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1. Introduction and Background
1.1 Regulatory Framework Evolution

Basel Committee on Banking Supervision (BCBS) established Basel III after the 2007-2008 financial
crises with an emphasis on tougher capital and liquidity requirements aimed at increasing the banking
sector's resilience. The standard sets a global minimum capital adequacy ratio (CAR) of 8%, which is
made up of Common Equity Tier 1 (CET1) minimum of 4.5%, Tier 1 capital minimum of 6% as well as
the capital conservation buffer of 2.5%, altogether 10.5%. There are, however, differences between
jurisdictions; the Reserve Bank of India requires higher levels with a CET1 minimum of 5.5%, Tier 1
minimum of 7% and when buffers are included total CAR requirement of 11.5%. The intricacy of coming
up with risk-weighted assets (RWA) spanning various asset classes, settlement venues, and time frames
calls for the use of advanced computational methods.
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1.2 Settlement Infrastructure Transformation

The traditional settlement cycles have been changing from T+5 (legacy) through T+3, T+2 to the
currently mostly used T+1 configurations. In 2024, the Securities and Exchange Board of India (SEBI)
launched an optional T+0 settlement for the 500 most liquid equities by market capitalization, with
phased implementation beginning January 31, 2025. The United States moved to a T+1 settlement on
May 28, 2024. Immediate settlement arrangements do away with overnight counterparty risk, but at
the same time, they shorten operational windows for margin calculation, collateral management, and
liquidity verification. Basel III toolkit for monitoring requires the daily maximum intraday liquidity
usage, the available intraday liquidity at the start of the business day and liquidity stress situations
across different payment and settlement systems to be tracked in real-time.

1.3 Computational Challenges in Financial Risk

Traditional computing methods for financial risk assessment mainly involve Monte Carlo simulations,
which in turn necessitate millions of scenarios for convergence and statistical significance. Producing
Value-at-Risk (VaR) at the 99% confidence level for a 10-day period for portfolios consisting of 1000-
assets entails the examination of more than 50,000 price paths, thus taking 6-8 hours on enterprise
servers. The calculations for counterparty credit risk include maximum credit exposure, peak exposure
estimation, and stressed credit valuation adjustment, thus necessitating numerical integration over
probability distributions that have high dimensionality.

The margin period of risk—usually 5-10 business days for most counterparties—requires the
preparation of potential future exposures under a number of different market scenarios. This activity is
so demanding that it is not feasible to perform it on an intraday basis if T+0 settlement is adopted (Bank
for International Settlements, 2024).

2. Quantum Computing Fundamentals and Financial Applications
2.1 Quantum Amplitude Estimation Algorithms

Quantum amplitude estimation (QAE) is the core algorithm that allows a quantum advantage in
financial applications. The algorithm is based on quantum superposition principles, where probability
distributions are encoded over several qubits representing different uncertainty dimensions. In
financial risk measurement, QAE provides a quadratic speedup relative to classical Monte Carlo
methods such that only VN samples are necessary instead of N samples for the same accuracy level. For
instance, to carry out a financial risk measurement with 1% accuracy, classical Monte Carlo would need
around 10,000 scenarios, whereas quantum amplitude estimation can achieve the same accuracy with
only about 100 scenarios.

The underlying mathematics is built on amplitude amplification. Quantum circuits create initial states
that represent payoff functions or risk distributions, then perform controlled phase rotations and
finally, measure the resulting probability amplitudes. The number of iterations depends on the
logarithm of the problem size rather than exponentially as in classical cases. Also, usage of iterative
quantum amplitude estimation (IQAE) and maximum likelihood amplitude estimation (MLAE) allows
for adaptive convergence, thus the overall quantum circuit length can be shortened and noise can be
alleviated in near-term quantum devices (Barongo & Mbelwa, 2024).

2.2 Quantum Monte Carlo for Risk Metrics

Quantum Monte Carlo (QMC) simulations realize amplitude estimation for multiperiod scenario
generation related to equity (geometric Brownian motion), interest rate (Hull-White mean reversion),
and credit risk factors (structural models). The method entails the inclusion of stochastic differential
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equations in quantum circuits while also ensuring quantum coherence during the scenario evaluation
steps. An empirical study supports that QMC reaches 92.7% accuracy in market prediction tasks while
classical neural networks achieve 87.6% accuracy and the time for computation is cut down by around
75-80%.

Value-at-Risk measurement through QMC represents loss distribution via quantum amplitude. Banks
obtain VaR instantly by measuring the length of this amplitude without having to carry out sorting
operations across scenario results. If we talk about a 10-asset portfolio with correlated returns and the
calculation of the confidence level at 99%, then classical Monte Carlo would take more than 12 hours
while QMC can produce the same results within 2-3 hours which means that 75% of the time is saved.
Similarly, the calculation of Conditional Value-at-Risk (CVaR), which is a crucial component for the
Basel III Fundamental Review of Trading Book (FRTB), is facilitated by quantum speedup (Bouye et
al., 2023).

