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Abstract. Controlling computer systems in an optimal way using quan-
tum devices is an important step towards next generation infrastructures
that will be able to harness the advantages of quantum computing. While
the implications are promising, there is a need for evaluating new such
approaches and tools in comparison with prevalent classical alternatives.
In this work we contribute in this direction by studying the stabilization
and control of a tandem queue system, an exemplary model of a com-
puter system, using model predictive control and quantum annealing.
The control inputs are obtained from the minimization of an appropri-
ately constructed cost function and the optimal control problem is con-
verted into a quadratic unconstrained binary optimization problem to be
solved by the quantum annealer. We find that as the prediction horizon
increases and the core optimization problem becomes complicated, the
quantum-enhanced solution is preferable over classical simulated anneal-
ing. Moreover, there is a trade-off one should consider in terms of varia-
tions in the obtained results, quantum computation times and end-to-end
communication times. This work shows a way for further experimenta-
tion and exploration of new directions and challenges and underscores
the experience gained through utilization of the state-of-the-art quantum
devices.

Keywords: Model predictive control - Quantum annealing - Tandem
queue system

1 Introduction

Adaptive computing systems, such as robots that plan their motion [30] and
data-center management systems that enforce end-to-end quality-of-service
[8,15,22], operate in a real-time feedback loop setting with appropriate con-
trol inputs to achieve their goals optimally, requiring the repeated solution of an
optimization problem within a specific time interval to take appropriate action
in time. A prevalent method for optimal control is Model Predictive Control
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(MPC)[5,25,27,30], an advanced control strategy widely used in engineering
and industrial processes. MPC involves creating a mathematical model that
describes the system’s behavior and formulating an optimization problem to
determine optimal control actions. The aim is to minimize an objective func-
tion that captures both tracking performance (deviation from desired reference
points) and control effort (penalizing excessive control actions or changes). MPC
is also designed to handle constraints effectively. Constraints can represent phys-
ical limitations or operational requirements of the system. These constraints can
be imposed on inputs, outputs, or states and can be hard or soft. Hard con-
straints must be strictly satisfied, while soft constraints can be violated within
certain bounds. By incorporating constraints into the optimization problem,
MPC ensures that the control actions respect these limitations, ensuring fea-
sibility and safety in real-time control. A main appeal of MPC is that rather
than optimizing the whole process it operates over a finite time horizon, usu-
ally called prediction horizon N, which specifies how far into the future the
system behavior is predicted. By applying only the first control action of the
optimal sequence, MPC allows for adjustments at each time step, creating a
receding horizon effect and the process is re-initialized for the next time win-
dow. This enables MPC to react to changes in the system and adapt the control
actions based on updated predictions and measurements. A key challenge with
MPC feedback loops is that the computational effort involved in the MPC opti-
mization problem increases dramatically as the control period becomes shorter
and/or the optimization problem increases in complexity by considering longer
task horizon for example. Consequently, adaptive behavior for large distributed
systems aiming for short sample times, in the order of tens of milliseconds, cur-
rently resort to using overly simple models, short prediction horizons, and often
an explicit solution of the optimization problem by solving the problem in an
offline fashion, in advance. Although approximations to the MPC optimization
problem are commonly used, they are still inadequate for large configuration
search spaces.

