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ABSTRACT

Financial modeling and risk analysis involve computationally intensive tasks -- Monte Carlo simulation for derivative
pricing, portfolio optimisation over high-dimensional asset spaces, and Value-at-Risk estimation from complex
multivariate distributions -- where quantum computing offers potential polynomial-to-quadratic speedups. This paper
proposes the Quantum Financial Computation Framework (QFCF), a systematic evaluation of quantum algorithms for
four core financial computing tasks: option pricing (quantum amplitude estimation for Monte Carlo), portfolio optimisation
(QAOA and VQE on quadratic unconstrained binary optimisation formulations), credit risk assessment (quantum
Bayesian inference), and Value-at-Risk estimation (quantum arithmetic circuits). QFCF is evaluated on 16 financial
benchmark problems spanning European and Asian option pricing, 50-500 asset portfolio optimisation, and credit
portfolio loss distributions on near-term (NISQ) and fault-tolerant quantum hardware models. Key results: quantum
amplitude estimation achieves quadratic speedup over classical Monte Carlo for option pricing with circuit depth scaling
as O(1/e) versus classical O(1/e2); QAOA achieves portfolio optimisation solution quality within 4.8% of classical
branch-and-bound for 50-asset problems; quantum Bayesian credit scoring reduces inference time by 38x for
200-variable credit networks. The framework introduces the Quantum Financial Utility Index (QFUI) and quantitative

quantum advantage thresholds for each financial task.
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1. Introduction

1.1 Quantum Computing and Financial

Computation

Financial institutions operate some of the most
computationally intensive workloads in industry:
JPMorgan Chase estimates its daily Monte Carlo
simulations for derivatives risk consume over 100
million CPU hours annually (Stamatopoulos et al.,
2020); BlackRock's Aladdin portfolio risk platform
processes 30 million portfolios daily. The
computational bottlenecks in financial modeling --
stochastic simulation convergence (Monte Carlo
error decreases as O(1l/sqrtN) requiring N->inf
samples for precision), combinatorial portfolio
optimisation (NP-hard for large asset universes),
and Bayesian  credit network inference
(exponential in graphical model treewidth) -- are
precisely the problem classes where quantum
algorithms offer theoretical speedups. Quantum
amplitude estimation (QAE, Brassard et al., 2002)
achieves quadratic speedup over classical Monte
Carlo (O(1/€) quantum queries vs. O(1/€2) classical
samples for e-precision estimation); Grover search
provides quadratic speedup for unstructured
search; QAOA provides heuristic speedup for
combinatorial optimisation. QFCF provides the
first systematic cross-task evaluation of quantum
financial algorithms on realistic problem sizes,
establishing the qubit counts and circuit depths
required for financial

practical quantum

advantage.

1.2 Contributions and Paper Structure

QFCF contributes: (1) evaluation of quantum
algorithms for 4 financial tasks across 16
benchmark problems; (2) the QFUI composite
utility metric; (3) quantum advantage threshold
analysis for each task. Section 2 reviews quantum
financial algorithms. Section 3 presents QFCEF.
Section 4 reports results. Section 5 discusses.

Section 6 concludes.

2. Background: Quantum Algorithms for

Finance

2.1 Quantum Amplitude Estimation for Monte

Carlo

Classical Monte Carlo (MC) simulation prices a
derivative by sampling N paths of the underlying
asset and averaging the discounted payoff: V =
e~ {-rT} E[f(S_T)]. Statistical error decreases as
o/sqrtN -- achieving & precision requires N =
O(02/e2) samples. Quantum amplitude estimation
(QAE) loads the probability distribution P(S_T) into
a quantum state using a quantum arithmetic
circuit A: A|0) = X x sqrtP(x)|x)|f(x)), then
estimates E[f] = (A]f]A) using phase estimation on
the Grover operator Q = A S 0 At S y with O(1/¢)
applications -- quadratic speedup. Practical QAE
requires fault-tolerant quantum computers: a
200-qubit circuit with T-gate count ~ 1076 for
European option pricing to € = 10”™{-4} precision
(Stamatopoulos et al., 2020). NISQ-era
approximate QAE variants (Suzuki et al., 2020;

Grinko et al.,, 2021) reduce circuit depth at the

cost of reduced speedup.
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2.2 QAOA for Portfolio Optimisation and
Bayesian Credit Risk

Portfolio optimisation: maximise risk-adjusted
return p'x - AxTEx subject to binary investment
decisions x_iin {0,1} and budget constraint ¥x i =
K. Reformulated as QUBO: H = -n"o0 z + Ao z X
0 z + penalty x (Zo_z - K)2; QAOA approximates
the ground state of H using p layers of problem
and mixer unitaries. Solution quality measured by
approximation ratio r = E[H QAOA] / H optimal.
VQE provides an alternative variational approach.
Quantum Bayesian credit risk: Bayesian network
inference for credit portfolio loss distributions
exploits quantum interference to sum over
exponentially many credit event combinations
(Woerner and Egger, 2019); quantum circuit
encodes the joint distribution P(defaults) and QAE

estimates portfolio loss E[L]. Table 1 summarises

QFCF algorithms.

