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Abstract—Cloud databases frequently employ replication to
improve performance through parallel processing. Divergent de-
sign tuning (DDT)—the joint optimisation of index configurations
and query routing functions across replicas in a distributed
database—is critical for query performance but intractable at
scale. Existing classical design heuristics struggle to navigate
the large, densely-connected combinatorial search space, while
machine learning approaches require recommendation times on
the order of hours or days even for modest problem sizes. To
overcome these computational barriers, we reformulate divergent
design tuning as a single quadratic unconstrained binary optimi-
sation (QUBO) problem, jointly optimising index configurations,
query routing, and replica-failure constraints. We present ADDA,
an annealing-based divergent design advisor, which solves this
QUBO using annealing-based samplers, obtaining high-quality
divergent designs in a reasonable runtime. We give theoretically
motivated QUBO penalty constants with correctness guaran-
tees and analyse ADDA’s structural resource requirements. We
evaluate ADDA with two annealing implementations—classical
simulated annealing and path integral Monte Carlo—on the
TPC-H and TPC-C benchmarks across multi-replica clusters.
We find that ADDA more than halves query workload execution
time over state-of-the-art DDT algorithms and reduces recom-
mendation time by 99% compared to reinforcement-learning-
based approaches.

Index Terms—index selection, replicated database, mathemat-
ical optimisation

I. INTRODUCTION

An important consideration in database administration is
the creation of indexes to improve query performance. The
challenge of choosing the best indexes is the index selection
problem, which is known to be NP-hard [1]. Given a workload
W of queries, the index selection problem is to choose some
indexes Z to construct on the database that minimises the
execution cost of the query workload, subject to a constraint
on the memory consumed by the chosen indexes. Numerous
heuristic, optimisation, and machine learning approaches to
the index selection problem have been proposed [2].

Modern cloud databases, such as Google Cloud SQL and
Amazon RDS, allow the deployment of readable secondary
database replicas, to offload the processing of analytical
queries from the primary [3], [4]. These systems create full
database replicas across several nodes, allowing database
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administrators to create a divergent set of indexes on each
read replica, optimising each one for a different subset of read
queries. A crucial challenge in creating these divergent index
configurations is the joint optimisation of both physical design
(what indexes to create on each replica) and query routing
(which replica processes each incoming query). This is the
divergent design tuning (or ‘DDT’) problem. To avoid over-
loading a single replica and mitigate tail-latencies, state-of-the-
art algorithms evaluate optimal performance by minimising the
maximum replica execution cost across the cluster. Despite its
growing relevance, maximum cost DDT is not well-studied
theoretically.

A major challenge that arises in developing an algorithm
for DDT is the problem’s tractability. The search space for
solutions to even centralised index selection grows faster than
exponentially with the number of candidate indexes [5], before
considering the added complexity of deciding where queries
ought to be routed. Consequently, algorithms attempting to
solve DDT must balance solution quality with an acceptable
recommendation time. Existing machine learning approaches
for DDT employ a reinforcement learning (RL) framework
that rely on thousands of repeated, expensive invocations of
the DBMS query optimiser’s ‘what-if’ cost estimator [6],
[7]. This causes RL recommendation times to scale poorly,
often becoming impractical even for modest clusters of 4-7
replicas. Conversely, alternative heuristic approaches maintain
tractability only by trading away significant solution quality.

To overcome these computational barriers, we reformulate
the joint indexing and routing constraints of maximum-cost
DDT as a single quadratic unconstrained binary optimisa-
tion (QUBO) problem [8]. This reformulation directly targets
both limitations of existing approaches. Because indexing and
routing variables are optimised jointly within one objective,
the solver can exploit interactions between index placement
and query routing that decoupled heuristics cannot see. We
evaluate ADDA using both classical simulated annealing [9]
and path integral Monte Carlo (PIMC) annealing [10], and
show both produce high-quality recommendations at practical
recommendation times, demonstrating the advantage of our
approach.

In this paper, we present the following contributions:

o A general definition for maximum cost DDT that incor-



porates the possibility of replica failure

o A formal proof that maximum cost DDT is NP-hard

« ADDA, an annealing-based divergent design advisor, a
QUBO formulation of DDT

o Theoretically motivated penalty constants
quadratic program

o An empirical evaluation showing ADDA scales to multi-
replica clusters, significantly outperforming state-of-the-
art baselines DINA [6], gDINA [7], and DiversityClus-
terDB [11] on the TPC-H and TPC-C benchmarks

The remainder of this paper is structured as follows. Sec-
tion II gives a background on divergent design tuning and
annealing-based optimisation. Section III discusses existing
algorithms for DDT. Section IV proves that divergent design
tuning is NP-hard. Section V introduces ADDA, an end-to-end
algorithm for DDT. Section VI discusses our implementation
of ADDA and compares its performance against existing DDT
algorithms. Finally, Section VII summarises our findings and
discusses directions for future research.

for the

II. BACKGROUND

To begin, we give a background on the divergent design
tuning problem and introduce our new definition for DDT on
a maximum cost basis. Then, we discuss different approaches
to mathematical optimisation to contextualise our algorithm’s
approach to solving DDT.

A. Divergent Design Tuning

The problem of divergent design tuning was first posed
in 2012, when the DIVGDESIGN algorithm was proposed
[12]. This definition was extended in [13] to incorporate
the possibility of replica failure, as well as a broader set
of possible constraints on the recommended design. Later
work has since restated the problem in terms of minimising
the processing time for a distributed workload, allowing the
replicas to work in parallel [11].