Quantum computers available today, known as Noisy - Intermediate - Scale
Quantum (NISQ) devices [24], though not a commodity yet, are in the direction
of solving real-world problems. A quantum computer is a device that exploits
properties of quantum physics, such as superposition and entanglement, to per-
form computations. The main building block of a quantum device is the qubit,
which is the quantum analog of a classical bit. While a classical bit can be in
either state 0 or 1, a qubit can exist in a superposition of both states, allow-
ing it to represent and process multiple possibilities simultaneously. The main
approaches towards utility quantum computing currently include but not lim-
ited to gate-based models and quantum annealers. Gate-based quantum com-
puting is based on the concept of a quantum circuit, a sequence of quantum
gates which manipulate and transform the qubits. The combinations of gates
perform operations on the qubits, such as rotations, entanglement, and mea-
surements, allowing for complex computations and the development of quantum
algorithms. Quantum annealers, used in our work, are based on the concept of
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quantum annealing, a computational optimization technique that utilizes prin-
ciples of quantum mechanics to solve optimization problems where one needs to
search over a large space of possible solutions and find an optimal one [14, 28, 35].
Thus, it is a specialized application of quantum computing that focuses on find-
ing the global minimum (or maximum) of a given objective function. Classical
simulated annealing [17,31] is inspired by the annealing process in metallurgy,
where a material is heated and then slowly cooled to obtain a desired structure
with minimal defects. Similarly, in optimization the process involves starting
with a high-energy state and gradually cooling the system to reach a low-energy
state corresponding to the optimal solution. In quantum annealing this concept is
evolved by leveraging quantum mechanical effects, such as quantum tunneling,
to explore the solution space in a more efficient way than classical optimiza-
tion algorithms. Examples of quantum annealers include the D-Wave 2000Q
and its next-generation successor, the Advantage System. To work with a quan-
tum annealer, the problem to be optimized is mapped onto the configuration
of qubits. The objective function of an optimization problem, which is typically
expressed as an Ising model, defines the problem’s energy landscape [20]. The
Ising model is a mathematical model used to describe the interactions between
spins in a physical system, where spins can take values of either +1 or —1.
The energy landscape of the problem is encoded in the system’s Hamiltonian,
which is a mathematical operator representing the total energy of the system.
The Hamiltonian consists of two components: initial Hamiltonian (Hy) and the
problem Hamiltonian (H,),

t t
H = (17?)H0+?H,,

- (1 - %) S 6+ %(Zhi&; +ZJU&§5—;). (1)
i i i>j

where &; are the Pauli matrices operating on qubit i, h; is the on-site energy
(local field) of qubit ¢ and J;; represents the pairwise interaction strength
between qubits ¢ and j determining how strongly the states of two qubits influ-
ence each other in the objective function being optimized. Quantum annealing
relies on the adiabatic theorem of quantum mechanics which states that if we
start in the ground state (the state with the lowest energy) of the initial Hamilto-
nian Hy, by slowly modifying time ¢ transforming Hy into Hp,, the system remains
in its ground state, providing us with the solution for our problem by measuring
the quantum state at a future time ¢ = T. To solve an optimization problem
using quantum annealing, we first need to formulate the objective function as a
quadratic unconstrained binary optimization (QUBO) problem equivalent to (1)
where the optimization variables are translated into binary variables resulting
to the expression

Flbryob) = Cibi+ > Jijbib,. (2)
% 7,7

where b; € {0,1} and C;, Ji; are parameters. In this form the problem can be
mapped onto the graph structure of the quantum processor chip (QPU).
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The evolution of quantum devices gives rise to new possibilities for solv-
ing hard computational problems with higher accuracy and speed compared to
existing classical solutions. In this work, we investigate the quantum-enhanced
solution of an MPC problem using quantum annealers designed and built by
D-Wave Systems. We choose the tandem queue system as a simple performance
model of a computer system network. The choice is also made as to provide
insight into expressing a complex MPC problem and its respective cost function
into forms amenable for quantum annealing. Accelerating optimization tasks at
the core of MPC feedback loops via quantum annealing opens up new avenues
for adaptive computing systems to become more intelligent, by virtue of being
able to solve difficult optimization problems as their environment and external
inputs change rapidly.

The remainder of this paper proceeds as follows. In Sect. 2 we review previ-
ous work related to the current research. In Sect.3 we present the model of the
tandem queue system expressed as a control problem in a state-space represen-
tation, the construction of the cost function and a way to transform the optimal
control problem to a QUBO expression which is used as input for the quantum
annealer. Section 4 presents our analysis and evaluation results for the D-Wave
2000Q and Advantage System. Finally, in Sect.5 we discuss implications of our
work, future directions and conclude the paper.