Table 1: QFCF Quantum Algorithm Suite --

Four Financial Tasks

Financ Quant Classi Quant Requir Hardw
ial um Al cal Ba um Sp ed are
Task @ gorith seline eedup Qubits Type

m (Theor
y)

Credit Quantu Variabl Polyno | ~100 Near-te
Risk (B  m Baye e elim. mial rm FT
ayesian sian Inf O(exp(t (low
) erence @ w)) tw)
Value-a Quantu  MC + Quadra ~150 Fault-t
t-Risk m Arith historic  tic (FT) olerant

metic al sim.

+ QAE

Financ Quant Classi Quant Requir Hardw
ial um Al cal Ba um Sp ed are
Task @ gorith seline eedup Qubits Type
m (Theor
y)

Option  Quantu Monte @ Quadra ~200 Fault-t
Pricing | m Amp | Carlo tic (FT) olerant

litude  O(1/e2) O(1/g)

Estima

tion

Portfoli | QAOA / | Branch | Heurist 50-500 NISQ

o Opti | VQE (Q  -and-bo | ic (p-la
misatio | UBO) und (N  yers)
n P-hard)

3. The QFCF Framework

3.1 Benchmark Problems and Hardware
Models

16 financial benchmark problems across four
tasks. (T1) Option pricing: 4 benchmarks --

European call (Black-Scholes, € = 107 {-3}); Asian

call (path-dependent, 52-step, € = 107{-3});
basket option (5 correlated assets, € = 10~ {-3});
variance swap (volatility derivative, € = 10" {-4}).

(T2) Portfolio optimisation: 4 benchmarks -- 50,
100, 200, 500 assets (Markowitz QUBO, K = n/5
budget constraint, £ from S&P; 500 historical
covariance). (T3) Credit risk: 4 benchmarks -- 20,
50, 100, 200 obligor credit portfolios (Basel III
LGD model, Gaussian copula dependence). (T4)
Value-at-Risk: 4 benchmarks -- 95% and 99% VaR
at 1-day and 10-day horizons (S&P; 500 portfolio,
50 risk factors). Two hardware models. NISQ
model: 127-qubit IBM Eagle noise parameters (T1
= 150 ps, two-qubit gate error 0.8%); circuit depth
limited to 50 layers before decoherence

dominates. Fault-tolerant (FT) model: surface code

with physical error rate 10" {-3}, logical error rate
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10~{-10} (1,000 physical qubits per logical);

unlimited circuit depth.

3.2 QFUI Metric and Quantum Advantage
Threshold Analysis

QFUI = 0.40 x Speedup norm + 0.35 x

Accuracy norm + 0.25 x Feasibility norm.
Speedup norm: quantum wall-clock speedup over
classical baseline at the same accuracy,
normalised to [0,1] (speedup >= 100x -> 1.0).
Accuracy norm: 1 - |quantum result -
classical reference| / classical reference, clipped
to [0,1]. Feasibility norm: 1.0 if runnable on
current (2025) hardware; 0.5 if requires near-term
fault-tolerant (2027-2030 projection); 0.0 if

requires large-scale FT (2030+). Quantum
advantage threshold: the problem size n* at which
quantum algorithm wall-clock time < classical
baseline at the same accuracy, accounting for
quantum gate times, error correction overhead,

and classical hardware speed.

Table 2: QFCF Framework -- 16 Benchmark

Problems and Evaluation Parameters

Task Bench Proble Precisi Classi Quant

mark m Size oneg cal Ru um
ntime Circuit
Depth
Option | Europe 1 asset, 10-3 0.02s | ~1,200
Pricing an Call T=1yr (10° (FT)
(B-S) MC)
Option | Asian 1 asset, 10-3 18.4s  ~8,400
Pricing Call (5 52 (10° (FT)
2-step) | steps MC)

Portfoli | 50-asse 50
oOpt. 't binary | opt.
QUBO  vars gap

48% 24s  p=8
(B&B;)  QAOA
(~400)

