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Banks are required to set aside funds in their income statement, known as a loan-loss provision (LLP),
to account for potential loan defaults and expenses. By treating the LLP as a global constraint, we propose
a hybrid quantum-classical algorithm to solve a specific case of quadratic constrained binary optimization
(QCBO) models for loan-collection optimization. The objective is to find a set of optimal loan-collection
actions that maximizes the expected net profit presented to the bank as well as the financial welfare in
the financial network of loanees, while keeping the LLP at its minimum. Our algorithm consists of three
parts: a classical divide-and-conquer algorithm to enable a large-scale optimization, a quantum alternating
operator ansatz (QAOA) algorithm to maximize the objective function, and a classical sampling algorithm
to handle the LLP. We apply the algorithm to a real-world data set with 600 loanees and five possible
collection actions. The QAOA is performed using up to 35 qubits on a classical computer. We show that
incorporating the QAOA can enhance the expected net profit by approximately 70% in comparison to
scenarios where the QAOA is absent from the hybrid algorithm. Although this improvement does not
constitute definitive evidence of quantum advantage, our work illustrates the use of near-term quantum
devices to tackle real-world optimization problems.
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I. INTRODUCTION

Financial institutions often rely on the ability to solve
computationally intensive problems. Quantum computing
holds the promise of highly efficient algorithms that can
provide speedup over some best-known classical algo-
rithms [1–3]. Applications of quantum computing on
finance have been recently explored both theoretically
and experimentally on small quantum devices. Examples
include portfolio optimization [4–7], option pricing [8–
10], risk analysis [11], and credit valuation adjustment
[12]. More comprehensive overviews of the emerging field
of quantum computing in finance can be found in Refs.
[1,3,13].

*jirawat@qtft.org
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‡Corresponding author. thiparat.c@chula.ac.th

In this work, we introduce an alternative use case of
quantum computing in finance, namely loan-collection
optimization. The goal is to find a set of optimal actions to
be taken on the loanees in order to maximize the expected
net profit presented to the lender. Examples of these actions
include doing nothing, creating a promise-to-pay agree-
ment, debt restructuring and offering various forms of
discounted payoffs (DPOs) [14]. DPOs typically occur in
distressed loan scenarios, where loanees are experienc-
ing financial or operational distress, default, or are under
bankruptcy. Usually, DPOs are a last resort for lenders
because they often involve taking a loss as the loan is
repaid for less than the outstanding balance.

Loan-collection actions are normally chosen based on
the history of an individual loanee and the experience
of the collector. However, the network-induced “domino”
effects of such actions, where financial distress can poten-
tially cascade through interconnected financial network of
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loanees, are usually ignored due to the complexity of the
underlying financial system [15]. For example, offering a
DPO to one loanee usually signifies the cash-flow problem
of such loanee, which could cause disruptions in the supply
chain [16]. Such scenarios would negatively impact cash
flow of related parties. Some of which may also be the
customer of the lender. Therefore, it is useful to account
for financial association among the loanees when deter-
mining the optimal collection actions. The lender should
aim to maximize the expected net profit while minimizing
the potential cascade of financial distress on the financial
network of the loanees.

Another aspect of loan collection is loan-loss provision
(LLP) [17]. LLP is regulated by the government to ensure
the financial health of the bank. The idea is to set aside
funds as an expense in the financial statement to account
for potential loan defaults and expenses that occur as a
result of lending. The amount of LLPs depends on various
factors such as types of loanees (individuals, small busi-
nesses, large corporations), types of loans, late payments,
collection expenses, as well as the collection actions that
will be taken. LLPs typically constitute a significant por-
tion of the financial statement. For example, in the first half
of 2020, seventy banks worldwide report under expected
credit loss accounting provisions totaling in $161 billion
[18]. Therefore, it is crucial to choose optimal collection
actions that keep LLPs at a minimum to promote financial
liquidity.