2 Related Work

Performance modeling and analysis of computer systems based on queueing mod-
els has been thoroughly studied through the years [1,3,18]. A tandem queue
system is used to model systems in which customers must pass through a con-
nected series of service stations (or queues) in order to complete a transaction
or process. In a tandem queue system, the output of one queue becomes the
input to the next queue, forming a sequence or chain of queues. Tandem queue
systems have been considered appropriate performance models for many applica-
tions ranging from call centers, healthcare systems, manufacturing processes to
packet-switched computer networks, stream-processing systems, and multi-tier
computer systems in general [1,4,18,19]. Previous research efforts have stud-
ied performance properties of tandem queues, such as throughput and total
queueing delay, under various assumptions for the distributions of arrivals and
service times at all servers, fixed buffers (blocking) vs. infinite buffers at each
queue, number of servers at each stage, etc. Another area of interest around
tandem queues and multi-stage pipelines concerns their controllability, namely
the ability to affect system outputs such as end-to-end response time via control
inputs such as buffer size. Optimal control of computer systems, a key capabil-
ity to achieving adaptive, self-managing systems has also received attention in
recent years [6,11,12]. Linear quadratic regulators (LQR) are a classical app-
roach to optimal control embodying an optimization problem with an appro-
priately crafted cost function [2,12,16]. Mathematical aspects concerning the
optimal control of finite queues and tandem queues can be found in older works
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[21,26,32]. There have also been recent works that investigate MPC in queue-
ing networks [10,29,34], and others that explore the benefits of QDs compar-
ing quantum annealing over simulated annealing for network optimization tasks
[33]. A recent work [13] proposes an MPC algorithm for using the D-Wave 2000Q
quantum annealer tested on mechanical-oriented system models for a fixed pre-
diction horizon. Another, promising direction combining MPC and quantum
annealing is the efficient control of HVAC systems in buildings [9]. However,
there is no prior work on investigating the advantages of combining MPC and
the utilization of quantum devices for the control of queueing-network models,
experimenting with different prediction horizons, or with more recent quantum-
annealing devices such as the D-Wave Advantage. In this paper we design, imple-
ment, and experimentally evaluate quantum-enhanced MPC control of a tandem
queue system, improving over previous research in this space by means of tack-
ling a system model with significant practical relevance, and carry out a broad
experimental evaluation (various prediction horizons and number of samples per
quantum device invocation) exhibiting key trade-offs in state-of-the-art quantum
devices.
The main contributions in this paper are:

— Implementation of a MPC approach to stabilize and control an unsta-
ble tandem queue system by minimizing a designed cost function using
both quantum-enhanced (quantum annealing) and classical (exact, simulated
annealing) methodologies.

— Evaluation of quantum-enhanced MPC solution on state-of-the-art D-Wave
Advantage System and 2000Q QDs investigating different predictions hori-
zons and number of states (output solutions) to read from the QD solver.

— Highlighting the efficiency of quantum-enhanced MPC vs. classical simulation
approximations for longer MPC horizons.

3 Methodology

3.1 Mathematical Model

The tandem queue system, as shown in Fig. 1, consists of two M/M/1/K queues
@Q1,Q2 where the inter-arrival times of the incoming requests are exponen-
tially distributed with mean )\%, (i = 1,2), the service times are exponentially
distributed with mean i, (i = 1,2). There is 1 server in each queue and
K;, (i = 1,2) is the finite buffer size. The incoming requests arrive at J; and
the service begins immediately. In the case that the server is not available, the
requests wait in the buffer of ()1 until the server is available again. If the incoming
request finds that the buffer is full, then the request is discarded. The departures
from the ;1 become arrivals at ()2 which handles the requests on the same man-
ner. Finally, the departures from the queueing system ()2 are outgoing requests.
For the matter of simplicity, we assume that the buffer size of Q)5 is sufficiently
large (K2 >> K; = K) so that arrivals in Q2 are never discarded. We focus on
the average response times for the requests entering-leaving @1 and @2 denoted
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Fig. 1. Architecture diagram of a tandem queue system.

by R; and Rs, respectively. The main objective is to control the end-to-end
response time defined as R = R; + Ry by optimally tuning the buffer size K
of the first queue Q1. The control input of the system is the buffer size K for
system @1 and the measured system output is the total response time R.

The dynamics of each one of the queueing systems @)1, Q2 can be represented
using a first-order difference equation model

T‘l(k + 1) = allrl(k) + bu(k)
TQ(,Z{J + 1) = aglrl(k) + CLQQ’I"Q(]C) (3)

where a11, as1, age, b are parameters to be determined through system identifica-
tion and k € N denotes the discrete time. For the dynamics we use the lowercase
r1(k), ro(k), u(k) denoting the offset values for the response times and the buffer
size defined as

0 = [0 = [ ] = kw - @

where (Ry), (R2), (K) are the respective mean values we define as the operating
points -or the reference values- of the system. The state-space dynamics of the
tandem queue system as a linear time-invariant (LTT) system is

r(k+1) = Ar(k) + Bu(k)
R(k) = Cr(k) (5)

where r(k) € R" is the vector of state variables (the response times for each
queue), u(k) € R™ is the vector of inputs (the buffer size), R(k) € R! is the
vector of outputs (the end-to-end response time). A € R"*"™ B € R**™ (C €
RX™ are constant matrices that encompass the system dynamics.
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3.2 Model Predictive Control

