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ABSTRACT

The database community has begun to express a wide range of data-
base problems as QUBO formulations, which show promise of being
solved on quantum computers. However, understanding the com-
plexity of translating the abstract problem into programs that can
actually run on quantum computers, finding a proper methodology
to fine-tune the configuration parameters when communicating
with the quantum engine, and understanding the results and the
potential bottlenecks are non-trivial endeavors with which the stan-
dard DB researcher is unfamiliar. This paper presents an experience
report where we have implemented an existing QUBO solution for
the data allocation problem with various quantum library inter-
faces and evaluated the programs on D-Wave’s quantum annealer
hardware and two simulators. We discuss programming, parame-
ter, and execution complexity, outline the results we obtained, and
discuss how both measurements and results differ from traditional
DB evaluations. The goal is to give newcomers to this field insight
into how complex it is to implement and evaluate DB quantum
solutions, and to outline the current challenges.
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1 INTRODUCTION

Quantum computing has been a promise for decades. Finally, the
first quantum computers are available. They are noisy and do not
yet scale, but they can solve problems of reasonable complexity, in
particular, optimization problems. Furthermore, there exists now
a plethora of programming libraries that facilitate programming
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these optimization problems and execute them on quantum comput-
ers or simulators. Therefore, many different application domains
are now exploring whether quantum computing can give them
a significant advantage over classical computing. The hope is to
obtain better solutions than current heuristic approaches for large-
scale problems. The database community has also joined this quest,
and first papers have been published in major database conferences
and associated quantum workshops. While some efforts explore
how database research can support quantum computing, i.e., DB
for Quantum (see e.g. [8, 12, 16]), or build quantum data struc-
tures for DB (e.g. [17, 34]), most efforts so far have analyzed how
quantum computing can accelerate traditional database tasks, i.e.,
Quantum for DB such as [2, 3, 6, 7, 9-11, 13-15, 19-21, 24, 25, 29—
34]. Compute-intensive tasks that can be expressed as optimization
problems are particularly promising for quantum computing [11].
Among them are multi-query optimization [6, 29, 32], join order
optimization [27, 30, 35], cardinality estimation [15], schema match-
ing 7, 9], transaction ordering [3, 24], index advisors [10, 13, 33, 34],
and data allocation problems [31]. However, the Quantum-for-DB
research community is still small. There is some hesitation within
the larger database community to explore quantum, probably be-
cause of the assumption that it will require significant knowledge
about physics and quantum architectures — which are quite differ-
ent to traditional computer architectures — and that the research
itself will require radically new methods and skills. That is, the
move towards this new research area appears daunting. In fact,
many of the papers published so far spend a significant effort on ex-
plaining the high-level concepts of quantum computing to provide
an intuition of how the quantum programs look like and execute.
Nevertheless, when screening existing literature on Quantum-
for-DB, some common patterns appear. Database tasks are com-
monly formulated as optimization problems: finding a cost function
that needs to be minimized and determining the constraints on its
parameters. Then, the optimization problem is reformulated into a
quadratic unconstrained binary optimization (QUBO) problem that
involves finding the combination of binary variables that minimizes
a quadratic polynomial, without any constraints. QUBO is a stan-
dard high-level problem formulation for programming quantum
annealer hardware, and thus a highly popular starting point. Fur-
thermore, there exist mechanisms to translate QUBO problems into
Quantum Approximate Optimization Algorithms (QAOA) used on
gate-based quantum computers. Once the QUBO is formulated, ex-
periments are conducted on simulators and/or real hardware. They
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would ideally show that the quantum computing approach (i) finds
the optimal solutions, (ii) finds them for large problem sizes (many
joins, many queries, etc.), and (iii) finds these solutions faster than
classical baselines would. With this, the research methodology has
in fact similarity with traditional research in database systems: for-
mulate the problem, find appropriate algorithms, implement them,
compare their performance with existing solutions, improve over
the solutions to achieve scalability, reduce bottlenecks to get better
results, and adjust solutions to support adjacent DB problems.