Here, we model the above problem including the finan-
cial network and LLPs as quadratic constrained binary
optimization (QCBO) problems with both global and local
constraints. We solve this class of problems by devising
a hybrid quantum-classical algorithm, which consists of
three parts: a classical divide-and-conquer algorithm to
enable a large-scale optimization, a quantum alternating
operator ansatz (QAOA) algorithm to maximize the objec-
tive function, and a classical sampling algorithm to handle
the LLP. By benchmarking with a real-world data set, we
show that the presence of the QAOA can improve the
expected net profit by approximately 70%, compared to
when the QAOA is absent from the hybrid algorithm. This
increase is not a proof of a quantum advantage in gen-
eral, but rather an evidence of a promising use case for
QAOA that calls for further investigation. Our work can
be implemented on near-term quantum devices. For exam-
ple, the XY terms in the mixing Hamiltonian naturally arise
in superconducting-qubit systems via capacitive coupling
[19]. In addition, the association matrix, which appears in
the coupling terms in the encoding Hamiltonian is usually
sparse due to the nature of the real-world problem.

II. PROBLEM FORMULATION

Loan collection is a management problem that involves
identifying which collection actions to be taken to which

loanees at what time. Due to the complexity of the process,
it is a common practice to follow a rule-based guideline
for collection activities. However, the actions and time can
also be personalized, as is the recent approach to loan col-
lection [20,21], in order to respond to the loanee’s unique
financial history. Moreover, as discussed earlier, one col-
lection action taken to a loanee can affect the financial
welfare of other loanees in the financial network, which,
in turn, affects the expected net profit of the lender.

To capture both the personalized loan-collection
approach and the effect of loanee’s financial network, we
propose a heuristic QCBO model that captures the impact
of loan-collection actions at a given time for a given loan
product. The objective (yield) function is defined as

Y = (1 − ε)

N∑

i=1

M∑

j =1

hi,j xi,j + ε

N∑

〈i,i′〉
Ai,i′(1 − xi,1)(1 − xi′,1),

(1)

where N is the number of loanees and M is the number of
possible actions. Here, {xi,j } are binary decision variables:
xi,j = 1 if action j is taken to loanee i and xi,j = 0 oth-
erwise. By convention, we set j = 1 to denote the DPO
action. The coefficient hi,j ∈ R is an expected net profit
that the bank would get if action j is taken to loanee i. (The
coefficient can also be seen as a way of ranking the bank’s
preferred action towards a loanee and can be personalized
to the loanee’s loan payment history. One approach for
the personalized calculation of hi,j is to model the loan-
collection problem as a Markov decision process (MDP)
[20].) (Ai,i′) ∈ R

N×N is an association matrix, defined as
the averaged transaction between loanees i and i′.

According to the form of Y, association or “cash flow”
between loanees i and i′ vanishes if one of them is offered
a DPO, i.e., xi,1 = 1 or xi′,1 = 1. The hyperparameter ε ∈
[0, 1) tunes the competition between the expected return to
the bank [first term in Eq. (1) without 1 − ε] and the finan-
cial welfare, i.e., the average financial transaction within
the network excluding the bank [second term in Eq. (1)
without ε]. Increasing ε will cause the optimal solution to
contain a lesser number of DPO actions being taken, which
increases the overall financial welfare of the loanees.

We now introduce local constraints that force only one
action to be taken to each loanee as

M∑

j =1

xi,j = 1, ∀i ∈ {1, . . . , N }. (2)

LLP is treated as a global constraint as

N∑

i=1

M∑

j =1

li,j xi,j ≤ L, (3)
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where L ∈ R
+ is the upper bound for the total provision

and li,j ∈ R
+ is the provision for taking action j to loanee

i. Determining the values of li,j depends on probability of
default estimates and expected loss. Exact details are bank
specific and depends on government regulation, such as the
Third Basel Accord, an international, voluntary regulatory
framework for banks developed by the Basel Committee
on Banking Supervision [17].