We illustrate the optimisation abstraction used in DDT. A
workload of incoming queries is received by a query dis-
patcher (or router) inside the primary DBMS. The dispatcher
consults a DDT optimiser, which jointly determines (i) an
index configuration for each replica and (ii) a query-to-replica
routing policy. The underlying system consists of a set of
homogeneous read-only replicas that each maintain the same
logical database state as the primary but may differ in their
physical design structures. Each read query is executed on
exactly one selected replica, and its cost is estimated using a
standard what-if query optimiser cost model conditioned on
the replica’s physical design. To isolate the physical design
problem, the underlying replication mechanism (e.g., consis-
tency maintenance and update propagation) is abstracted away
and is not part of the optimisation problem objective. The
DDT optimiser operates periodically or offline and outputs a
configuration that is then deployed to the system.

Recent work on divergent design tuning defines the problem
as the minimisation of the maximum execution cost on any one
individual replica, reducing the time required to execute a full

query workload [7], [11]. We refer to this as the ‘maximum
cost basis’ of DDT. Earlier work aimed to minimise the
total cost, across all of the replicas, of executing some query
workload [13], which we refer to as the ‘total cost basis’.
This paper discusses the maximum cost basis, as it is the
problem formulation used in recent DDT literature and is the
preferred metric in other areas of distributed database research
[14]. Despite its prevalence, existing work does not provide
a formal definition of maximum cost DDT that incorporates
the possibility of replica failure and a general class of user-
specified constraints on the divergent design.

Before giving the definition, it is necessary to introduce
some terminology. Let cost(q,Z) be the cost of executing a
query g, given that an index configuration Z is present on the
database. An index configuration Z is a set of indexes on the
database tables. We assume that the database is fully replicated
across n machines. We denote the set of replicas as R, one
present on each node. Let () be the set of analytical queries
(which can be executed on any replica) and U be the set of
update queries. While we defer the mechanism for enforcing
consistency to the distributed DBMS, we account for the
impact of the chosen indexes on the update workload to model
the cost of the replication mechanism updating the indexes
on each read replica. m is the routing multiplicity factor, the
number of relatively low-cost replicas to which each query
could be routed. & is a routing function that determines which
replica a query is sent to; for instance, h(q) = r determines
that query ¢ is routed to replica r. f(g) is a function that
weights the relative importance of each query. Finally, « is
the probability one of the replicas fails, which we assume is
uniform across all of the replicas.

The divergent design tuning problem, then, is to find an
index configuration Z, for each replica r and a routing function
h that minimises the maximum time it takes a replica to
process the queries which are routed to it. We express this
quantity as MaxCost(Z, h), where Z = {7;,...,Z,} is the
set of index configurations. The cost for each replica is the
cost of executing the entire update workload, plus the cost of
executing the portion of the analytical workload routed to that
replica. We also divide the cost of each query in the analytical
workload by m, as if a query may be routed to m replicas,
the probability it is actually sent to one of those replicas is
1/m.

Additionally, we want to account for the possibility a
replica fails. Let FMaxCost(Z, h, j) be the maximum replica
processing cost if the jth replica fails. We need to develop a
new routing function to account for the fact queries cannot
be sent to the failed replica. We denote this new routing
function h;, and call the original routing function (where no
replicas have failed) hg. FMaxCost is similar to MaxCost, but
accounts for the new routing function h; and the possibility
that m = |R|, in which case m becomes |R| —1 (to reflect the
new maximum number of replicas in the cluster). We make the
modelling assumption that our recommendations must account
for at most one replica failing, and further failures require a
new recommendation. This is done to keep the problem size



tractable, which we discuss further in Section V-E.

When a replica fails, queries will be routed to different
replicas, but the index configurations on those replicas do
not change, as the failed replica may come back online and
rebuilding the indexes is expensive. Accordingly, we want the
index configurations to account for the possibility that they
will be processing queries that would not be sent to each
replica under normal operation. We denote the probability of a
single replica in the cluster failing as a. Increasing « induces
the recommended indexes to be more responsive to queries
that might be routed to a given replica in the event another
fails, while decreasing v maximises the performance when no
failures occur at the expense of processing time when a failure
does occur.

Finally, we want to consider the case where the user wishes
to state additional constraints on the physical design of the
system. A common constraint is to impose an index space
budget on each replica, so the indexes materialised do not take
up more than a predetermined amount of space. We denote
these additional constraints as C, and allow the user to specify
any constraint as long as it is expressible in a binary integer
program.

Now, we are ready to give a formal definition for maximum
cost DDT.

Definition 1. Given a query workload W = Q U U, a weight
Sfunction f, full database replicas R, a set of constraints C, a
routing multiplicity factor m, and a failure probability o, the
divergent design tuning problem on a maximum cost basis is
to find a set of index configurations I, and routing functions
h:Q+— R™ that solves

min

h

(1 — ) - MaxCost(Z, hg)

+ Z 7 —FMaxCost(Z,h, j)
= 1Rl

subject to C

Where

MaxCost(Z, hg) =

max Z 1a )cost (¢, L) + Z f(u)cost(u, ;)
{alho(q)="} wel
FMaxCost(Z,h, j) =
f(q)
max Z — = cost(q,T,)
T j R|l—1
i <{q|hj<q>—r} minm, [ =1}

+ > f(u)

uelU

- cost(u,Z, ))

h; is the routing function when the jth replica has failed;
ho is the routing function when no replicas have failed.