Yet things are not that easy, in particular, because current per-
formance results commonly do not exhibit properties (i)-(iii). First,
quantum computers are noisy and probabilistic. Therefore, an anal-
ysis must contain an evaluation of the viability of the results. And
with current quantum hardware, the results only start to be promis-
ing. Second, current hardware cannot yet handle large-scale prob-
lems, and simulators are slow. Third, the current interfaces to quan-
tum hardware can lead to excessive execution times due to the
current cloud- and batch-processing access. Therefore, current re-
search is still in an explorative phase, providing more qualitative
than quantitative evidence that quantum approaches are promising.
In particular, the research often lacks proper tuning and scalabil-
ity analysis w.r.t. larger problem spaces. It is not clear how much
knowledge about the underlying hardware is required [22].

In summary, while we database researchers are familiar with the
database problems and the overall research methodology, we lack
knowledge of the particular quantum techniques, the mechanisms
to evaluate results, and how to manipulate the tuning knobs. This
raises the question of how difficult it is to acquire the knowledge
needed to effectively contribute to Quantum-for-DB.

In this paper, we explore part of this question by analyzing how
difficult it is to get familiar with the implementation and evaluation
of a quantum solution for a particular database task, namely data
allocation. We want to shed light on the options that exist to imple-
ment and evaluate a specific quantum solution, and how to evaluate
results obtained from quantum computers that will help refine the
problem and solution space. We approach the question from the
perspective of database researchers that have limited knowledge
about quantum, and analyze how far we can go considering the
quantum computer as a black or at most gray box. We also ask at
what point we need to dig deeper into the physical and computa-
tional aspects of the quantum computer or ask quantum experts
to provide us with better interfaces or abstractions, so that we can
develop better, more scalable Quantum-for-DB solutions.

In the following, Section 2 first introduces the QUBO formula-
tion of the data allocation problem that we use [31], and gives an
overview of how to program quantum computers. Section 3 then
first discusses the complexities of programming and configuring our
solution. We then present performance results for various options
in Section 4, highlighting their differences, and discussing possible
bottlenecks in the QUBO that limit scalability and the possibilities
to avoid them. Section 5 provides discussion and lessons learned.

2 BACKGROUND
2.1 Data Allocation as a QUBO Problem

Many database problems can be expressed as optimization problems
with constraints (e.g., minimize execution costs while not exceeding

node capacity). The challenge is to express this as a QUBO problem,
which has the form minye(o1}» (Z,- Qiixi + Xicj Qijxixj) with x;
being binary variables and Q;; biases (real-valued weight coeffi-
cients). A QUBO for data allocation is proposed by Trummer in [31]
(without an implementation). It assumes a set of nodes N, where
n € N has capacity n.capacity, and a set of partitions P where
p € P has partition size p.size. For each node n and partition p the
request rate rp, reflects how frequently p is accessed by a client of
n. Communication cost for a local partition is zero and p.size when
accessing a partition p that only resides on a remote node. The goal
is to find an allocation of partitions to nodes that (a) minimizes over-
all communication costs (by assigning partitions to nodes whose
clients most access them), (b) meets the safety constraint that each
partition is replicated exactly on k nodes, and (c) meets the capacity
constraint that the sum of the sizes of all partitions held at node n
is smaller than or equal to n’s capacity n.capacity.

The objective to be minimized is written as Q = h(Qr+Qs) + Q¢
where Qr enforces replication, Qs enforces capacity, Qc is the com-
munication cost, and h is large enough to ensure that the constraints
are fulfilled. The communication cost is

Qc = Z Z rpnp.size(1 — Apn), (1

neN peP

where A,, € {0,1} are the binary variables whose assignment we

want to find. A,, = 1 indicates that partition p is stored on node n,

Apn = 0 that it is not. If for each rp, > 0: Ay, = 1, then Qc is 0.
We ensure that each partition is stored on exactly k nodes as
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Qr will be 0 if for each p, A,, =1 for exactly k nodes.