Although L can be considered a fixed value and a hard
constraint, in practice when we are predicting the net
income of a known collection of loans, we might allow
some leniency in terms of L in favor of a solution that
yields high net income. In this scenario, we treat Eq. (3) as
a soft constraint with a secondary objective of minimizing
the total provision during optimization.

III. HYBRID QUANTUM-CLASSICAL
ALGORITHM

In this section, we present our algorithms, as depicted
in Fig. 1, to find a set of optimal actions {xi,j } that max-
imizes Y subjected to the constraints in Eqs. (2) and (3).
The idea is to use a classical divide-and-conquer algorithm
[22] to arrange the loanees into small groups based on
the association matrix. Loanees from the same group will
have a higher association compared to those outside the
group. Next, we find the optimal collection actions for
each group using the QAOA algorithm [23], without con-
sidering LLPs. Actions from different groups are then
combined to reconstruct the optimal actions for the original
problem. The latter process is referred to as state recon-
struction. Lastly, we apply a classical sampling method,
which we call greedy provision reduction (GPR) to adjust
some actions to minimize LLPs while keeping the nega-
tive impacts of those adjustments on Y at a minimum. We
lay out the details of each step below. The pseudocode is
provided in Appendix B.

Division algorithm. To divide the loanees into groups,
we rely on the use of two standard community detection
algorithms, namely the Clauset-Newman-Moore greedy
modularity maximization [24] to extract the communities
and the Louvain method [25] for further readjustment of
communities’ membership. After the first iteration, each
loanee will be assigned to exactly one group. For exam-
ple, in Fig. 1, we suppose that the Clauset-Newman-Moore
algorithm outputs groups S1 and S2, among others. Group
S1 contains loanees i = 1, 2, 3, 4, 5. Group S2 contains loa-
nee i = 8, 10, 11. Notice that the two groups have no
common nodes. (We note that, in general, the combination
of both community detection algorithms will iterate until
modularity maximization is convergence, which can result
in multiple group partition, as opposed to the example
schematic in Fig. 1.) As each group will first be opti-
mized separately, the sparse connection between S1 and S2
through loanees i = 7, 9 will be ignored. To mitigate this

algorithmic artefact in this divide-and-conquer approach,
we introduce “edge nodes,” which are outsider loanees that
have an association with S1 and S2. As shown in Fig. 1,
the groups S1, S2 have edge nodes i = 6, 7, 9 and i = 7, 9,
respectively. By adding the edge nodes into each group, the
alternative groups now have loanees i = 7, 9 in common.
The latter will play a crucial role during state reconstruc-
tion. The Louvian method and the edge node introduction
are then applied recursively to S1 and S2 until the size of
each group is no greater than some fixed threshold ν ∈ Z

+.
The latter ensures that the size of each group will be small
enough to be run on near-term quantum devices.

QAOA algorithm. To apply the QAOA, we represent a
set of actions applied to the loanees as a basis state of a
quantum system consisting of up to ν × M qubits. Action
j is taken to loanee i (xi,j = 1) if qubit (i, j ) is in the excited
state |1〉; otherwise, the qubit is in the ground state |0〉. The
QAOA is executed by running the following evolution:

|ψT(θ)〉 =
T∏

t=1

e−iĤAγt e−iĤBβt |ψ0〉, (4)

where T is the number of driving cycles, γt,βt ∈ R are
variational parameters and θ = {γ1,β1, . . . , γT,βT}. The
Hamiltonian ĤA involves interactions among qubits with
j = 1 as labeled by solid gray lines in Fig. 2. It is defined
as

ĤA = −(1 − ε)

N ′∑

i=1

M∑

j =1

hi,j n̂i,j

− ε

N ′∑

〈i,i′〉
Ai,i′(1 − n̂i,1)(1 − n̂i′,1). (5)