In the remainder of this paper, when we refer to the
divergent design tuning problem, we understand it to mean
DDT in the maximum cost basis, as in the above definition.

B. QUBO Problems and Annealing

The coupled, discrete nature of joint index selection and
query routing under a maximum-cost objective yields a highly
non-convex and discontinuous optimisation landscape. Tra-
ditional exact mathematical programming solvers (e.g., IBM
CPLEX) rely on branch-and-bound or branch-and-cut algo-
rithms that struggle to navigate these rugged cost surfaces
efficiently, often experiencing exponential runtime scaling
even for modest numbers of replicas. To achieve practical rec-
ommendation times, we must trade exact global optimality for
high-quality solutions by leveraging annealing-based samplers.

To employ certain annealing algorithms, it is necessary to
reduce the combinatorial problem into a standardised mathe-
matical target known as a Quadratic Unconstrained Binary
Optimisation (QUBO) problem. Mathematically, a QUBO
instance is stated as minge(o,13» 7 Qx + ¢T'x, where z is
an n-dimensional vector of binary decision variables, ¢ € R"
is a vector of linear coefficients, and @ € R™*™ is a matrix
containing quadratic coefficients between variables. Any linear
equality or inequality constraints within the original problem
space (such as forcing a query to route to exactly one replica)
are mapped into the objective function as quadratic penalty
terms that increase the total energy (cost) of invalid states. The
fundamental advantage of a QUBO formulation is its direct
mathematical isomorphism to the Ising spin-glass model in
statistical mechanics, allowing the problem to be solved using
algorithms that simulate physical systems.

The most traditional method for solving QUBO problems
classically is simulated annealing (SA). SA navigates the
optimisation landscape by mimicking thermal fluctuations;
it iteratively perturbs the binary solution vector x, using a
decreasing temperature schedule to probabilistically accept
higher-cost states to escape poor local minima by climbing
over energy barriers. Other heuristics, such as the Path Inte-
gral Monte Carlo (PIMC) sampler [10], attempt to simulate
quantum tunnelling effects to move through energy barriers in
the cost landscape. While these algorithms differ in how they
solve QUBOs, they share the same fundamental advantage
in obtaining good quality solutions to large combinatorial
optimisation problems with a faster runtime than exact solvers.

III. RELATED WORK

With a background on DDT and QUBO methods estab-
lished, we next discuss existing approaches to database index
selection. Despite a wealth of existing research on centralised
index tuning advisors [2], the divergent design tuning field
remains smaller by comparison. DIVGDESIGN [12] and RITA
[13] model DDT on a total cost basis as a binary integer
program and use classical solvers to provide recommendations.
DRLinda [15] and DINA [6] use deep reinforcement learning
to learn a good set of indexes, then route each query to
the replica that has the lowest execution cost. qDINA [7]



extends DINA’s RL architecture with a gate-based quantum
neural network, but inherits the same search-space-scaling
limitations. Finally, DiversityClusterDB [11] uses a cluster-
and-tune heuristic to iteratively improve a divergent design,
which can in principle use any centralised index selection
algorithm. Of these, DIVGDESIGN and RITA are designed
for the total cost basis, while DiversityClusterDB, DRLinda,
DINA, and qDINA are designed for the maximum cost basis.

The existing maximum cost DDT algorithms suffer from the
same problem: they struggle to scale beyond a small number
of database replicas. In the case of DRLinda and DINA, the
growing number of possible index configurations to consider
requires more reinforcement learning actions to fill the space
budgets and complete a learning episode, leading to a pro-
portional increase in the already substantial recommendation
time. In DiversityClusterDB’s case, the quality of the heuristic
recommendation simply becomes poor, with some replicas
having no queries routed to them at all. This scaling issue
poses a serious problem to deploying these algorithms in real-
world environments, as large clusters of database replicas are
common for big data applications [16].

QUBO methods have been successfully applied to cen-
tralised index selection, in the context of quantum algorithms.
Trummer et al. [17] demonstrate that quantum annealing can
find high-quality index configurations faster than classical
solvers on benchmark workloads, establishing the viability of
QUBO-based formulations for index selection. Kesarwani et
al. [18] extend this to gate-based hardware. However, these
algorithms rely on specialised quantum hardware with limited
resources and constrained problem embeddings, making them
impractical for immediate deployment.

IV. NP-HARDNESS OF DIVERGENT DESIGN TUNING

Next, we present a proof that the divergent design tuning
problem on the maximum cost basis is NP-hard. Existing work
has already demonstrated that solving DDT on the total cost
basis is NP-hard; the theorem is introduced in [13] and proved
in [19]. However, the subset-sum reduction in that proof does
not extend to the maximum cost basis, so we provide a separate
reduction now.

Theorem 1. Solving the divergent design tuning problem
stated in Definition 1 is NP-hard.