The capacity constraint is more complex because it has an in-
equality. To transform this into an equality constraint, we can in-
troduce a slack variable s, so that 3, ,cp Apnp.size+ s, = n.capacity.
This integer variable must be translated into a set of binary slack
variables s;,. In [31] the full capacity is split into a set I, of chunks
of sizes 1, 2, 4, 8, .. so that Zie]n i.size = n. With this, the final
constraint is expressed as

2
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reaching its minimal value of zero with the right choices of s;,
iff the storage consumed does not exceed the nodes’ capacities.

2.2 Quantum Architectures and Processing

The two most common quantum architectures are quantum anneal-
ing and gate-based quantum computers. Both compute with qubits.
A qubit can exist in a state of superposition, but upon measurement,
it collapses into one of two definite states, spin-up or spin-down,
which correspond to the classical binary values 0 and 1. Qubits are
typically matched to the binary variables in the QUBO problem.

Quantum Annealer. D-Wave [5] is currently the only commer-
cially available quantum annealer. Its Ocean SDK allows program-
mers to specify an optimization problem in various formats. Pro-
grams can execute on real quantum hardware or using a simulator.



Using the standard QPU API (QPU stands for Quantum Pro-
cessing Unit), the programmer directly specifies the QUBO as a
program which is then automatically translated into a quantum
model that assigns the QUBO variables to qubits of the annealer.
An annealing execution is then started with a strong magnetic field
and qubits in superposition. The field is then slowly adjusted over
a given annealing time so that the qubits align into either up or
down states, aiming at a global minimum energy state. The final
state is measured, representing the binary solution to the QUBO. As
the computers are noisy, the execution is repeated many hundreds
or thousands of times (called reads) so that, hopefully, one of the
collected solutions is optimal or close to optimal.

Transforming constrained optimization problems into uncon-
strained versions can quickly involve many variables, especially
when slack variables have to be introduced, ultimately limiting
the scalability. Therefore, D-Wave offers hybrid solvers where con-
straints can be programmed explicitly and execution is hybrid,
involving classical compute hardware. The idea is that smaller sub-
problems are submitted to the quantum hardware and classical
computations guide the exploration space. For this paper, we ex-
plored the COM API, which supports our Q¢ objective function and
allows to explicitly declare the replication and capacity constraints.
Gate-based Quantum Computing. Using a gate-based quan-
tum computer, the QUBO problem is typically translated into a
program that implements the Quantum Approximate Optimization
Algorithm (QAOA). This is a hybrid algorithm, where some execu-
tion is done on the classical computer, and some on the quantum
hardware (not the same as D-Wave’s hybrid solvers!). The program-
mer translates the QUBO problem into a corresponding target cost
function, called Cost Hamiltonian He, Additionally, a Mixer Hy
function must be specified. Similar to the annealer, the variables
of Hc will be mapped to qubits, and the values of these qubits that
lead to the globally lowest-energy state are again the best solution
to the problem. Hys allows the quantum state to move through
the solution space, preventing it from getting stuck in suboptimal
answers. The programmer then defines a circuit (sequence) with p
layers. Each layer i is a concatenation of Hc and Hy with layer
specific parameters y; and f; (that represent angles). The overall
execution then executes the circuit in a nested loop. The inner loop
executes the circuit many times (called shots), and the outer loop
adjusts the values y and f using classical optimization until the
changes to y and f no longer improve the results.

SDKs! like PennyLane and Qiskit provide ample template code.
The programmer’s main tasks are to specify Hc, choose an Hys and
a classical optimization method (pre-implemented options exist).

3 EXPERIENCE REPORT ON
IMPLEMENTATION COMPLEXITY

Given the QUBO formulation, implementing a first version and
testing it on the simulator was fast (less than a day for the an-
nealer). Graduate students and advanced undergraduate students
will only need a few days to get acquainted with the programming
environments. The actual implementation of the quantum problem
(excluding manipulation of results) was only a few hundred lines of
code. These observations confirm the analysis performed in [28].