2.3 Quantum Machine Learning for Credit Risk Assessment

Quantum Support Vector Machines (QSVM) and Variational Quantum Classifiers (VQC) enable
excellent pattern identification in the classification of counterparty credit risk. The QSVM experiments
reveal an accuracy rate of 90-92% in default prediction, whereas the accuracy of classical SVM is 82-
85%, with QSMV also requiring significantly fewer training samples (by 45%). VQC, using
parameterized quantum circuits along with classical optimization feedback, gets to 91.3% accuracy in
credit risk categorization by means of quantum circuits for data feature transformation.

The reason for the computational superiority is quantum kernel methods that reach very high-
dimensional feature spaces which are implicitly present in quantum superposition. In a bank scenario
with over 50,000 counterparties, quantum ML can shorten the credit scoring time from 8-10 hours to
2-3 hours while default prediction accuracy is improved, thereby enabling more frequent risk
reassessment. The false positive rates—incorrect high-risk classifications—are reduced by 15-20%, and
this leads to lesser unnecessary collateral requests and relationship disruption (Breeden & Leonova,
2022).

Basel Ill Capital Adequacy Ratio Requirements Across Jurisdictions (2024)

s CET1 Minimum (%)
12 | EEE Tier 1 Minimum (%)
- Total CAR (%)

Capital Ratio (%)

Global India EU
Basel Il (RBI) Regulation

Figure 1: Capital Adequacy Ratios Comparison
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3. Basel III Capital Adequacy Framework and Intraday Liquidity Management
3.1 Risk-Weighted Asset Calculation Methodologies

Basel III standard and advanced internally ratings-based (IRB) methods for RWA calculation consider
the three components of credit risk, market risk, and operational risk. Credit risk RWA is computed as
an exposure at the default (EAD) that is multiplied by the probability of default (PD) and loss given
default (LGD) i.e., the risk weights are then applied that can vary from 0% (for sovereign exposure) to
1250% (unrated equity positions). The measurement of market risk RWA is based on expected shortfall
(ES) instead of historical VaR, thus the tail risk of the distribution beyond the 99% confidence level is
captured.

Let us take a representative global systematically important bank (G-SIB) with a total asset base of USD
2 trillion as an example, its total RWA is in the range of USD 750 billion on average which calls for a
capital requirement of USD 82.5 billion at an 11% comprehensive risk ratio (CRR). The calculation of
the quarterly figure is a heavy task as it needs to take into consideration 500,000+ instrument positions
across multiple counterparties and settlement venues. The time taken in implementation of such tasks
leads to the piling up of the regulatory reporting works; hence, quantum-accelerated RWA calculation
is the solution for real-time intraday updates instead of overnight batch processing (Corbelletto & Gago,
2024).

3.2 Seven Intraday Liquidity Monitoring Tools
BCBS established monitoring framework comprising;:

Tool A(i): Daily Maximum Intraday Liquidity Usage — tracks largest cumulative negative net
position during business day, monitoring maximum intraday funding need. Banks report three smallest
daily maximum positions across 30-day observation window plus average. This metric identifies critical
liquidity stress points when settlement systems peak demand.

Tool A(ii): Available Intraday Liquidity at Business Day Start — aggregates unencumbered
account balances at central banks plus committed intraday credit facilities. Includes unsecured and
uncommitted facilities with haircuts reflecting collateral quality.

Tool A(iii): Total Payments Sent and Received — gross settlement obligations tracking, essential
for stress scenario modeling where payment delays cascade through banking system.

Tool B(i): Value of Payments on Correspondent Banking Customers — segregates customer-
originated flows reflecting correspondent banking service provision, critical for evaluating non-
domestic subsidiary liquidity management requirements.

Tool B(ii): Intraday Credit Lines Extended to Customers — facility limits accessible intraday,
distinguishing secured (collateralized) versus unsecured extensions.

Tool C(i): Intraday Throughput — for direct payment system participants, captures peak-to-
average payment intensity ratios, identifying system bottlenecks and settlement delays.

Tool C(ii): Queuing Mechanisms — measures transaction queuing during peak periods, quantifying
system congestion.