Proof. We prove NP-hardness by reduction from the makespan
minimisation problem on identical machines (P||Cpax), which
is shown to be NP-hard in [20]. Consider the case where o« = 0
(there is no possibility of replica failure), U = () (the workload
is only composed of analytical queries), f(¢g) = 1 for all
g€ Q,m=1,and Z = ) (there are no index candidates,
so the cost of each of the queries is not reduced by any index
configuration). Further, let there be no additional constraints
C. The problem then becomes a restricted case of divergent
design tuning, namely, assigning queries to replicas to min-
imise the maximum cost of a particular replica’s workload.
Let ¢, = cost(q, () be the cost of executing a query on any
replica and ¢ € {0,1} be a decision variable encoding ho

that denotes whether the gth query is routed to the rth replica
(that is, ¢ = 1 if 7 € ho(q), or O otherwise). The restricted
DDT then becomes

mtm I;lea]%( Z Cqty (1a)
q€Q
subject to Z tr = Vg eQ (1b)

Let R, be the execution costs of the queries assigned
to the rth replica; that is, R, = {¢, ty = 1}, and
S = {Ry,..., Rp} be the schedule of execution costs. The
finish time of one replica r processing queries is then F,.(S) =
> 4eR, Cq» and the restricted divergent design tuning problem
is then to minimise the finish time of the entire schedule,
F(S) = max,er {F-(S)}, subject to the requirement that
every task (query) is scheduled (routed to one replica), as
required by (1b). Under this definition, the objective in (1a) is
exactly F(.5).

Taken together, these statements are the makespan minimi-
sation problem shown in [20]. This construction is computable
in polynomial time. Accordingly, makespan minimisation re-
duces in polynomial time to divergent design tuning on a
maximum cost basis. Therefore, DDT is at least as hard as
makespan minimisation and thus NP-hard. O

The NP-hardness result is not surprising, given that the
same is true of both total cost DDT and centralised index
selection. However, the reduction to makespan minimisation is
a noteworthy insight into the challenge posed by this problem.
The routing component of DDT is equally as difficult as the
design component of selecting indexes, which can render static
routing heuristics such as those used in DINA [6], qDINA [7],
and DRLinda [15] insufficient for obtaining good solutions.
Accordingly, we look to a joint optimisation technique to solve
the design and routing problem together.

V. PROPOSED ALGORITHM

In this section, we present our divergent design advisor,
ADDA. ADDA models divergent design tuning as a binary
integer program (BIP), then reduces it to a QUBO that can be
solved efficiently using annealing-based samplers. Doing so
requires the constraints in the BIP to be converted to penalty
terms in the objective function of the QUBO, so penalty
coefficients must be chosen to enforce these constraints.

The remainder of this section is structured as follows.
Section V-A describes the inputs to the integer program. In
Section V-B, we state the full BIP formally. Section V-C shows
the reduction to the QUBO. Section V-D states the penalty
constants for each of the constraint terms and proves they
are sufficient to maintain the optimality and feasibility of the
program. Section V-E analyses how the number of variables
in the QUBO scales with the problem size. Finally, Section
V-F gives an end-to-end algorithm for solving DDT.



A. Input Parameters
We begin by defining three sets of binary variables:

o z; = 1 if the ith index candidate is present on the rth
database replica, or O otherwise.

o ty = 1 if the gth query is routed to the rth database
replica, or 0 otherwise. Put another way, t; = 1 if and
only if 7 € hy(q).

. tflvj = 1 if the gth query is routed to the rth database
replica if the jth replica has failed. Equivalently, ¢;’ =1
if and only if r € h;(q). These variables are only used
for the case where replica failures are possible, and may
be omitted if o = 0.

Additionally, we introduce the following sets of integer
constants. These are provided as inputs to the binary integer
program; the manner in which the algorithm produces them is
discussed further in Section V-F.

e Cy is the cost of executing a statement w € W on a
replica with no indexes present: ¢,, = cost(w, 0).

o v is the impact, or the marginal benefit of the ith index
candidate on the execution cost of statement w: v}’ =
cost(w, {x;}) — cost(w, ().

Finally, we require the following parameters provided by the

database administrator, which were defined in Section II-A.

e m is the routing multiplicity factor.
o « is the probability that a database replica fails.

B. Binary Integer Program for DDT

Now, we are ready to present a binary integer program that
solves the problem given in Definition 1. Let pcost(w,Z,.) be
the predicted cost of executing a statement w on a replica with
index configuration Z,. = {i | I = 1}. To predict the query
cost, we start with the statement’s cost when no indexes are
present, then sum the marginal benefits of all of the indexes on
that query. We express this predicted cost as pcost(w,Z,.) =
cw+Y,; vz} . Predicting the cost of a statement from the sum
of the marginal benefits of the indexes is a standard modelling
assumption used in optimisation-based approaches to index
selection [13], [21], but we demonstrate empirically in Section
VI that these estimates yield good results. Additionally, we
require pcost(w, Z,.) > 0, as a negative cost to execute a query
is not physically representable.

Let qcost(q, Z,.) be the cost of executing a query ¢ on replica
r with an index configuration Z,.. We wish to account for the
weight function f and multiplicity factor m, as in the MaxCost
expression in Section II-A. Additionally, we want to ensure
that the cost is O if the query is not routed to the current replica.
We express this cost as qcost(q,Z,) = % -peost(q, Z;.) - ty.

Similarly, let ucost(u, Z,.) be the cost of executing an update
statement v on replica r with an index configuration Z,.. The
multiplicity factor and routing variable can be removed, as
update statements are sent to every replica. We express this
cost as ucost(u,Z,.) = f(u) - pcost(u,Z,).

Finally, we must account for the cost when a replica j
has failed. Update costs are still processed on every func-
tional replica, so no change to the update cost function is

needed. However, the query cost function must incorporate
the additional variables tgvj to account for the backup routing
function h;(q). Let fqcost(g,Z,,j) be the cost of executing
a query ¢ on replica r with an index configuration Z, when
replica j has failed. We express this cost as fqcost(q, Z,., j) =
m -peost(q, ) - 7.