The state and output predictions can be derived from (5) in a recursive manner
up to the prediction horizon Ny € N of future steps [27]. Thus, we obtain

[ Rk) ] [ C [0 0 0 T
R(k+1) cA CB 0 0
R(k +2) CcA? CAB CB 0o ...
R(k+3) | =| ca3 |r(k)+ | CA2B  CAB cB ...\ uk),
R(k+N,—1)| |[caN-—1] |CAN-=2B CAN-=3B CAN-"4B .. |

and (5) becomes in vectorized form
R(k) = Ar(k) + Bu(k) (6)

where R(k) = [R(k), R(k+1), ..., R(k+N,—1)]T € R¥™s are the system outputs,
u(k) = [u(k),u(k +1),...,u(k + Ny — 1)]T € R™N: are the control inputs and
A € RWNsxn B ¢ RWsxmNs Tn order to implement the MPC optimization
strategy to control the tandem queue system we first introduce a cost function
(or objective function) that we aim to minimize

J = R(k)TQR(k) + u(k)TRu(k), (7)

where Q € RIWVsxINs R c RMN:xmNs are symmetric diagonal positive definite
weighting matrices which tune the trade-off between tracking performance and
control effort. The optimal control problem aims to to find the appropriate con-
trol input sequence u*(k) which minimizes the cost function J. By substituting
(6) to (7) we obtain after some matrix algebraic operations that

T = u(k)" [BQB + R|u(k) + 20(k)"AT QBu(k) + r(k)T AT QAx(k),  (8)

which is the cost function expressed in terms of states and control inputs.

3.3 QUBO Form of the Cost Function

In order to utilize quantum annealing (8) should be translated to a QUBO form.
Given a finite ordered set U,, = {u1,us,us,...,up} of fixed and equally spaced
elements representing the control inputs that our system can receive, we want
to express every element in terms of binary variables. It is convenient that the
length of U, is M = 2L, where L € N is the number of binary variables[13].
First, we normalize the elements according to the rule: u; — u; — u Mg In
general, for m-inputs in our system one may write each element u; as a function
of L binary variables in vector form as

pr(=257 by + Y00 277 0y )
u; = :

: 9)

pm(_2L71bm,L + Zfz_ll 2j71bm,j)
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where b; ; € {0,1}(i=1,...,mand j =1,..., L) is a binary variable and p; € R
is a scaling parameter. We provide an example to better illustrate the procedure.
Let a system with m = 2 control inputs and given values U; = {—2,1,4,7} and
Uy = {150,200, 250,300}, where Ly = Ly = L = 2 so that M} = My = M =
2L = 4. The normalization of Uy, Us according to the aforementioned rule, results
in Uy ={-6,-3,0,3} and Uy = {—100,—50,0,50}. From (9) we obtain

- p1(=2b12+b11)| _ | 3biy —6bio . {-6,-3,0,3}
! p2(—2ba2 + b21) 50bg,1 — 100b2 2 {-100,-50, 0,50}
where we set p; = 3, po = 50 and take all the combinations of zeros and ones.
Now, we can write (9) in matrix form as

b1
W 0 :
W b1
u; = 2 L | =Wb (10)
’ bm,l
0 W
_bm,,L_

where W € R™*™mL W, € R™™E and b € {0,1}™L. In terms of the previous
example we have

b1
L [3-60 0 ]{b
Y710 0 50 =100 b1
ba.2

Now, we proceed by incorporating the predictions for the control inputs for
prediction horizon N; as

u(k) % b(k)
ulk + 1) W bk + 1)
| - § | o u(k) = Wh(k), (1)
u(k+ N, — 1) wl bk + N, - 1)

where W € R™NexmLNs and b(k) € {0,1}™LNs. The substitution of (11) to (8)
reads

J =bk)T |WIBT OBW + WTRW} b(k) 4 2r(k)TAT QBWb(k)
+r(k)TAT QAr(k), (12)

which is the cost function expressed in terms of states and binary control inputs.
Equation (12) is minimized by the quantum annealer with respect to vector b(k)
of binary variables. Notice that the last relation encompasses the dynamics of
the initial system we aim to control along with the future predictions required
for the MPC strategy.
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4 FEvaluation and Results

The tandem queue system simulation involves the utilization of ciw [23], a dis-
crete event simulation Python library for queueing networks. The arrival rate
for @1 is set to Ay = 3.8 regs/sec and the service rate for both @1 and Q5 is
p1 = po = 4.0 regs/sec. The steady-state response time for an M/M/1/K queue
using Little’s law ([3,12]) is given by

M P1 1 (K 4+ Dpf + Kpi*!

