%1)(1 — I92)p,, [11]. O

2) Mapping phase/probability Amplitudes: Note that the
overall effect of G on |Wy) is a two-substep phase rotation
amplitude enabling to update probability amplitude, i.e., by
selecting feasible ¢; and ¢o, it is possible to manipulate the
values of p and ¢. While existing works in [9], [10], [11] focused
on updating the probability amplitude of a target action only,
e.g., amplifying/attenuating the amplitude for a good/bad action,
they have limited capability of generalizability and complexity:
requiring i) a free parameter selection indicating an ampli-
fied/attenuated degree but varying for different situations and ii)
a re-normalization updating probability amplitudes of untarget
actions, both of which are due to lack of one-to-one mapping
between quantum probability and phase rotation amplitudes.
This work proposes a pipeline to support the mapping operation
by designing a local monotone function.

Lemma 2: (Impact of ¢) Setting ¢ = ¢1 = ¢ allows for
updating the values of g and ¢ simultaneously but oppositely.

Proof: Note that two functions, (1 — ¢) and (1 —¢) have
opposite signs due to the facts that i) 0 < p,, <1, i) 1 —
0= (pm — 1)k and iii) 1—¢ =p,k where k= 4(2p,, —
1) sin?(¢1/2)(cos g — 1) 4 2sin ¢; sin ¢o. It is straightfor-
ward to conclude that ¢ and ¢ are designed to be larger or
smaller than 1, respectively but conversely, irrespective of ¢1 and
¢2. Based on the phase matching condition [17], ¢ = ¢1 = ¢o,
their second derivatives w.r.t ¢ also have signs opposite each
other due to 82{(9;;9) = (pm — 1)’ and 82(;%’5?) = p, k' where
K = (4 — 8pym) cos ¢ + 8p,, cos 2¢. Such a converse relation
between ¢ and ¢ allows focusing on updating one of them.[J

An action is rewarded/punished with higher/lower unit effort.
To determine an updating degree, e.g., establishing how much
it would be amplified/attenuated, the differences in learning
scores between the optimal arm and sub-optimal ones can be
considered, D = W/||W||s = [e~(Frmmin(E)], 1 where L =
[L1,...,Lg]and Ly = EA};’l, representing the relative disparity
between targeted and untarget actions. Due to the fact that the
values are lower than or equal to 1 for all actions, we map
the average obtained relative disparity D to the ratio ¢ via an
appropriate adjustment of ¢. To diminish the probabilities of
untarget actions proportional to D, one may find a range where
probability amplitudes vary monotonically.

Next, we show how to establish ¢ for the amplitude ampli-
fication, by identifying local monotonic function of ¢ on ¢ and
specifying a one-to-one mapping between D to .

Proposition 1: (Finding of ¢) The ratios o and ¢ can be
controlled via a phase ¢ = —arccos(W;_  yp4,.,.) Where

Wo =1— (522) and Guin = max[(1 — 4p, )2, 0].

Proof: Note that a ratio of ¢ is monotonically increas-
ing within a specified range. The ratio ¢ has local maxi-
mum/minimum points at ¢ = {0, 7, arccos(1 — 2;7%)}’ each of

which satisfying g—; = 0. And it increases in ¢, g—;

> 0, when
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Fig.2. Profiles of ¢ and ¢ w.r.t p,,,. One example of ¢ - p,y, where p,y, = P,

casei)sing < Oandcos¢ > 1 — i,orcaseii) sin¢ > 0 and

cosp < 1— ﬁ is satisfied, fulfilled with —Re[arccos(Wp)] <
¢ < —Relarccos(W7)] for case i), or Relarccos(Wp)] < ¢ <
Relarccos(W_1)] for case ii), respectively, where W, =1 —
( 12; \f) While for case i) a phase value of ¢ may have different
maximum values of ¢ for different p,, in its increasing range, for
case ii), a ratio value of ¢ monotonically increases in ¢ ranged

from

¢min S ¢ < 07 (3)

where ¢pin = — minfarccos(Wy), 7], for ¢uin < ¢ < 1 with
Gmin = max|[(1 — 4p,,)?, 0], and reaches the maximum equal
to 1 only at ¢ = 0 irrespective of p,,,, which allows us to focus
on case i), see Fig. 2. Note that a ratio value of ¢ =1 — p,,, &
in Lemma 2 increases w.r.t a phase value of ¢ = — arccos(W.)
satisfying (3). The feasible ¢ is set to be proportional to the
average obtained relative disparity D which could be one-to-one
mapped to the range of ¢ given p,,,. Thus, the ratios, p and ¢, can
be controlled via ¢ = — arccos(W _¢ . ypie.in)- O