Here, N ′ ≤ ν is the number of loanees in the group and n̂i,j
is the number operator acting on qubit (i, j ), which has an
eigenvalue 1 if such a qubit is in the excited state |1〉 and
0 otherwise (one can think of this operator as acting on a
Fock’s space). The mixing Hamiltonian ĤB involves ring-
type interactions among qubits with the same i as labeled
by red dotted lines in Fig. 2. It is defined as

ĤB = −J
2

N ′∑

i=1

⎡

⎣
M∑

j =1

(
X̂i,j X̂i,j +1 + Ŷi,j +1Ŷi,j

)
⎤

⎦ , (6)

where X̂i,j and Ŷi,j are Pauli’s operators acting on qubit
(i, j ) and J = 1 is the coupling strength. The periodic
boundary condition is applied.

The initial state |ψ0〉 is prepared as a product state such
that action j = 1 is taken to every loanee, i.e., xi,j = δj ,1

where δj ,1 is the Kronecker δ. Note that since both ĤA and
ĤB preserve the number of qubit excitations per loanee,
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FIG. 1. Schematic of the hybrid quantum-classical algorithm. Firstly, the financial transaction network as indicated by Ai,i′ is divided
into small groups using the greedy modularity algorithm and the Louvian method. The edge nodes, labeled in red, are introduced to
each group to accommodate common loanees among the two groups. The optimal set of collection actions for each group is obtained
via the QAOA. Solutions from different groups are then combined to reconstruct the optimal actions for the original problem. The
latter is fed to the GPR algorithm to minimize LLP. The classical optimization scheme that we use to compare with this hybrid scheme
follows the same workflow with the QAOA component removed. See the main text for more details.

it follows that all basis states involved in |ψT(θ)〉 always
satisfies the constraints in Eq. (2).

Following the standard QAOA procedure, we then read-
out the observable 〈ĤA〉θ . The procedure is repeated with
another value of θ as suggested by a classical opti-
mizer until 〈ĤA〉θ is minimized with θ = θopt. The opti-
mal quantum state |ψT(θopt)〉 now concentrates around bit
strings with high objective function values. The probabil-
ity of sampling a bit string x = [

x1,1, x1,2, . . . , xN ,M
]

from
|ψ(θopt)〉 is given by p(x) = |〈x|ψT(θopt)〉|2, where |x〉 is a
basis state representing a set of actions x.

Reconstruction algorithm. To combine optimal actions
from two groups, for example, S1 and S2, we simply
sample bit strings from p(x) of each group. If the bit

FIG. 2. Qubit representation of loanees. (Left) A group of loa-
nees and their interactions as indicated by Ai,i′ . (Right) The qubit
topology to run the QAOA to find optimal collection actions
for this set of loanees. Each loanee is represented by M qubits
(M = 3 in this figure). The interactions among qubits as labeled
by solid gray lines and dashed red lines are captured by ĤA and
ĤB, respectively.

strings from S1 and S2 have the same values at the com-
mon edge nodes, we append the two bit strings. For
example, as depicted in Fig. 1, S1 has optimal actions
j = 2, 4, 3, 1, 5, 1, 1, 2 for loanees i = 1, 2, 3, 4, 5, 6, 7, 9,
respectively, and S2 has optimal actions j = 1, 3, 2, 3, 4
for loanees i = 7, 8, 9, 10, 11, respectively. Since the com-
mon loanees i = 7, 9 have the same actions j = 1, 2 in
both S1 and S2. The optimal actions for the combined
group S1 ∪ S2 is j = 2, 4, 3, 1, 5, 1, 1, 3, 2, 3, 4 for loanees
i = 1, 2, . . . , 11, respectively. If the actions to the common
loanees from the two groups are incompatible, then the bit
strings are resampled from p(x) until the compatible one is
found. This procedure is repeated for every group until the
(locally) optimal actions x∗ for the original problem with
N loanees is obtained.