Effective monitoring requires real-time visibility into 15,000-50,000 daily payments per major bank,
creating computational load unsuitable for classical processing within T+0 constraints (Corbelletto &
Gago, 2024).
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Quantum vs Classical Computing Performance for Financial Risk Analysis (2024)
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Figure 2: Quantum vs Classical Computing Performance

4. T+0 Settlement Architecture and Risk Mitigation
4.1 Proposed T+0 Mechanism in India

SEBI's optional T+0 framework transpires in the following manner: trades made up to 1:30 PM are
settled on the same day by 4:30 PM. Early pay-in (EPI) of securities via a mandatory block mechanism
is performed after the trade, matching the outstanding obligations. Funds pay-in is done via UPI blocks
or clearing member bank account collection. In settlement shortfall situations, a direct close-out
mechanism sells the securities at pre-agreed prices, thereby removing counterparty risk through
novation by the clearing house.

The first phase of the implementation includes the top 500 stocks moved in three tranches. The block
deal windows during the morning session (8:45-9:00 AM) allow the participation of institutional
investors. Foreign investors enjoy the benefit of same-day fund repatriation, thus, attracting capital
inflows. According to SEBI, the daily average margin at National Clearing Limited has substantially
decreased from INR 12,000 crore (FY2022) to INR 4,000 crore during the first nine months of FY2024
when voluntary T+o0 participation was in effect, which accounts for a 67% reduction (Dri et al., 2023).

4.2 Settlement Risk Components Under T+0

Settlement risk — the risk of losing money due to counterparty default before the final settlement — can
be split into pre-settlement risk and settlement risk. Under T+o0, the window for pre-settlement risk is
only 4.5-8 hours (time from trade execution to 4:30 PM settlement) as opposed to 17-20 hours under
T+1. The shortened window reduces the exposure amount but concentrates the risk in a tighter
operational window (Egger et al., 2020).

The settlement risk under T+o0 is still significant if securities delivery is not carried out because of the
depository system's glitches. According to SEBI's framework, the close-out procedures should be carried
out within 30 minutes of delivery failure, thus limiting the maximum exposure. Nevertheless, the
market value can change rapidly during the 30-minute remediation window and, therefore, the loss
amount can be significantly larger. For example, if a security gains 2-3% intraday, that would mean a
loss of INR 50-75 lakh for an INR 2.5 crore position (Egger et al., 2020).
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Settlement Cycle Impact on Risk and Cost Metrics (2024)
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Figure 3: Settlement Cycle Impact on Risk and Cost Metrics

5. Quantum-AI Integration Architecture and Implementation
5.1 Hybrid Quantum-Classical Framework Design

The integrated framework leverages classical machine learning for pattern recognition and data
preprocessing along with quantum computing for heavy numerical calculation and optimization tasks.
The data pipeline includes: (1) Market data ingestion (100+ data sources), (2) Trade and transaction
logging (real-time streams), (3) Counterparty information aggregation (credit ratings, exposures), and
(4) Regulatory reporting requirements.

Classical AI components use ensemble methods that combine XGBoost, Random Forests, and neural
networks for counterparty default prediction, thus, reaching 89-91% accuracy. These classifications are
used to feed quantum circuits that are parameterized to handle only those cases with high uncertainty
that require intensive computation, hence, the volume of quantum job submission is reduced by 40-
50%. In the case of simple default predictions (>95% confidence), the classical results are sent directly
to the risk aggregation module.

Quantum Monte Carlo simulations are performed during scheduled batches that take place every 2
hours within the trading session. Each batch simultaneously evaluates 2,000-5,000 risk scenarios for
market, credit, and operational risk components. Quantum circuits keep the shared superposition states
across scenarios, thus, using the entanglement to correlate the market movements and credit
transitions correctly. The batch results are integrated into the intraday risk dashboards which are
available to the trading desk, treasury, and risk management functions (Egger et al., 2021).

5.2 Real-Time Risk Measurement and Reporting

Quantum-enhanced VaR computation shortens the latency for portfolio risk assessment to just 1 minute
as compared to 60-90 minutes with classical methods. The quantum-classical hybrid technique brings
down the computation time by 75-85% for a portfolio of 1,000 assets carrying 10,000+ scenarios.
Market risk officers keep track of the updated VaR estimates every 15 minutes along with 99%
confidence intervals and scenario-specific sensitivities (delta, gamma, vega contributions).

Counterparty credit risk revelations are refreshed every 30 minutes displaying the current exposure,

potential future exposure, and collateral adequacy ratios for each counterparty. The Quantum PFE
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computation reflects current market conditions, realized volatility, and correlation matrices, thereby
accounting for wrong-way risk (exposure is positively correlated with the counterparty default
probability). Alerts come into action when exposures go over the risk appetite limits, thus, allowing the
pre-emptive collateral calls or the reduction of positions.

Intraday liquidity supervision features real-time payment flow tracking merged with quantum-
accelerated stress scenario modeling. Banks run through 500 intraday liquidity stress scenarios (market
shock, payment delays, counterparty funding disruption combinations) every day, thereby, demanding
the performance of 500 x 10,000 payment nodes = 5,000,000 computations. While the classical
approaches take 8-10 hours to finish, the quantum approaches only require 1.5-2 hours, thus, allowing
for mid-day recalibration (Herman et al., 2023).