Remark 1: (Profiles of ¢ and ¢) Note that ¢ decreases in p,,
due to % < 01in Prop. 1, and thus attenuated probabilities are
achieved, see Fig. 2. For a high p,,,, the impact of ¢ on ¢ becomes
large, and thus ¢ can be tuned within a small variation range for
the updating. Contrarily, for a relatively small p,,,, a much larger
degree of freedom on ¢ adjustment is configured, a natural way
to avoid local maxima with a relatively small p,,,. Setting ¢ tunes
o and ¢, simultaneously.

3) Processing Implicit Cost Estimation: An SC selects an
arm for a task and receives the cost from the selected arm,
not from the others. The cost from an arm k # k' could not
be observed due to incomplete feedback in the bandit problem.
One may use an unbiased estimate, it = li"];%’“', but it could
cause large fluctuation in the cost due to inkVerse-proportion
to p}.. Instead, this work considers Exp3 algorithm endowed
with implicit exploration (IX)-style cost estimates [16], which
controls the variance at the price of extra bias. After each

Llicw 4 biased
e

estimator due to E[IL] = 7, pLiL < I%, wherey, € (0,1]is the
implicit learning rate. While actions with large costs are set
to be negligible probabilities by the classical recipe [19], such

action, the cost estimate is calculated as it =

Algorithm 1. Quantum Amplification Exploration Strategy:

Input: 7y > 0,7, > 0, K =0, W+ 1 e RE

fort € T do
Set p < W/|W||1
Set |¥g) « preparing >, gx|k) where |gx|* = py
Set |U) <« updating (p,<) with ¢ set by Prop. 1
Set k'« measuring |¥) and play the strategy £’
Get [;; and update W with 1, v; by Prop. 2

end for

Output: sequences Y, 7 I}, > 0

LodrnsRD 2

an implicit price allows them to have low but non-negligible
ones and to be chosen occasionally. Thus, the estimator could
guarantee performance with high probability.

C. Proposed Algorithm

The workflow of the proposed algorithm (Algorithm 1) can
be divided into three parts: 1) interaction, ii) estimation and iii)
selection. While the first part is about a typical interaction as
an external learning process, the last two parts correspond to a
classical and quantum-inspired operation as an internal learning
process. An iterative method is used to link the conventional
outer and inner processes such that the classical information is
conveyed from a step ¢ to the next ¢ + 1 via interaction between
an agent and the adversary, including: strategy playing, feedback
getting, and cost suffering. The internal learning process is
characterized by the score updating rule, and the local selection
rule defined by what action is output given the score (selection).
The algorithm is designed in a modular way so that its quantum-
inspired part can be treated as a separate building block where
the quantum enhancement is exhibited, whose source lies in the
use of quantum subroutines to perform each internal selection
process. The probability distributions p* € RX are passed to
the quantum subroutines where, instead of sampling one action
in a classical manner, in a quantum setting, one sample can
be obtained by preparing the state |¥o) = >, gk |k) where
lgt| = \/pL. updating it with the proposed amplification, see
Prop. 1, and measuring the updated |¥), e.g., collapsing action
selection.