Pennylane: https://pennylane.ai/, Qiskit: https://www.ibm.com/quantum/qiskit.

The two main challenges are the many configuration parameters
that need careful tuning and the interpretation of the results. Both
need to be done well in order to drive further experiments.
Implementation for Quantum Annealer. We used two dif-
ferent APIs of the D-Wave SDK 9.3.0: The QPU API using the full
unconstrained QUBO formula, and using the hybrid CQM solver.
The QPU API version is also used for simulation?.

The QPU API offers roughly 20 parameters. Around 5 were easy
to understand for a relative quantum “novice”, around 10 needed
some understanding of how the quantum hardware works, and the
remaining 5 required advanced knowledge that was well beyond
the learning capacity of our short project. In our experiments, we
mainly explored the number of reads and the annealing time, leav-
ing the parameters that require advanced knowledge at their default
values. Although number of reads and annealing time are conceptu-
ally easy to understand, it is not straightforward to configure them.
Obviously, the more reads and the longer the annealing time, the
more expensive the execution. Too short or too long times will not
provide the best results, as discussed in [30]. D-Wave recommends
to start testing with small values and then increase exponentially
until results do not improve anymore. Yet we could not find action-
able guidelines that would allow one to set default values based on
the QUBO problem itself, e.g., based on the number of variables,
how they connect, or the biases. Good values might depend not only
on the QUBO, but also on the hardware itself [22]. Thus, proper
tuning of even these easy-to-understand parameters will require
more than a superficial understanding.

The CQM API only allows to specify the overall time for the
hybrid computation. It is restricted by several properties that D-
Wave sets internally, depending on the complexity of the problem.
Implementation for Gate-Based Quantum Computing. We
used the Qiskit Aer 0.17.2 simulator, as we did not have access to
gate-based quantum hardware. The simulator provides standard
implementations for the mixer and classical optimization routines.
We implemented the QUBO-specific code in the cost Hamiltonian
and used the standard transverse-field mixer provided by the SDK.
Problem-specific mixers can improve performance through effective
search space exploration while preserving constraints. However,
significant background knowledge is needed to choose the right one.
For the classical optimization procedure used to determine the y
and f values of the QAOA circuit, we tested the COBYLA and SPSA
optimizers, the latter being specifically designed to perform well
in the presence of noisy objective function evaluations. Additional
tunable parameters include the circuit depth p and the number of
measurement shots. We fixed circuit depth at p = 2, as increasing
the depth did not significantly improve performance.

There is a wide range of parameters, and choices for Mixer and
optimizer. Default options are provided, but a deeper understanding
of how the problem maps to the quantum architecture would allow
for more targeted circuit creation.

4 EXPERIMENTAL RESULTS

We present more comprehensive results for the annealer, but we
also provide short insights into our gate-based evaluations. In our

2D-Wave SDK 9.3.0 offers two simulators, Simulated Annealing and Simulated Quan-
tum Annealing (SQA). We are using SQA, as recommended by our D-Wave contacts.
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experiments, we tested configurations with increasing number of
nodes and partitions. For each configuration, we generated multiple
random problem instances with varied access frequencies , node
capacities and partition sizes (all given as integers), and results
presented are on average over these instances. We ensured that for
each configuration, all partitions with correct replication factor fit
into the nodes with some extra capacity>*.

Recall that the optimization problem aims to allocate partitions
across nodes so that communication cost to remote nodes is min-
imized. For our quantum executions, we check all returned solu-
tions and take from the valid solutions (that do not violate the con-
straints), the one with the lowest communication cost. We compare
this solution with a solution provided by a baseline classical solver.
For (nearly) all our experiments, this classical solver provided better
solutions in terms of communication costs than our best quantum
solution®. Therefore, our figures indicate the percentage gap by
which the quantum solution is worse than the baseline.