The binary integer program that solves the divergent design
tuning problem given in Definition 1 is as follows:

min

(1 — a) max (Z qcost(q,Z,)

rcR 7e0
+ Z ucost(u,l}))
uelU (2a)
e’
+ Z —  max < Z fqcost(q,Z;, )
= |R| reR\{j} o
+ Z ucost(u,IT)>
uelU
subject to > tr=m  VgeQ (2b)
rcR
> tpd =min{m,|R| -1}  VgeQ (2
rcR

additional constraints C' stated by the user (2d)

C. QUBO Reduction

We have presented a binary integer program that solves
DDT, but as stated it cannot be used for path integral Monte
Carlo annealing. We apply the same reduction when using
simulated annealing, avoiding the need for bespoke constraint-
respecting search moves and ensuring both samplers operate
on an identical formulation.

The first step is to ensure the program is quadratic. We
assume that all of the user-specified constraints C' are at most
quadratic. The stated objective in (2a)—(2d) is not, however,
as the max terms are present in the objective function, so
it must undergo reduction to be linearised. Then, we must
remove the constraints and replace them with penalty terms.
Finally, if adding the constraints to the objective function as
penalty terms has introduced terms of an order higher than 2,
we must reduce them to quadratic through additional auxiliary
variables.

The initial problem that we encounter with the BIP in
(2a)—(2d) is the maximum operator in the objective function,
which is not quadratic. A standard linearisation strategy is to
replace the minimum-of-maximum operator with an objective
that minimises some arbitrary value, then introduce constraints
to require that arbitrary value to be the maximum of the
original values, described in Section 2.4 of [22]. To apply
this method to a binary integer program, we introduce sets of
slack variables z = Lozggz‘“‘“] 2% 2}, to represent any value up
to Zmax- We then restate (2a)—(2d) as:



min (1 —a)- z(0 + Z |R| z7) (3a)
JER
0 > Z qcost(q, Z,.) + Z ucost(u, Z,.)
subject to qeQ uelU (3b)
Vre R
z\9) > Z fqcost(q, Z, j) + Z ucost(u, Z,.)
qeqQ uelU
VjeR,re R\ {j}
(3¢)
dtr=m  VgeQ (3d)
reR
>t =min{m,|R -1} Vg€ Q (e
reR

additional constraints C' stated by the user (3f)

Choosing Z,,x is difficult because it must encode the max-
imum replica cost, which is generally not known in advance.
The choice of Z. is left as an input parameter for the
algorithm, discussed further in Section V-D.

Next, we need to remove the program’s constraints. There
are several constraints (3b)—(3f) in the binary integer program,
and we wish to restate them as penalty terms in the objective
function. The reduction of the constraints to penalty terms is
widely used, and a summary is given in Equations (3) and
(4) of [23]. The technique converts a constraint of the form
Ax < bto a penalty term of the form )\(Ax—b+s)2, where ) is
a large positive constant and s = 3 27s; are slack variables
allowing the optimiser to reduce the penalty to zero if the
inequality is not violated.

min (1 —a) -2 + Z -z (4a)
JER
)\(7’) <Z(O) Z qCOSt q7 Z uCOSt u I
q€Q uel

+ ) (4b)
_ S(T)) \V/'I" S R
A6 <Z(j) Z fqcost(q, Z;, 7) Z ucost(u, Z;.)

n qeQ uelU

Vje R, re R\ {j}

2
. S(m)

(40)
2

2@ (Z tr— m) Vg e Q (4d)

reR
2

4D (Z trd — min{m, |R| — 1}) Vge@  (de)
reER

+A) . reduced constraints C' stated by the user  (4f)

This equation must undergo further reduction as (4b), (4c),
and potentially (4f) are not quadratic. This situation arises
because the conversion of an inequality constraint to a penalty
term increases the order of the variables, but the inequality
constraint may already be quadratic. The solution is to apply
a further reduction, such as the one found in Equation 15
of [24]. Typically, the reduction is done automatically in
software, dynamically selecting the best method for the given
problem structure [25]. As the specific reduction chosen will
have the same optimal solution and feasible region, it does
not give further insight into the problem structure, so we treat
the reduction as an implementation detail and omit the fully-
reduced QUBO.

D. Penalty Constant Selection

In converting the constrained quadratic program given in
(3a)—(3f) to an unconstrained one in (4a)-(4f), we have in-
troduced large, positive constants A to enforce the penalty
terms. In theory, any choice of A that guarantees a particular
constraint will be greater than the objective will ensure that
an infeasible solution will never be the optimal one. In
practice, however, annealers are heuristic samplers that are
not guaranteed to return the global optimum in finite time:
they return low-energy solutions that may differ from the true
optimum by some gap determined by the annealing schedule
and energy landscape. Accordingly, we must select values
for A that shape the energy landscape in such a way that
low-energy, near-optimal solutions sampled by the annealer
correspond to valid and high-quality divergent designs.

First, we will consider the theoretical bounds for each A\
term in the quadratic program.

Theorem 2 (Penalty constants). Let ) be a value that is
greater than the maximum cost of any divergent design;
that is Q > max{MaxCost(Z,h), FMaxCost(Z,h,j)} for all
Z,h,j. Let e¢ > 0 be the smallest nonzero value that
a constraint term (4b), (4c), (4d), (4e), or (4f) could take
before multiplication by their respective penalty constants
N, Additionally, let Zy. > €, so that every feasible
objective value is representable in the objective function (4a).
An optimal solution to (4a)—(4f) is an optimal solution to (2a)-
(2d) if N > L.