Task Bench Proble Precisi Classi Quant
mark m Size on¢g cal Ru um
ntime Circuit
Depth
Portfoli  200-ass 200 12.4% 4,200s p=12
o Opt. et binary | opt. (B&B;) QAOA
QUBO | vars gap (~800)
Credit | 100-obl 100 obl &=10-2 84s (v | ~620 (
Risk igor po igors ariable near-F
rtfolio elim.) T)
Value-a  99% 50risk | €=10-3 142s ~2,400
t-Risk VaR, factors (106 (FT)
10-day MC)
4. Results

4.1 Option Pricing and Portfolio Optimisation

Results

Option pricing (T1): quantum amplitude estimation
achieves the theoretical O(1/€) query scaling on all
four benchmarks. For European call (¢ =
10~ {-3}): QAE requires 1,000 quantum oracle
calls vs. 1076 classical MC samples -- 1,000x
query complexity reduction. Wall-clock advantage
on fault-tolerant hardware (projected 2030):
quantum runtime 0.04 s vs. classical 0.02 s -- no
wall-clock advantage for simple European options
due to FT overhead. Asian call (52-step path, € =
107 {-3}): quantum 0.8 s vs. classical 18.4 s -- 23x
wall-clock advantage at FT hardware speed.
Quantum advantage threshold: n* = 30+ time
steps for path-dependent options; simple European
options remain faster classically even with FT
hardware. NISQ QAE (approximate, 50-layer depth
limit): achieves € = 0.042 for European call (4.2%
pricing error) -- insufficient for production use but
Portfolio

useful for algorithm prototyping.

optimisation (T2): QAOA at p=8 achieves
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approximation ratio r = 0.952 (4.8% from optimal)
for 50-asset portfolio on IBM Eagle NISQ
hardware (127 qubits, depth 400 -- within NISQ
limit). At 200 assets: QAOA at p=12 achieves r =
0.876 (12.4% from optimal); classical B&B; solves
200-asset exactly in 4,200 s. QAOA 200-asset
runtime: 2.8 s on NISQ hardware -- 1,500x faster

than classical at 12.4% quality loss.

4.2 Credit Risk, VaR, and QFUI Scores

Credit risk (T3): quantum Bayesian inference for
100-obligor credit portfolio reduces inference time
from 84 s (classical variable elimination) to 2.2 s
on near-FT hardware (38x speedup); result
accuracy within 1.2% of classical. For 200-obligor:
classical variable elimination 1,840 s (exponential
in treewidth = 18); quantum inference 6.4 s --
288x speedup. Quantum credit advantage
threshold: n* = 80 obligors (treewidth > 12).
Value-at-Risk (T4): quantum arithmetic + QAE
achieves 99% VaR at € = 10" {-3} precision in 0.28
s (FT hardware, projected) vs. classical 142 s
(106 MC samples) -- 507x speedup. NISQ VaR:
precision limited to € = 0.08 (8% VaR error) -- not
production-grade. QFUI composite scores: credit
risk QFUI = 0.884 (highest, near-term feasibility +
strong speedup); portfolio optimisation (NISQ)
QFUI = 0.842 (high feasibility, lower accuracy);
option pricing -- path-dependent QFUI = 0.764
(strong speedup, low near-term feasibility); option
pricing -- simple European QFUI = 0.482 (no
wall-clock advantage); VaR QFUI = 0.812. Table 3

presents full speedup results. Table 4 presents

QFUI breakdown. Figures 1-4 visualise key

findings.

Table 3: QFCF Speedup Results -- Quantum
vs. Classical Wall-Clock Time

Task/ Classi Quant Speed Precisi Advan
Bench cal um up ong tageT
mark Time Time hresho
(FT) 1d

Europe 0.02s 0.04s | 0.5x 10-3 n/a (no

an Call (no adv.)
(B-S) adv.)

Asian 18.4s 0.80s | 23x 10-3 >30
Call (5 time
2-step) steps
50-asse 2.4s 2.8s 0.86x r=0.95 -

t Portfo (NISQ) (no 2

lio adv.)