Ri=21 = , 13
TN T M) 1—pitt 13)

where p1 = A1/py is the utilization and N; is the expected number in the
system Q1. Our work is focused on small buffer sizes K € [0,15] where the
relation between response time and buffer size is closer to linear [12]. In this
region the average response times of the system are calculated performing 50
different experiments for each K. The main objective is to examine how the
change in the buffer size K affects the total response time R of the tandem
queue system. In other words what are the optimal values for the control input
K in order for the R to reach a desired value.

The dynamics of the tandem queue system is given by (3) and because this
is a simple model, we choose to study a rather non-trivial case in which the
system is unstable, in order to examine whether the MPC along with quantum
annealing will manage to stabilize and control it showing how this procedure
works in this case. From the state-space form of (5), our system has n = 2 state
variables (average response times of the two queues), m = 1 control input (buffer
size K) and | = 1 output (end-to-end average response time) and the constant
matrices for the considered model parameters are

100076975 0 } B [—0.00283586

A= 1078485803 0.33908979 0 ] c=1[ 1]. (14

The system is unstable as the eigenvalues of matrix A are outside the unit
circle. From the simulation and data analysis the obtained mean values are
(R1) = 1.25, (Ry) = 1.83 and (K) = 8 which we assume to be the reference
values of the system (see Sect.3.1). In order for the system to operate near
the reference points we aim for the offset values r;(k) = R;(k) — (R;),i = 1,2
and u(k) = K(k) — (K) to be near 0. The set of available control inputs is
U = {O, 1,2,...,14, 15}. Based on methodology in Sect. 3.3 the set becomes
U= {-8-7-6,-5-4,-3,-2,-1,0,1,2,3,4,5,6,7}. The set U consists of
values with constant intervals, its length is M = 2% = 16 and each element is
expressed using L = 4 binary variables. In our case, the control input is m =1
so (9) reads

u; = [51,1 + 2b1 2 +4b1 3 — 8b1,4] .
where we set p; = 1. From (10) we obtain W = Wy = [1 2 4 —8] and b =

[bLl bi2 bi3 b174]T. The last step completes the necessary ingredients needed
for the cost function in (12) to be implemented to the quantum annealer.
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Fig. 2. (Left) Control inputs u as a function of time steps k and (Right) System
output R(k) using for prediction horizon Ns = 6 and initial conditions (r1(0),r2(0)) =
(0.6,0.4). The num-reads parameter for all methods is set to default.

To perform the minimization of J we employ and compare different
approaches. First, the exact solution which searches all the available space of
possible solutions, second, the classical optimization method of simulated anneal-
ing and third, quantum annealing. The quantum annealers that are used in the
present study are the D-Wave Advantage System as well as the previous gener-
ation D-Wave 2000Q. The Advantage_Systemb.3 we used is located in Germany
whereas the D-Wave 2000Q machine is physically located in British Columbia,
Canada. Our analysis is mostly focused on the Advantage System, the closest
D-Wave infrastructure to our environment resulting in the lowest HT'TP com-
munication times between our MPC loop and the quantum device. To communi-
cate with and execute our programs at the available devices we utilize the LEAP
cloud-based service along with Ocean software [7] supporting Python provided
by D-Wave. More specifically, for the exact solution we used the exact solver
from dimod API for samplers, for the simulated annealing the neal library and
for the quantum annealing the dwave-system tool. An important tuning param-
eter is the num-reads which indicates the number of states (output solutions) to
read from the solver before the selection of the one with the minimum energy.
The value of num-reads improves the solution profile at the cost of an increase
in the QPU access times.