Proof (sketch). The proof is by contradiction and follows in
two parts. First, we show that any optimal solution x* to (4a)—
(4f) must be feasible in (2a)-(2d). Suppose that there is a
contradiction: then, at least one constraint term has energy at
least ¢

Meanwhile, any feasible x/ has all constraint terms zero,
and since Zpax > Q ensures z(©) z(0) < Q at feasibility,
E(x) < Q. If MO > Q/eg, then E(x*) > Q > E(x/),
contradicting the optimality of x*. So x* is feasible.

Second, a feasible optimal x* is also optimal in (2a)-
(2d): if some feasible x achieved a strictly lower objective
there, then since both solutions have all constraint terms zero,
their QUBO energies equal their original objective values, so
E(x") < E(x*), contradicting the optimality of x* in (4). [



The choice of 2 is left as an input parameter for the
algorithm. The theorem will be satisfied as long as ) is greater
than MaxCost(Z,h) and FMaxCost(Z, h, j) for all Z, h,j.
However, finding those largest values is a difficult problem in
and of itself. Instead, we rely on the following approximation

for use in the algorithm: Q = (quQ f@) -pcost(q,@)) +
(IR]- ¥ e f(u) - peost(u, 0)).

To initialise the slack variables z in (4a)—(4c), we also set
Zmax = €. The intuition motivating this equation is that each
query must be considered for use on m replicas (eliminating
the term, as m - % = f(q)), while each update statement
must be run on |R)| replicas. Here, (2 is equal to the divergent
design cost when no indexes are present and each query is
run once. This choice of 2 may not satisfy the assumptions
stated in Theorem 2 in all cases. However, it is a practical
upper bound on reasonable workloads where indexes reduce
query execution costs, and we validate empirically in Section
VI that ADDA produces valid, high-quality divergent designs
under this approximation.

Now, we will discuss the empirical choices for each . As
stated previously, values for A that meet the requirements in
the above theorem will guarantee that the optimal solution
to the appropriate QUBO problem is the optimal solution to
DDT. In practice, the solutions sampled from an annealer are
unlikely to be the optimal ones. If the A\ terms are not well
considered, these solutions may be infeasible.

There are four sets of constraints: (4b) and (4¢), to enforce
the maximum operators; as well as (4d), (4e), and (4f), to en-
force routing multiplicity and other user-specified constraints.
The former set of constraints are introduced to linearise the ob-
jective function: if they are violated, the QUBO becomes only
an approximation of the objective function in (2a)—(2d). The
latter set of constraints enforce the feasibility of the solution
with respect to the initial integer program. Accordingly, while
we can tolerate a small violation of the former constraints, we
cannot tolerate any violation of the latter. To guarantee that
any violation of the feasibility constraints is penalised more
than a violation of the maximum operator constraints, we set

AP = \6) = 5)

A — 2\ =\ =3 41 (6)

The rationale motivating the selection of Q3 4+ 1 in (6)
follows from the maximum value that the constraints (4b) and
(4c¢) can take. Those constraints could take values of at most 2
(when z = Q and qcost(q, Z,-) = ucost(q,Z,) = s = 0). In the
QUBO, the constraint value is squared and multiplied by A(")
or A7) as the case may be. Accordingly, for A(9) A(/) \(©)
we require A > % For our binary integer programs with
integer coefficients, ¢ = 1 by construction in all three cases,
so (6) satisfies this condition.

E. Scaling Analysis

To perform annealing-based optimisation, it is necessary to
sample over the entire solution space, which grows with the

number of variables. Accordingly, the recommendation time
of our algorithm scales with the number of variables. Our
original binary integer program for DDT introduced decision
variables for index configurations and routing functions (both
default and failure-aware). Additionally, we have introduced
slack variables to linearise the maximum operator, convert the
constraints, and reduce the equation to a polynomial.

Theorem 3 (Scaling). Let |U| be the number of candidate
indexes,
the size of the analytical query workload, and B = [log Z .|,
the number of variables required to encode Z,q, in a binary
encoding. To solve the divergent design tuning problem on a
maximum cost basis, ADDA requires

B+ [U]|R] + [QI|R| + |R|[U||Q| + B|R|

variables when o« = O (there is no possibility of failure),
plus whatever additional variables are required to encode the
user-specified constraints C.

If o > 0 and failure routing must be considered, ADDA
requires an additional

BIR[+|QIIR|(|R] - 1)+ |R[(|R] - DU||Q + BIR|(|R| - 1)

variables.

Proof. The variable count arises as follows. The z(®) term
requires B variables, by definition. There are |/||R| =] terms,
one for each index candidate and replica. There are |Q||R]
ty terms, one for each query in the query workload and
replica. The final two terms occur for every replica in the
penalty term (4b), which accounts for the |R| term in both.
First, in order to ensure that squaring that term does not
introduce interactions of a higher order than quadratic, we
must introduce auxiliary variables w; , = xjt; to apply the
reduction in [24]. This requires an auxiliary Vanable for each
of the |U||Q| combinations of the z,¢ terms. Finally, each
penalty term introduces its own set of slack variables s("), for
an additional B variables per replica.