Greedy provision reduction (GPR) algorithm. Lastly,
we apply a classical sampling algorithm to handle the LLP
constraint in Eq. (3) by minimizing the total provision. The
idea is to quantify the impact of changing action j of loa-
nee i to j ′ using a finesse score fi,j →j ′ ∈ R, which is defined
by the ratio between the loss in yield Y and the reduc-
tion in provision. For a given set of actions {i, j }, there are
N × M values of fi,j →j ′’s, each of which is evaluated as
the algorithm explores actions available to loanee i. From
this evaluation, we then choose the action that results in
the highest fi,j →j ′ (greedy) and update x∗ accordingly.

To define fi,j →j ′ , we first define a reward ai,j →j ′ as
a reduction in the total provision and a penalty bi,j →j ′
as a reduction in Y, when changing action j of loanee
i to action j ′. By definition, the finesse score increases
when switching actions result in a higher reward and
a lower penalty. Specifically, if the total provision does
not increase (ai,j →j ′ >= 0) and Y does not decrease
(bi,j →j ′ <= 0), we choose the action with the highest
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(a) (c)

(b)

FIG. 3. Statistics of model parameters obtained from Kasiko-
rnbank’s data set. (a) Box plot of hi,j and Ai,i′ showing their
distributions and quantiles. (b) Box plot of li,j in a log scale. (c)
The histogram of the node degrees in Ai,i′ .

reward, i.e., fi,j →j ′ = ai,j →j ′ . If both the provision and Y
decreases (ai,j →j ′ > 0 and bi,j →j ′ > 0), we set fi,j →j ′ =
−bi,j →j ′/ai,j →j ′ . Finally, if the total provision increases
(ai,j →j ′ < 0) or the total provision stays constant (ai,j →j ′ =
0) but Y decreases (bi,j →j ′ > 0), we set fi,j →j ′ = −∞ indi-
cating that this action will not be chosen. The update
procedure is carried out iteratively, one action adjustment
at a time, until the total provision is no greater than L
as indicated in Eq. (3). In the case ε = 0, there exists a
theoretical bound to ensure that the optimal Y obtained
from this procedure will not be less than half of the global
optimal value [26].

IV. RESULTS AND DISCUSSIONS

A. Data set

We use the data set of a personal loan product provided
by Kasikornbank. The data set consists of 600 loanees and

five possible actions per loanee. Although we are made
aware of which action is the DPO, due to data confi-
dentiality we are not made aware of what the other four
actions are. This does not, however, affect the model. hi,j
is estimated from Q learning using the historical data of
the loanees [27]. li,j is related to historical data on repay-
ments and default, loan-collection expenses, credit losses,
economic conditions, interest rate, and tax policy [17].
Specific details of the derivations are omitted here due to
data privacy. Ai,i′ is estimated from transactions between
two loanees that happen internally within Kasikornbank.
Note that the actual transactions Ãi,i′ between the two loa-
nees could be higher than this value, i.e., Ãi,i′ = αi,i′Ai,i′
with αi,i′ ≥ 1. However, it is not possible for a bank to
collect every transaction from a customer. Therefore, we
assume that αi,i′ does not depend on i and i′, so that it can
be absorbed into the redefinition of ε. The interpretation of
ε in practice will be discussed later in the text.

The distributions of hi,j , li,j , and Ai,i′ are depicted in
Fig. 3. The units are made arbitrary for privacy concerns.
The value of hi,j and Ai,i′ range from 0 to 0.7, while the
value of li,j ranges from approximately 10−5 to approx-
imately 1. The financial network, as indicated by Ai,i′ ,
is sparse with node degrees ranging from 0 to 7. We
also benchmark our analysis with a simulated data set in
Appendix A to ensure the generality of our results.