The experiment runs for 100 time steps and each time step is denoted by k.
Initially, for quantum and simulated annealing all parameters (including num-
reads) are set set to default values and the prediction horizon is set to Ny = 6. For
all experiments, the diagonal elements of the weighting matrices Q, R (see (7))
are set to @ = 107 and R = 1, respectively. Increasing the order of magnitude
of values between the weight matrices may benefit performance and in that case
the stabilization and control may be achievable even earlier. The specific values
used in this evaluation were empirically chosen to yield satisfying convergence. To
demonstrate our simulation results we choose the initial conditions r1(0) = 0.6
and r2(0) = 0.4 denoting a positive offset of the response times from the system’s
operating point. In Fig. 2 (left), we observe that the u(k) values are discrete and
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Fig. 3. Scaling of the solution with the MPC prediction horizons Ny = 2,3,4,5,6,7
using the D-Wave Advantage System. (Left) Control inputs u as a function of time
step k and (Right) System output R(k). The initial conditions are r1(0) = 0.6 and
r2(0) = 0.4 and the num-reads parameter is set to default.

Table 1. Elapsed times for MPC optimization per time step (in ms)

Methods Ns=3|Ns=4| Ny=5| N;=6 Ny =7
Exact 6.88 | 77.80|1390.42 | 25210.21 | timed out
SA 10.28 | 12.44 15.61 19.82 24.51
QA sampler-call| 62.33| 129.08 | 288.41 610.55 1061.57
QA gpu-access 1594 | 15.96 15.98 16.02 16.36

equally spaced with respect to the previously defined control input set ¢. In all
cases, the control inputs are gradually decreasing and the unstable tandem queue
system is stabilized reaching the desired operating point. However, although the
solutions for the different methodologies are close with each other, the classical
simulated annealing is found to perform better than the quantum counterparts in
terms of fluctuations and proximity to the exact solution. Moreover, between the
two quantum annealers, we found that 2000Q performs a little better than the
Advantage System as can be seen in Fig. 2 (right) showing the resulted system
output of end-to-end system response time.

Next, we examine in more detail different prediction horizons for the stabi-
lization and control of the tandem queue system which is an aspect not studied
in previous works. Figure3 shows the scaling of the solution with MPC pre-
diction horizon values Ny = 2,3,4,5,6,7. The initial conditions are the same
r1(0) = 0.6,72(0) = 0.4 and the num-reads parameter is set to default. In Fig. 3
(left) we observe that an increasing prediction horizon leads to an improve-
ment in the performance of the system. Indeed, during the first few tens of time
steps, the obtained control inputs show a shifting to the right and the system
is stabilized and controlled before the end of the experiment at time step 100.
Specifically, there is quite a difference between the solution Ny = 2 which can-
not converge during the simulation time and the solution with Ny = 7 which
reaches the operating point in half the simulation time. The total response time
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shown in Fig. 3 (right) is also improving showing a saturation as Ny — 7. This
indicates that for this particular case of the unstable tandem queue system a
prediction horizon of Ny = 5 or 6 would suffice for an acceptable performance.
On the other hand, a prediction horizon as small as Ny = 2 is found to return a
response times far from the operating point within the time step limit. However,
this improvement in performance comes with a cost which we try to address in
the following.

In Table1 the elapsed times measured for the different methods and for
different prediction horizons N, per time step are presented. All times are in
milliseconds. For the exact solution, we see that for Ny > 5 solving the MPC
optimization problem at each time step k can be very costly; for Ny = 7 the
calculation does not terminate in our local system. For the quantum annealing
method we examine two metrics: the sampler-call time and gpu-access time.
The sampler-call metric indicates the time taken by each call to the D-Wave
sampler (implemented in the SDK), which starts executing in our local system
and interacts over REST-based remote calls with the quantum device, at each
time step. The gpu-access metric is the QPU time spent at each invocation of the
quantum device including programming and sample time. The latter depends
on the number of samples requested. We note that gpu-access time is a sub-
component of sampler-call time.! The time needed for the quantum-annealing
process per sample is reported to be 20 ws independent of problem size [7]. This
indicates that the evolution time of the quantum annealing process for each
sample does not depend on N, at least for the range considered in this work
(Ns € [2,7]). From Table1 we also see that the classical simulated annealing
(SA) results in lower elapsed times than the QA sampler-call for all N. This is
due to the fact that the former is executed locally whereas the latter includes
communication overhead. The reason to show the sampler-call times is to have
a sense for the timing of all involving parts (computation and communication)
which is important to know if we aim to control a system in real-time. Another
observation is that while for prediction horizons Ny < 5, SA is faster than
the purely quantum part (gpu-access), the latter takes advantage as the MPC
optimization problem gets harder (Ng > 5). This result is promising as it shows
the quantum advantage compared to the classical case.