Next, we consider the failure terms. For each replica, |R|—
failure costs are considered, so there are in total |R|(|R| — 1)
failure penalty terms to consider in (4c). The first two counts
are from the new sets of variables introduced. Each z() adds
B variables, while there are new failure routing variables tg*j
for each of the |Q| queries in the |R|(|R| — 1) replicas in
failure scenarios The final two terms are additional auxiliary
variables w)” = xrt” and slack terms sU'"), for which the

q
same counting logic as the non-failure terms apphes O

As an example, consider the TPC-H benchmark: |U/| = 36
and |Q| = 22, and we assume that B = 13 can suffice. If
no replica failures are possible, TPC-H requires 863|R| + 13
variables. If replica failures are possible, then TPC-H requires
an additional 827|R|? — 814|R| variables.



F. End-to-End Algorithm

Finally, we give a complete algorithm for divergent design
tuning that can produce the integer coefficients necessary for
the QUBO’s optimisation. This is stated in Algorithm 1 below.

First, line 1 creates the universe of candidate indexes, U.
We derive this from the predicates of the queries, as these are
the columns we may be interested in searching over. Next, we
obtain the baseline query costs and the marginal index benefits.
Lines 2—4 invoke the cost estimator to obtain the baseline costs
when no indexes are present, then lines 5-9 iterate over every
query and index candidate to compute the marginal benefits.
Then, the annealing step is taken in line 10, which provides
the solution to the DDT problem instance. Finally, the solution
is parsed in lines 11-14.

Algorithm 1: ADDA

Data: Replicas R, workload W = Q U U, penalty
constant €2, additional constraints C'

Result: Index configurations Z, routing tables h

1 U « columns referenced in the predicates of Q);

2 for w € W do

3 | cw < cost(w,0);

4 end

5 for i € U do

6 for w € W do

7 | v < cost(w, {i}) — cu;

8 end

9 end

10 Optimise the QUBO given in (4a)—(4f) via desired

annealing method;

1 7, < xf Viel,r € R,

12 hg < argmax, t; Vq € Q;

13 hj < argmax, VgeQ,j€ R,re R\ {j};

14 return Z, h

VI. PERFORMANCE EVALUATION

Next, we analyse the performance of ADDA against com-
peting algorithms for DDT. Section VI-A describes the exper-
iments we conduct. Section VI-B evaluates the algorithms’
scalability as the number of replicas in the cluster grows,
increasing the problem size and attendant search space. Sec-
tion VI-C evaluates the performance of the algorithms under
increasing probability of a single-replica failure occurring,
comparing ADDA’s recommended fallback routing functions
over a random rerouting policy.

A. Experimental Setup

To compare the performance of several DDT algorithms, we
ran experiments on the standard TPC-H [26] and TPC-C [27]
benchmarks. For TPC-H, we generated 50 queries from each
of the 22 TPC-H query templates, for a total workload of 1,100
queries. For TPC-C, we ran the five provided transactions 10
times each to generate a workload of 59 analytical queries and
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Fig. 1: TPC-H recommendation time (1,100 queries), by

number of replicas (log scale).

65 update queries. In both cases, we populated each replica
with 10 GB of data.

We compared the performance of five DDT algorithms: two
variants of ADDA, DINA [6], gDINA [7], and DiversityClus-
terDB [11]. We ran our experiments using c6620 nodes in
CloudLab [28]. Each ADDA execution sampled 10 reads from
the annealer and selected the solution with the lowest energy
value. We denote ADDA with simulated annealing as ‘ADDA-
SA’, and ADDA with the path integral Monte Carlo sampler as
‘ADDA-PIMC’. Because DiversityClusterDB does not support
DDT problems with an update workload, we excluded it from
our experiments on the TPC-C benchmark. Additionally, while
other work has included comparisons to DIVGDESIGN and
RITA [6], [11], it is not appropriate to make such a comparison
when discussing an algorithm that solves maximum cost
DDT. As discussed in Section II-A, DIVGDESIGN and RITA
attempt to solve DDT on a total cost basis, which leads to
a fundamentally different optimisation objective. Accordingly,
any comparison of query execution times while the replicas
process in parallel would be misleading. Finally, we limit
the recommendation time of the DDT algorithms to 100,000
seconds (about 28 hours), which limited our analysis of DINA
and qDINA past 7 replicas. In these cases, the recommendation
time tradeoff is already unacceptably large, so any theoretical
performance gain would be outweighed.

B. Scalability and Solution Quality

We first evaluate how DDT algorithms scale as the number
of replicas increases. Existing approaches exhibit a trade-off
between recommendation time and divergent design quality.
DINA and gDINA require several hours to compute a rec-
ommendation, whereas DiversityClusterDB provides recom-
mendations quickly but yields similarly poor execution perfor-
mance. In contrast, ADDA achieves both fast recommendation
times and high-quality divergent designs. Across all tested
configurations, ADDA completes in minutes while more than
halving workload execution time on average compared to the
competing approaches.