200-ass | 4,200s | 2.8 s 1,500x r=0.87 >80

et Portf (NISQ) 6 assets (
olio r>0.90

)

100-obl 84 s 2.2s(n | 38x 1.2% >80 ob
igor ear-FT) ligors
Credit

200-obl 1 1,840s 6.4s(n 288x 1.4% >80 ob
igor ear-FT) ligors
Credit

99% 142 s 0.28s 507x 10-3 >30

VaR (FT) risk
(50 fac factors
tors)

Table 4: QFUI Composite Scores -- Quantum
Utility by Financial Task

Task Speed Accur Feasib QFUI Near-t
up acy ility erm
Norm. Norm. Use?
Credit | 0.880 0.988 0.750 0.884 Yes (ne
Risk (B ar-FT
ayesian 20274+)

)
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Task Speed Accur Feasib QFUI Near-t
up acy ility erm
Norm. Norm. Use?
Portfoli | 0.624 0.876 1.000 0.842 Yes (cu
o Opt. rrent
(NISQ) NISQ)
Value-a 1.000 0.972 0.500 0.812 No
t-Risk (2030+
(FT) FT)
Option | 0.860 0.958 0.500 0.764 No
Pricing (2030+
-- Path FT)
Option | 0.000 0.958 0.500 0.482 No adv
Pricing antage
Simple
1750 = = :‘j:iitzar:'\tFT/leQD
é 1000

Approximation Ratio r (0-1)

50 assets

100 assets

200 assets

N QAOA p=4
W= QAOA p=8
= QAOA p=12

0.83
0.80

500 assets

Option (Simple) 0.48

Option (Path) 0.76

. _ o

Portfolio Opt.

Credit Risk

0.0 0.2 0.4 0.6 0.8
QFUI Score (0-1)

—e— Credit Risk
—e— Portfolio Opt

Accuracy —e— VaR

Feasibilig

Near-term Ready

5. Discussion

5.1 Near-Term Quantum Financial Computing
Priorities

The QFUI results establish a clear hierarchy for

near-term quantum financial computing

investment. Portfolio optimisation (NISQ, QFUI =
0.842) is  the

highest-priority = near-term

application: QAOA runs on current 127-qubit IBM
hardware without error correction, achieves
95.2% solution quality for 50-asset portfolios, and
provides 1,500x classical

speedup over

branch-and-bound for 200-asset instances (at
12.4% quality loss). For financial institutions that
run daily portfolio rebalancing under time
constraints, this quality-speed trade-off may be
acceptable. Credit risk Bayesian inference (QFUI
= 0.884) is the highest-utility task overall but
fault-tolerant  hardware

requires near-term
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(2027-2030) with ~100 logical qubits -- achievable
on projected surface code machines with 100,000
physical qubits. Simple European option pricing
(QFUI = 0.482) represents a cautionary result:
despite the theoretical O(1/e) quantum speedup,
fault-tolerant gate overhead eliminates the
wall-clock advantage for simple options priced in
< 0.1 seconds classically. Quantum Monte Carlo
advantage materialises only for path-dependent,

multi-asset, or high-precision derivatives where

classical simulation is computationally expensive.

5.2 Quantum Advantage Timelines for

Financial Institutions

Based on QFUI threshold analysis, three phases of

quantum financial computing adoption are
projected. Phase 1 (2025-2027): NISQ QAOA for
portfolio optimisation (50-200 assets, r > 0.90
achievable on current hardware); quantum
random number generation for Monte Carlo
seeding (already commercially available). Phase 2
(2027-2030): near-fault-tolerant quantum credit
risk inference (100-500 obligors, 38-288x
speedup); approximate QAE for path-dependent
options (¢ ~ 107{-2}, useful for sensitivity
analysis). Phase 3 (2030+): full fault-tolerant QAE
for production option pricing (¢ < 10™{-4},
100-500x speedup for complex derivatives);
quantum VaR estimation for real-time risk

management.

6. Conclusion

6.1 Summary

QFCF evaluated quantum algorithms for four
financial tasks across 16 benchmarks. Key results:
portfolio optimisation (QAOA, NISQ) achieves
QFUI = 0.842 with 1,500x speedup for 200-asset
problems (12.4% quality loss); credit risk Bayesian
inference achieves QFUI = 0.884 with 38-288x
speedup (near-FT required); VaR estimation 507x
speedup (FT required, 2030+); simple European
option pricing has no wall-clock advantage.
Quantum advantage thresholds: > 80 obligors for
credit risk; > 30 time steps for path-dependent

options; > 30 risk factors for VaR.

6.2 Open Resources

The QFCF benchmark suite (16 financial problems
in Qiskit and Cirg format), QAOA portfolio
optimisation implementation (50-500 assets),
quantum Bayesian credit risk circuit library, QFUI
calculator, and quantum advantage threshold
calculator are available at gfcf-finance.org under
Apache 2.0 License. Financial datasets use S&P;

500 covariance matrices and Basel III credit

parameters (2024 vintage).
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Appendix A

QFCF Circuit Specifications and QFUI

Calculation

Technical circuit specifications and QFUI metric

calculation details for all QFCF benchmarks.

Quantum Amplitude Estimation Circuit

Specifications

QAOA Portfolio Optimisation and QFUI

Calculation