Proposition 2: The quantum strategy with ¢ %0 can achieve
better regret than the one with ¢ = 0, when 7, > %and Ve > 2%

Proof: Assume that a dominant arm’s index is m, L,, <
Ly, Vk € K, one non-dominant arm selection k& € K\m for ¢
yields pf, > p};|¢7&0’ while a dominiant one yields p, < pfn‘(#o.
Further proof is omitted, being analogous to the proof of [2,
Props. 2 and 6]. ]

Remark 2: Note that the collapse of a quantum state is not
real selection, but just a fundamental phenomenon when the
state is measured, resulting in i) a good EXR/EXT balance and
ii) a natural action selection without setting parameters unlike
conventional approaches. The agent can explore its strategies
in superposition in a way that guarantees a provable regret
improvement in its learning time over its classical analogue.
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V. PERFORMANCE EVALUATION

This section conducts numerical studies to assess the learning
performance of the proposed algorithm.

Consider an SC, requesting the computational resource from
candidate SPs. The distance between the SC and each SP is
to follow a uniform distribution, d ~ U0, d,.| where d, is the
communication range equal to 400 m. The transmission power
of the SC is 24 dBm, the channel bandwidth is 10 MHz, and
noise power is —174 dBm/Hz, and large/small-scale fading
gains follow 128.1 + 37.6log,,(d) and Rayleigh distributed
with unit variance, respectively. The interference effects on the
co/adjacent channel are assumed to be ignored [2]. Consider 5
SPs with maximum CPU frequency, F), € {6,6,5,4,3.5} GHz
for T' = 3e3. For an SP, the allocated CPU frequency to the SC
is a fraction of the maximum distributed from 20% to 50%, but
arbitrarily constrained [2]. The computational complexity and
task size are set to 1e3 cycles/bit and 1e6 bits/task.

The proposed quantum algorithm is compared to the con-
ventional counterparts in terms of the learning regret. Those
counterparts include choosing arms based on i) upper confi-
dence bound such as UCB [20], ii) current knowledge with a
probability 1 — € such as e-Greedy [19] when € = 0.1, and iii)
probability matching such as Exp3 [19, Sec 3.1] guaranteeing
an expected regret bound, Exp3P [19, Sec 3.2] and Exp3IX [16]
guaranteeing a high probability regret bound with explicit and
implicit cost estimations when [ = 1. For the simulation, base
learning rate parameters are set as in [19, Theorems 3.1 and 3.3]
for Exp3 and Exp3P and in [16, Theorems 1] for Exp3IX and
this work.

Fig. 3(a) shows that the proposed algorithm, a quantum ban-
dit (QB), learns much faster and achieves better balancing of
ExR/EXT searches without exploring the sub-optimal actions in
an adversarial environment, compared to the counterparts. This
is because QAA process associated with implicit exploration-
style cost estimates allows to simultaneously amplify/attenuate
the probabilities smoothly yielded from the learning scores,
thus reducing the average regret by 50% and 40% from those
of Exp3IX and QB with a sole ratio tune case (¢ > 1, ¢ = 1)
requiring re-normalization [11]. Fig. 3(b) demonstrates that the
superior performance of the proposed algorithm is valid for
different numbers of SPs K. A fine-grained implicit exploration

Attenuation ratio, ¢

QB (0>1,¢<1)

K =10 0 0.1 02 03 04 05 06 07 08

K=17

(a) Regret w.r.t ¢ for K = 5, (b) Regret at T with Fi, = Fy, q(x,5): Yk € K ={1,...,K} for different K, and (c) their selected ¢ and ¢ W.r.t p,p, .

approach could achieve higher and more robust performance,
obtaining lower empirical mean and standard deviation of the
regret than others.

Fig. 3(c) depicts the corresponding solution behaviors of ¢
and ¢ w.r.t p,,,. 1) The probability of a dominant action increases
alongside the learning progress. A larger gap of probabilities
between the dominant action and overall dominated actions,

and Eke)c\m Pi

oL, w1 guides us to set a lower ¢ (Prop. 1). ii)
As K increases, the selected action m with a given pfn has

higher dominance than the others, pf, > 1[2 %‘, and thus the
chosen ¢ becomes lower, resulting in larger variability of ¢.
iii) Meanwhile, the minimum limit of ¢ increases starting from
pL. equal to i by (3) and the probability gap proportionally
relative to the reduced range of ¢ yields the larger ¢. Choosing
an appropriate value of ¢ # 0 allows for simultaneously am-
plifying the amplitude of a dominant action while attenuating
the ones of the others, thereby leading to better performance
(Prop. 2).