4.1 Results from Annealer

QPU Results on the Quantum Annealer Simulator. We first
ran the implementation and problem specification using the QPU
API on the D-Wave quantum simulator. For all experiments, we used
50 us annealing time, 500 reads by default, and 1000 reads for node
count > 5 or partition count > 25. Figure 1a shows the performance
gap for up to 9 nodes and 50 partitions. For very small problem
sizes, the quantum simulator finds solutions close to optimal, but
with increasing number of nodes and partitions, the performance
quickly becomes significantly worse than the baseline.

We explored different solution spaces. First, we replaced the
slack variables for the capacity constraint with an unbalanced pe-
nalization function SF that has higher values when the constraint
is violated than when it is not [23]. Yet Figure 1b shows that the per-
formance gap is even larger. The valid solutions it returns are not
rejected, but are of lower quality: the unbalanced penalty spreads
replicas evenly across nodes rather than concentrating them on the
nodes that request them most, which raises communication cost.

We then simplified the capacity constraint by assuming all par-
titions have the same size. With this, we can remove p.size while
n.capacity expresses how many partitions the node can hold. This
makes sense, for example, when files are split into equal-sized blocks
and distributed across nodes. However, note that this modification
does not change the number of qubits needed. Figures 1c and 1d
show the results for QUBO with slack variables and SF, respectively.
Indeed, with the simplified QUBO formula, the simulator could find
better solutions and the performance gap is lower.

Note that in nearly all configurations most of the tests returned
a valid result. The only exception is SF with arbitrary partitions
and 9 nodes, where success rates are as low as 60%.

3As the programs were created by different students, the generation of problem in-
stances and the choice of baseline comparison differ slightly between annealer and
gate-based approaches. The differences have little impact at the level of the results
presented in this section. The detailed implementations can be found in the repository.
4 Annealer experiments run from a MacBook Pro with Apple M1 Max chip and 64 GB
of RAM, gate-based simulations with an 8-core MacBook Air and 8 GB of RAM.

SFor the annealing experiments, this is always true, because the baseline is an ILP that
always returns the minimum cost. The gate-based experiments use a greedy algorithm
as baseline which does not always provide the lowest-cost solution.

QPU Results on D-Wave Quantum Hardware. The programs
using the QPU API were further sent to D-Wave’s cloud hardware
and executed on the Advantage System, which provides over 5000
qubits in a Pegasus topology with 15-way qubit connectivity. Be-
cause our QUBO variables are far more densely connected than
this topology, the problem must be minor-embedded, representing
each logical variable by a chain of physical qubits. For this we used
the SDK’s automatic embedding (EmbeddingComposite)We ran
the exact same experiments as on the simulator. The results are
shown in Figure 2. Using the original QUBO problem with slack
variables, we do not get any valid results beyond 12 partitions, and
that for arbitrary and fixed-sized partitions (Figures 2a and 2c). For
the smaller configurations, the valid results are worse than on the
simulator, in particular for arbitrary partition sizes. This means that
the simulator might not truly reflect the performance of the actual,
more noisy hardware. Furthermore, scalability could possibly be
limited by the number of qubits of the current D-Wave hardware.

Replacing slack variables with SF (Fig. 2b and 2d) allows to scale
up to 50 partitions, but only for small node sizes. The communi-
cation costs of the best solutions are much better than with slack
variables and more in line with the simulator results.

Overall, the experiments show that we can indeed run our DB
optimization problem on quantum hardware, but only for a limited
problem space. The results returned are far from optimal, and get
worse as the problem size increases.

D-Wave CQM Hybrid Solver Results. Figure 3 shows the results
for the hybrid solver. We kept the default run time. The results are
much better than when using the QPU API, and relatively close to
the optimal even for some of the larger problem sizes. The reason
is that the QUBO problem submitted to the hardware is likely to be
much easier because D-Wave will perform simple validations and
parameter space exploration on classical hardware.

Run time. The classical baseline (ILP) for one optimization takes
between 30-700 ms, but remains mostly below 200 ms. Even for the
larger problem sizes, some instances were solved very fast.