B. Numerical results

As we focus mainly on demonstrating the improvement
on the yield Y and the provision as a proof of principle,
we simulate the exact Hamiltonian evolution on a classical
HPC cluster. The largest quantum system simulated con-
sists of 35 qubits. To analyze the behavior of the QAOA,
we compare our hybrid algorithm with a purely classi-
cal algorithm. The latter is achieved by directly feeding
a random set of actions to the GPR algorithm. Typically,

(a) (c) (d)

(b)

FIG. 4. Performance of the hybrid algorithm. (a),(b) shows Y and the total provision during the GPR algorithms with ε = 0.5 as a
function of the number of steps k in GPR, respectively. The solid green lines are when the solutions reconstructed from the QAOA are
used as an input and the dashed gray lines are when random solutions are used as an input. (c),(d) shows Y and the total provision as a
function of ε, respectively. The square green dots are from the hybrid algorithm and the circle gray dots are from the same optimization
workflow but with the QAOA excluded. (ν = 7, T = 2).
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FIG. 5. Total net profit presented to the bank as a function of
the number of DPO actions being taken. The square green dots
are from the hybrid algorithm and the circle gray dots are from
the standalone classical GPR where QAOA is removed from the
optimization workflow. Note that our hybrid quantum-classical
algorithm always yields a better total net profit presented to the
bank compared to the standalone classical GPR algorithm (ν =
7, T = 2).

multiple random initialization of a greedy optimizer is used
to find a feasible solution for a nonconvex optimization
problem by selecting the best outcome. Here, we look
into the average yields and provisions from the solutions
obtained from both algorithms to compare the effectiveness
of the algorithms as a whole.

In Fig. 4(a), with ε = 0.5 where the optimization objec-
tive values the expected return to the bank and the financial
welfare among loanees equally, we see that the set of
actions reconstructed from the QAOA starts with Y ∼ 120
and then increases to ∼ 140 during the GPR algorithm. On
the other hand, a random set of actions start with Y ∼ 10
and then increases to approximately 100, lower than the
one with the QAOA. Figure 4(b) shows that, in both cases,
the provision reduces from approximately 5.4 to approxi-
mately 4.4, resulting in 18.5% reduction. We find that for
other values of ε, Y always monotonically increases, and
the provision always monotonically decreases during the

GPR algorithm. Hence, there is no need to introduce L
to truncate the process. The minimum LLP is treated as
a suggested LLP rather than a hard constraint.

Figure 4(c) shows Y after the GPR algorithm as a func-
tion of ε. We can see that the hybrid algorithm provides a
higher Y compared to the standalone GPR algorithm for all
values of ε. Figure 4(d) shows the provision after the GPR
algorithm as a function of ε. At ε � 0.1, the standalone
GPR gives around 17% lower provision compared to the
hybrid algorithm. This number is reduced to approximately
4.3% as ε goes towards unity. This result is expected as the
QAOA attempts to increase Y alone without considering
the LLPs. Nevertheless, the provision obtained from the
hybrid algorithm is kept at approximately 4.6 for all values
of ε. This value is 57.4% lower than the highest possible
provision.

Finally, we note that ε may be hard to interpret in prac-
tice because it is normalized by the unknown variable αi,i′
as discussed above. To circumvent this, in Fig. 5, we plot
the total net profit presented to the bank as a function of
the optimal number of DPO actions Nf , i.e., the number
of loanees with action j = 1. The latter is, in turn, varied
by ε. Figure 5 provides an intuitive interpretation of the
optimization results. The collector can choose the num-
ber of DPO actions based on their experience, then read
out the estimated net profit that will be made. We find
that, for the same Nf , the hybrid algorithm always gives
a higher expected return. Specifically, for Nf ∼ 30–100,
the expected profit from the hybrid algorithm is approxi-
mately 70% higher than the standalone GPR. In addition,
with the hybrid algorithm, we find that the expected return
shows a plateau at Nf ∼ 20–100. This implies that the col-
lector may choose to apply, say, 30 DPOs to get the profit
of approximately 175, instead of 120 DPOs (300% more)
to get a profit of approximately 200 (only 14.3% more).