In Fig.4 we show a visualization of the results from Tablel focusing on
the relation between QA sampler-call and QA gpu-access times as the num-
reads parameter increases from 1 (default) to 100. We observe that the time
spent in the quantum device (gpu-access time) is a small fraction of the overall
sampler-call time (e.g. < 3% for Ny = 6). This fraction is seen to increase as
num-reads varies from 1 to 100. The remaining percentage is classical end-to-end
communication time between the D-Wave machine and our infrastructure. We
attribute this overhead to progressively larger message sizes, as problems (and
thus QUBO expressions) that are communicated to the quantum device become
more complex with increasing N,. Another aspect we study is the effect of a
varying num-reads parameter. In Fig.5 we show the impact of the num-reads

! https://docs.dwavesys.com/docs/latest /c_qpu_timing.html.
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Fig. 4. Histogram showing sampler-call and gpu-access times for num-reads = 1,10, 100
and Ns; = 3,4,5,6.
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Fig. 5. The effect of num-reads parameter to the control input values for prediction
horizon Ny = 6 using the Advantage System.

parameter on the quality of the obtained control inputs for the tandem queue
system with num-reads = 1,10, 100 for Ns; = 6 using the Advantage System. We
observe that the fluctuations are significantly reduced as num-reads increases. A
comparison with the times presented in Fig.4 shows first that a careful tuning
of the parameters is required and second that in this case one may choose num-
reads = 10 with a negligible difference concerning the time cost but a significant
difference in the variance of the control input values. However, increasing num-
reads leads into more expensive QPU access (Fig. 4), highlighting an important
trade-off further discussed in the next section.

5 Conclusions

This work describes the construction and simulation of a tandem queue system,
which we aim to stabilize and control using MPC in a quantum-enhanced man-
ner. For this optimization problem a designed cost function is minimized leverag-
ing the quantum annealing approach using state-of-the-art quantum devices, as
well as classical methodologies such as the exact solution and simulated anneal-
ing. Specifically, we evaluate solutions from the D-Wave Advantage System and
2000Q machines investigating variations and providing insights for the signif-
icance of the prediction horizon N,. A long prediction horizon improves the
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overall model performance at the cost of an increase in computation resources.
In our case, we show that a prediction horizon as long as Ny = 6 yields accept-
able results and could be sufficient to control the system. Another aspect is the
significance of the num-reads parameter. An important result from Table1 is
that with num-reads fixed, QPU access time is found to increase with increasing
prediction horizons but at a much slower pace compared to classical simulated
annealing. This highlights the efficiency of quantum-enhanced MPC compared
to classical simulation approximations for longer prediction horizons. However,
simulated annealing is found to result into less variance in control inputs com-
pared to those obtained with any of the two D-Wave quantum annealers. This
indicates that in some cases existent classical solutions perform well but this is
case-dependent and further experimentation is needed. Tuning the num-reads
parameter results in a trade-off of lower variations but higher QPU access times.
Adaptive applications striving for a very short control period may want to set-
tle for higher noise in their control inputs in exchange for shorter QPU access
execution times per time step. Other applications may opt for more accurate
control inputs but also more expensive quantum device invocations. The net-
work communication part of the interaction with the quantum device is a key
aspect affecting latency that should not be overlooked. This leads to an inter-
esting question, whether real-time control is in fact possible with this approach
of using quantum computing for optimization. This is important for the general
functionality and faster response of complex adaptive computing systems or even
mechanical /robotic systems. Our results indicate that the simulated annealing
and the quantum-annealing methods for the tandem-queue system with Ny = 6
are able to return a solution every 19.82 ms and 16.02 ms, respectively (see
Table 1) which is within 100ms, sampling time that highly-responsive adaptive
systems may aim for.

As part of ongoing and future work, the current problem can be extended
to a more complex generalized queueing network with multiple servers. In addi-
tion, one could experiment with other distributions for the arrival and service
times as well as systems that exhibit non-linear behavior. From the perspec-
tive of quantum computing, a promising direction suitable for large problems
instances is further experimentation with the available D-Wave’s LEAP solvers.
Our work in this paper evaluates the methodology and tooling needed to explore
this promising new direction for adaptive computing systems.
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