For the actual quantum hardware, run times for the QPU API
implementations vary widely and could be tens of seconds. One
cause is the communication to the cloud hardware as well as queu-
ing within D-Wave. For the actual access time on the quantum
hardware, a first intuition would expect 25 ms with 500 reads and
50 ms with 1000 reads as annealing for one read is set to 50 ps. How-
ever, it is much higher because of the one-time initialization cost, a
readout time (around 150-200 us per read), and a delay time (20 ps
per read). As such, 1000 reads take around 300 ms, which is actually
very comparable with the baseline. While we can expect this time
to increase with the problem size (as readout times will increase
somewhat), we can expect the run times for the classical baseline
to increase faster, making the quantum solution more interesting.

For the CQM hybrid solver, we did not specify a total execution
time but used the default (although an exploration might be very
useful). In our experiments, this led to around 3 seconds total, but
only around 100 ms on quantum hardware.

4.2 Results from Gate-based Simulations

The initial results for our gate-based implementation showed severe
limitations due to the slack variables. Even small simulations took
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hours and still failed to return a valid solution. To mitigate this
issue, we simplified the QAOA formulation by retaining only the
cost and redundancy terms in the QUBO and checking capacity
violations classically after sampling.

Scaling the Number of Partitions/Nodes. Figure 4 indicates the
average performance gap across all tested configuration instances

vs. baseline for a fixed set of 3 nodes and increasing number of
partitions. Similarly to the annealing results, the performance gap
becomes worse. Note that in these experiments, we used a greedy
baseline. As such, it is worth noting that the quantum optimizer
occasionally outperforms the greedy heuristic on specific instances,
mainly with a low number of partitions, but sometimes even when
there are 15 or 20 partitions. Given that our QUBO problem did
not encode the capacity constraint, an analysis of how many valid
results the simulator returns provides little insight. In a second
experiment, we increased the number of nodes (and accordingly
the number of partitions to avoid trivial solutions). In this regime,
QAOA deteriorates rapidly as the lack of expressing capacity con-
straints resulted in many non-valid solutions. We could only get
reasonable results up to 7 nodes. The gap in solution quality again
increased with problem complexity.

Given that we only performed experiments on the simulator,
a realistic runtime comparison is not possible. As expected, the
simulator runs orders of magnitude slower than the greedy baseline.

5 DISCUSSION

Implementation and Tuning Complexity. First implementa-
tions are easy, but the choice of configuration parameters can seem
overwhelming. Defaults are given, but appropriate tuning of many
of them requires advanced knowledge of how the QUBO/QAOA
program matches the quantum architecture and what exactly hap-
pens during the quantum process. Analysis tools have been pro-
posed [22], but they are not easy to understand themselves.

A further challenge was the terminology used in the Quantum
SDK documentation, handbooks and tutorials, containing many
notations and terms from physics/maths that are likely unfamiliar



for DB researchers. We believe that in some cases it would be
possible to find simple translations to more familiar terminology
or to provide descriptions at a different level of abstraction. This
would make it easier to get started. But in order to get truly better
solutions, one will need to dig deeper into the actual functioning
of the quantum computer, and thus, will need to understand the
common terminology and language used in this domain. This will
also be necessary so that we, who use Quantum-for-DB, can explain
to the quantum experts what we need from the quantum hardware
and lower-level libraries to make our solutions work better.
Current run times. Simulators are useful for development and
test, yet when simulating quantum hardware, run times can be long,
even for relatively small inputs. In our experiments, the simulators
were executed on commodity laptops. A preferable setup would be
a multi-core workstation or server with ample main memory and,
for GPU-accelerated simulators, one or more GPUs. Also, quantum
hardware vendors provide cloud-hosted simulators that run on
high-performance hardware and are available as paid services.