V. CONCLUSIONS

We devise a hybrid quantum-classical algorithm to solve
loan-collection problems with LLPs by formulating them
as QCBO models. Our approach allows the lender to max-
imize the expected net return while accounting for LLPs

FIG. 6. Statistics of model parameters in the simulated data set. (Left) Box plot of li,j in a log scale. (Right) Box plot of hi,j and Ai,i′
showing their distributions and quantiles.
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(a) (b) (c)

FIG. 7. Performance of the hybrid algorithm on the simulated data set. (a),(b) shows the total provision and the yield function Y as a
function of ε, respectively. The square green dots are from the hybrid algorithm and the circle gray dots are from the standalone GPR.
(c) Total net profit presented to the bank as a function of the number of DPO actions being taken. The square green dots are from the
hybrid algorithm and the circle gray dots are from the standalone classical GPR. (ν = 7, T = 2.)

and the financial well being of the loanees, as measured
by the association matrix. Compared to a purely classi-
cal approach, our hybrid algorithm provides a higher net
profit, regardless of the amount of the network effect as
measured by ε. The algorithm also suggests the collector

with the lowest number of DPO actions that still gives a
relatively high expected return. Our work is not a proof
of quantum advantage. Rather it demonstrates a practi-
cal use case for quantum technology that warrants future
study.

Algorithm 1. Recursive division
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Algorithm 2. QAOA with local constraints
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request to corresponding authors.
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APPENDIX: BENCHMARKING WITH A
SIMULATED DATA SET

In this section, we apply the algorithms presented in the
main text to a simulated data set to show the generality of
our results. We use M = 5 and N = 600 as in the main

text. To investigate the performance of our algorithm on
other realistic financial networks, we model the intercon-
nectivity of assets based on the observation of Austrian
financial transaction network [28]. In particular, the undi-
rected interconnectivity from daily financial transactions
among Austrian assets is effectively captured by the Erdős-
Renyi ensemble with the mean degree 5.78, whereas the
weights are rather independent from the network topology.
Accordingly, we draw our simulated network interconnec-
tivity from the Erdős-Renyi ensemble with mean degree 4
and N = 600 nodes, with the association matrix element
(weight) Ai,i′ sampled independently from the uniform
distribution between [0, 1]. As Vi ≡ ∑

i′ Ai,i′ should effec-
tively represent the value of the asset i, we assume that
the maximum net return the bank can attain from a loan-
collection action of the asset i is the fraction f of Vi,
i.e., hmax

i ≡ maxj {hi,j } = fVi. Specifically, we set f = 0.2
in our simulated data set. To account for the heterogene-
ity of hi,j , we model the expected return attained by the
bank from each of the five collection actions to be hmax

i ×
(1, 0.8, 0.6, 0.4, 0.2) in the order that is randomly shuffled
for each loanee i. li,j ’s are computed from Kasikornbank’s
data set in a similar fashion to the main text, which are
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normalized to make the unit arbitrary for privacy con-
cern. The statistics of the simulated data set are shown
in Fig. 6.

In Fig. 7(c), we plot the total net profit present to the
bank as the number of DPO actions using optimum solu-
tions from the hybrid quantum-classical and the standalone
classical algorithm as in the main text. We find that the
hybrid algorithm gives a higher return compared to the
classical counterpart as expected. The total provision as
well as Y as a function of ε are shown in Figs. 7(a)
and 7(b), respectively. The yield function enjoys more
attractive optimization results from the hybrid algorithm.
Although the provision from the hybrid algorithm is larger
than that of the classical one (for the same reason explained
in the main text), it is kept at a maximum of approxi-
mately 2, which is 75% lower than the largest possible total
provision.

APPENDIX B . PSEUDOCODES FOR HYBRID
QUANTUM-CLASSICAL ALGORITHMS

In this section, we provide below pseudocodes for
four algorithms involved in the hybrid quantum-classical
algorithms. These are (i) recursive division in the divide-
and-conquer algorithm, (ii) QAOA with local constraints,
(iii) state reconstruction, which is the second part of the
divide-and-conquer algorithm, and (iv) greedy provision
reduction. See the main text for an overview discussion for
each algorithm.
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