The proposed algorithm has the potential for powerful com-
putation in complex unknown environments, leveraging re-
lated quantum apparatuses. The quantum-inspired bandit al-
gorithm is designed for quantum computers and motivated by
quantum mechanics, but it is effective on traditional comput-
ers as well. This is due to two key aspects: (i) the collapse
action selection strategy uses quantum measurement postu-
lates to balance ExR-EXT trade-offs, without relying on em-
pirical exploration parameter settings, and (ii) the probabil-
ity magnitude updating strategy leverages quantum-mechanical
phase control to simultaneously boost/suppress learning strate-
gies based on the learning score, following the quan-
tum superposition principle and without requiring additional
normalization.

VI. CONCLUSION

This work proposed a quantum-inspired bandit learning al-
gorithm to reduce the service cost under an adversarial en-
vironment. The proposed QAA approach allows for the new
action update strategy and novel probabilistic action selec-
tion, provoked by the amplitude amplification and collapse
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postulate in quantum computation theory, respectively, to-
gether with a devised mapping between a quantum-mechanical
phase in a quantum domain, and a distilled probability-
magnitude in a value-based decision-making domain. This
method effectively balances convergence speed and learning
quality, outperforming traditional exploration approaches. Nu-
merical results demonstrate its superiority over conventional
methods.

REFERENCES

[1] Y. Mao, C. You, J. Zhang, K. Huang, and K. B. Letaief, “A survey on
mobile edge computing: The communication perspective,” IEEE Commun.
Surveys Tuts., vol. 19, no. 4, pp. 2322-2358, Fourth Quarter 2017.

[2] B. Cho and Y. Xiao, “Learning-based decentralized offloading decision
making in an adversarial environment,” I[EEE Trans. Veh. Technol., vol. 70,
no. 11, pp. 11308-11323, Nov. 2021.

[3] L. P. Kaelbling, Learning in Embedded Systems, Cambridge, MA, USA:
MIT Press, 1993.

[4] P. Auer et al., “The nonstochastic multiarmed bandit problem,” SIAM J.
Comput., vol. 32, no. 1, pp. 48-77, 2002.

[5] N. Cesa-Bianchi et al., “Boltzmann exploration done right.,” Adv. Neural
Inf. Process. Syst., vol. 30, pp. 6284-6293, 2017.

[6] V.Dunjko etal., “Machine learning & artificial intelligence in the quantum
domain: A review of recent progress,” Rep. Prog. Phys., no. 81, vol. 7,
2018, Art. no. 074001.

[71 D. Dong, C. Chen, H. Li, and T. -J. Tarn, “Quantum reinforcement
learning,” IEEE Trans. Syst. Man. Cybern. B, vol. 38, no. 5, pp. 1207-1220,
Oct. 2008.

[8] L. K. Grover, “Synthesis of quantum superpositions by quantum compu-
tation,” Phys. Rev. Lett., vol. 85, pp. 1334-1337, 2000.

[9] P. Fakhari et al., “Quantum inspired reinforcement learning in changing

environment,” New Math. Natural Comput., vol. 9, no. 3, pp. 273-294,

2013.

J. Li et al., “Quantum reinforcement learning during human decision-

making,” Nature Hum. Behav., vol. 4, no. 3, pp. 294-307, 2020.

Y. Li, A. H. Aghvami, and D. Dong, “Intelligent trajectory planning

in UAV-mounted wireless networks: Quantum inspired reinforcement

learning perspective,” IEEE Wireless Commun. Lett., vol. 10, no. 9,

pp. 1994-1998, Sep. 2021.

B. Casale et al., “Quantum bandits,” Quantum Mach. Intell., vol. 2, no. 1,

pp. 1-7, 2020.

D. Wang et al., “Quantum exploration algorithms for multiarmed bandits,”

in Proc. AAAI Conf. Artif. Intell., 2021, pp. 10102-10110.

D. Wang et al., “Quantum algorithms for reinforcement learning with a

generative model,” in Proc. Mach. Learn. Res., 2021, pp. 10916-10926.