Using the actual D-Wave computer, requests have to be sent to
the cloud and are queued in batch mode before execution. Thus,
while the actual quantum access time appears to be comparable
with baselines for the small problems we analyzed, the overall run
time is large. This makes it difficult to integrate quantum solutions
dynamically into a data management pipeline. However, one can ex-
pect the interfaces to quantum computers to become more versatile
and powerful, leading to less “wasted” time and allowing quantum
computers to become competitive with classical baselines.
Solution Quality. Already for our relatively small problem sizes,
the solutions returned deviated significantly from the optimal so-
lutions. This is in line with some but not all of the results from
the research literature. For instance, [18, 19, 21] integrate join or-
der optimization using D-Wave’s CQM hybrid quantum annealing
into the PostgreSQL query optimizer pipeline. Here, the join orders
found by quantum annealing on D-Wave are better than those pro-
duced by PostgreSQL’s query optimizer. In fact, as much so, that
for some queries, although the quantum optimization takes a long
time, the total execution (optimization + query execution) is faster
with quantum annealing than PostgreSQL’s baseline.
Configuration Parameter Tuning. The limited availability
of quantum hardware and the long run times when simulating
this hardware make it essential to configure experiments carefully.
Configuration management is a challenge in many domains. Ma-
chine learning requires hyper-parameter tuning; traditional DBMS,
key-value stores and distributed computing platforms also offer a
plethora of configuration parameters. Moreover, there exists sig-
nificant research in auto-tuning these systems. There will be no
doubt research needed in tuning DB quantum computations. The
question is how much knowledge about the underlying quantum
architecture and physics is ultimately needed.

To some extent, we have to rethink the evaluation process. A
typical evaluation of a DBMS uses system-level performance met-
rics like response time and throughput, and performs a bottleneck
analysis considering the classical resources (e.g., CPU, memory,
network). This motivates the development of new software, new
algorithms, and new data structures that reduce resource consump-
tion and improve performance. In principle, we can use the same
methodologies, yet we are confronted with very different resources.

Scalability. In many cases, optimal solutions for small problems
can be solved efficiently with classical solvers. The hope is that quan-
tum computing might eventually outperform classical solutions,
namely, once the quantum hardware can handle larger problem
spaces where classical computing has to fall back to heuristics.
For the data allocation problem, [31] provides a lower bound
of the number of qubits where the dominating term contains the
product |N| * |P|. Just taking 10 nodes and 500 partitions, this
amounts to 5000 qubits that need to be fully connected, which
is not the case for current hardware. The Advantage System we
used has just over 5000 qubits with 15-way connectivity, and even
the newer Advantage2 generation (about 4400 qubits with 20-way
connectivity) does not change this fundamental limitation.
Considering real-world use cases such as Google’s file system,
with thousands of nodes and millions of data chunks, the QUBO
formulation used here might not be realistic to start with, even for
next-generation quantum computers.
Problem Formulation. Given the scalability constraints of cur-
rent and probably also near-future quantum computers, it will be
necessary to tackle the scalability problem at the time the optimiza-
tion problem is formulated. There have already been approaches
in database research to dissect QUBO problems into smaller sub-
components or into formats that can map to fewer qubits [26, 29].
For our evaluation, the slack variables were very expensive, and
simply allowing only for a constant partition size (p.size = 1) con-
siderably improved performance. Yet there may exist a completely
different optimization formulation that has lower bounds on the
minimum number of qubits, making the solution more scalable.
Even more challenging is that current work is often based on
simplifying assumptions to keep the complexity at bay. For the data
allocation problem at hand and looking at the existing literature
on partitioning and replication [1, 4], the replication factor might
not be fixed, costs might be more complicated than simply commu-
nication costs, and workloads might shift, requiring incremental
data allocation and dynamic migration.

6 CONCLUSIONS

In this paper, we present our experience report of implementing
and evaluating a known QUBO-based quantum solution for the
data allocation problem. Implementation and initial setup are rel-
atively straightforward, even with limited quantum background,
allowing for a quick start and useful insights into the possibilities
and limitations of current quantum solutions and quantum archi-
tectures. Although we believe that interesting open problems can
be tackled after a relatively short exposure to the field, sufficient
knowledge of the underlying quantum mechanisms is important
to exploit the many fine-tuning options and will be crucial to find
truly ground-breaking quantum solutions for database problems.
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