On the TPC-H benchmark, the ADDA variants consistently
achieve the lowest query execution times (Figure 2) while
keeping recommendation time below 300 seconds (Figure 1).
This recommendation time is 2-3 orders of magnitude faster



- .- DINA --@- gDINA - - DiversityClusterDB
2 —— ADDA-PIMC - m- ADDA-SA
g X T T T T T T
= 4,000 |- & 3 |
= > -
£ 3,000} w~ {/ \‘f -0 P =
3 A - A A AT A A A A
2 2,000 |- < .
d — — - _
goLooop P 7 T T P e c—
5 4 5 6 7 8 9 10 11 12 13 14 15

Replicas

Fig. 2: TPC-H query workload execution time (1,100 queries),
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Fig. 3: TPC-C recommendation time (124 queries), by number
of replicas (log scale).

than DINA or gDINA. On 7 replicas, ADDA-PIMC takes
194 seconds to produce a divergent design, where qDINA
requires 45 hours. The difference in query execution time
is substantial, achieving an execution time improvement of
at least 31% (on 4 replicas) to as much as 61%, more
than doubling the query throughput. While DiversityClusterDB
produces faster recommendations, taking 17-22 seconds to
run, the quality of its divergent designs is erratic, and con-
sistently worse than those produced by either ADDA variant.
While the improvement over competing state-of-the-art DDT
algorithms is substantial, the difference between variants is not
substantial. ADDA-PIMC reduces query execution time by a
modest 4.54% on average over ADDA-SA, but this benefit is
variable across the number of replicas, with no clear winner
emerging. Additionally, the runtime of ADDA-SA does not
appreciably increase with problem size, an advantage of its
simplicity over the quantum-inspired heuristic in PIMC. Taken
together, these results suggest that the more complex PIMC
sampler may be able to better navigate the optimisation and
produce slightly better results, but this comes at the expense
of additional recommendation time.

On the TPC-C benchmark, the difference in query execution
times is smaller in absolute terms (Figure 4), as the simplicity
of the queries allows them to execute quickly. In relative terms,
however, the difference remains substantial. On average, the
ADDA variants yield a 67% reduction in query execution
time over DINA and a 74% reduction over qDINA. The
recommendation time difference is similar to the TPC-H case,
with DINA and gDINA requiring 5-24 hours to execute while
ADDA-SA produces a recommendation in about 7 seconds,
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Fig. 4: TPC-C query workload execution time (124 queries),
by number of replicas.

increasing to about 10 for PIMC (Figure 3). It is noteworthy
that in this case, JDINA consistently fails to produce any
meaningful divergent design recommendation, converging to a
degenerate policy that repeatedly adds and removes the same
index. This demonstrates that reinforcement-learning-based
approaches struggle to explore the search space effectively as
problem complexity increases. ADDA, on the other hand, is
still able to recommend good divergent designs as the search
space grows, regardless of the annealing method used.

The results suggest that ADDA achieves superior query exe-
cution performance because it jointly optimises index selection
and query routing. In the QUBO formulation, routing variables
and index-selection variables are optimised simultaneously,
enabling both solvers to capture the interaction between index
placement and routing decisions. Existing approaches such as
DINA, gDINA, and DiversityClusterDB instead determine in-
dex configurations independently of routing and assign queries
only after indexes have been selected. This decoupled optimi-
sation limits their ability to exploit index—routing interactions,
resulting in less effective divergent designs.

C. Failure-aware routing

We next evaluate the benefit of failure-aware routing specif-
ically. DINA, qDINA, and DiversityClusterDB have no mech-
anism for rerouting queries away from a failed replica, so
for these baselines we reroute affected queries to healthy
replicas at random. Figure 5 shows query execution time with
seven replicas in the cluster as the probability o of a single-
replica failure increases. Averaged across the tested range
of «, the ADDA variants reduce query workload execution
time by an average of 29% over DiversityClusterDB, 32%
over qDINA, and 49% over DINA. Similarly to the TPC-
H results, the variants differ only slightly in performance,
with PIMC improving over SA on query execution time by
7.67% while increasing recommendation times from 2.5 to
4 seconds. However, ADDA-SA degrades more gracefully
than ADDA-PIMC as « approaches 1, suggesting ADDA-SA
has an advantage over PIMC as the optimisation landscape
becomes more highly constrained.

These results align with the scaling analysis discussed in
the previous subsection. As ADDA’s QUBO formulation can
jointly consider index selection, routing decisions, and fallback
rerouting decisions, it can recommend divergent designs that
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when one replica out of seven fails with probability .

are robust to replica failure more effectively than relying on
random rerouting and disjoint routing heuristics.

VII. CONCLUSION & FUTURE WORK

We studied the problem of reducing the maximum pro-
cessing time across replicas in a database cluster with mul-
tiple read-only secondaries. We formalised this problem as
divergent design tuning on a maximum cost basis and proved
that it is NP-hard. We presented ADDA, an annealing-based
divergent design advisor, which jointly optimises the index
configuration and query routing function to provide a good
divergent design. We showed our process for reducing DDT
to a binary integer program, then a quadratic unconstrained
binary optimisation problem that can be solved via annealing.

Our experiments show that ADDA achieves both fast rec-
ommendation times and high-quality divergent designs across
multiple workloads using either annealing sampler, generating
recommendations in minutes rather than hours while more
than halving query execution times. We also compared the
performance of ADDA against competing algorithms under
increasing probability that a single-replica failure scenario oc-
curs, demonstrating ADDA’s optimised rerouting tables main-
tain a good distribution of queries across multiple replicas,
substantially improving query execution times. These results
show the advantage of ADDA’s QUBO formulation, allowing
for the joint optimisation of index placement and query routing
decisions that decoupled heuristics struggle to navigate.

Future work includes extending ADDA to solve total-cost
divergent design tuning. Another direction is extending the
optimisation framework to include additional physical design
choices such as materialised views or partitioning.
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