P. Rebentrost et al., “Quantum algorithms for hedging and the learning of

ising models,” Phys. Rev. A, vol. 103, 2021, Art. no. 012418.

G. Neu, “Explore no more: Improved high-probability regret bounds for

non-stochastic bandit,” in Proc. Adv. Neural Inf. Process. Syst., 2015,

pp. 3168-3176.

G. Long et al., “Phase matching condition for quantum search with a

generalized initial state,” Phys. Lett. A, vol. 294, pp. 143-152, 2002.

C. Durr et al, “A quantum algorithm for finding the minimum,”

1996, arXiv:quant-ph/9607014.

S. Bubeck et al., “Regret analysis of stochastic and nonstochastic multi-

armed bandit problems,” Found. Trends Mach. Learn., vol. 5, no. 1,

pp. 1-122, 2012.

P. Auer et al., “Finite-time analysis of the multiarmed bandit problem,”

Mach. Learn., vol. 47, no. 2, pp. 235-256, 2002.

[10]

(1]

[12]
[13]
[14]
[15]

[16]

(17]
[18]

[19]

[20]

Byungjin Cho received the doctoral degree in communications engineering
from Aalto University, in 2016. He is a postdoctoral researcher with the De-
partment of Communications and Networking, Aalto University. His research
interests include resource managements in networked systems using algorithmic
decision theory.

Yu Xiao (Member, IEEE) received the doctoral degree in computer science
from Aalto University, in 2012. She is currently an assistant professor with the
Department of Communications and Networking, Aalto University. Her current
research interests include edge computing, wearable sensing and extended
reality.

Pan Hui (Fellow, IEEE) received the BEng and MPhil degrees both from the
Department of Electrical and Electronic Engineering, University of Hong Kong,
and the PhD degree from Computer Laboratory, University of Cambridge. He
is the Nokia chair professor of data science and a professor of computer science
with the University of Helsinki, Helsinki, Finland. He is also the director of the
HKUST-DT Systems and Media Lab, Hong Kong University of Science and
Technology, Hong Kong. He is currently a faculty member of the Department
of Computer Science and Engineering, Hong Kong University of Science and
Technology where he directs the HKUST-DT System and Media Lab. He also
serves as a distinguished scientist of Telekom Innovation Laboratories (T-labs)
Germany and an adjunct professor of social computing and networking with
Aalto University Finland. He is an associate editor for the leading journals,
such as IEEE Transactions on Mobile Computing and IEEE Transactions
on Cloud Computing. He has been serving on the organizing and technical
program committee of numerous top international conferences, including ACM
SIGCOMM, MobiSys, IEEE Infocom, ICNP, SECON, IJCAIL, AAAIL ICWSM,
and WWW. He is an ACM distinguished scientist and a member of the Academia
Europaean.

Daoyi Dong (Senior Member, IEEE) received the BE degree in automatic
control and the PhD degree in engineering from the University of Science and
Technology of China, Hefei, China, in 2001 and 2006, respectively. Currently,
he is a Scientia associate professor with the University of New South Wales,
Canberra, Australia. He was with the Institute of Systems Science, Chinese
Academy of Sciences and with Zhejiang University. He had visiting positions
with Princeton University, New Jersey, RIKEN, Wako-Shi, Japan, University
of Duisburg-Essen, Germany and The University of Hong Kong, Hong Kong.
His research interests include machine learning and quantum control. He was
awarded an ACA Temasek Young Educator Award by The Asian Control
Association and is a recipient of an International Collaboration Award and an
Australian Post-Doctoral Fellowship from the Australian Research Council, and
a Humboldt Research Fellowship from the Alexander von Humboldt Foundation
of Germany. He is a Membersat-Large, Board of Governors, and was the
associate vice president for Conferences & Meetings, IEEE Systems, Man and
Cybernetics Society. He served as an associate editor of IEEE Transactions
on Neural Networks and Learning Systems (2015-2021). He is currently an
associate editor of IEEE Transactions on Cybernetics, and a technical editor of
IEEE/ASME.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