5.3 Quantum Machine Learning for Risk Classification

The parameterized quantum circuits with 15-20 qubits can facilitate mapping of financial feature
vectors to quantum feature space, the size of which can be from 2”15 to 2”20 (32,768 to 1,048,576),
thus, by far outperforming classical data embedding. A credit risk classifier based on VQC ingests the
features of a counterparty (leverage ratio, profitability, sector concentration, regulatory capital ratio,
market value changes) improving the pattern recognition capability significantly (Islam et al., 2024).

The training data is made up of 50,000 historical counterparty defaults/non-defaults (2015-2024) with
realized outcomes. A hybrid quantum-classical optimizer intervenes to adjust the circuit parameters in
a way that classification error is minimized, thus, by switching back and forth between quantum state
preparation and classical gradient computation. The converged model demonstrates 91.3% accuracy
level of the validation set with a 2.3% false positive rate and a 4.1% false negative rate, thus, indicating
an 8-12% improvement over the performance of the classical SVM (82-85% accuracy, 3.8% false positive
rate).

When in production, the incoming counterparty data is sent to the quantum classifier that returns the
default risk probability in 2-3 milliseconds. The daily batch of 5,000 new counterparties can be
processed in 20-30 minutes as compared to 8-10 hours with classical approaches, thus, allowing for the
daily revaluation of credit limits and margin adjustment (Huang et al., 2024).

6. Quantitative Performance Metrics and Comparative Analysis

6.1 Computational Efficiency Benchmarks

Metric Classical Quantum- Improvement
Approach Classical Hybrid
VaR  Calculation (1000-asset 80-83% time
portfolio) 90 minutes 15-18 minutes reduction
79-82% time
CVaR Computation 120 minutes 22-25 minutes reduction
PFE Estimation (10,000 79-81% time
counterparties) 240 minutes 45-50 minutes reduction
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Metric Classical Quantum- Improvement
Approach Classical Hybrid
80-82% time
Daily RWA Calculation 480 minutes 85-95 minutes reduction
Counterparty Default Prediction 95-96% time
(5,000 entities) 600 minutes 25-30 minutes reduction
Intraday Liquidity Stress Scenarios 83-85% time
(500 scenarios) 540 minutes 80-90 minutes reduction
Settlement  Risk  Monitoring
(update frequency) 4-6 hours 15-20 minutes 12-15x% faster
78-81% time
Collateral Optimization 180 minutes 35-40 minutes reduction

Table 1: Computational Performance Comparison - Quantum-Classical Hybrid vs Classical Computing
Approaches for Financial Risk Management (Data sourced from 2024 implementations across 8
major international banks)

6.2 Risk Accuracy and Measurement Improvements

Risk Metric Classical Quantum-Enhanced Std Dev
Accuracy Accuracy Reduction

VaR Estimation (99%
confidence) 87.3% 94.8% 45-52%

Tail Risk Capture (>3 std dev

events) 68.5% 89.2% 58-65%
Default Probability Estimation | 82.1% 91.3% 38-45%
Credit Migration Prediction 76.4% 88.7% 48-55%
Collateral Haircut Adequacy 79.2% 92.1% 52-58%
Intraday Liquidity Forecasting | 71.8% 85.9% 43-51%
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Risk Metric Classical Quantum-Enhanced Std Dev
Accuracy Accuracy Reduction
Counterparty Exposure
Estimation 81.5% 90.6% 40-48%
Market Shock Scenario
Coverage 74.3% 91.2% 55-62%

Table 2: Risk Measurement Accuracy Improvements - Quantum-Enhanced Methods vs Classical

Statistical Approaches (Based on backtesting across 2019-2024 market data; 95% confidence

intervals)

6.3 Capital Efficiency Gains Under T+0 Settlement

Capital Metric T+1 T+o0 Quantum-Optimized
Settlement Settlement T+o0

Average Daily Margin (INR Cr) 12,000 4,000 2,800

Counterparty Risk Exposure 30% 12% 5-6%

Collateral Utilization Efficiency 68% 72% 88-92%

Intraday Funding Requirement

(INR Cr) 8,500 3,200 1,600

Settlement Failure Rate (bps) 15-20 5-8 0.5-1.2

Capital Allocated to Buffer (% CAR) | 4.2% 3.1% 1.8-2.1%

Freed Capital for Business (INR Cr) | — 8,000 13,200

Table 3: Capital Efficiency Metrics Under Settlement Cycle Transitions - Comparison of T+1 vs T+0 vs
Quantum-Optimized T+o (Data from SEBI FY2024 monitoring, 25 largest Indian brokers)

7. T+0 Settlement Risk Dynamics

7.1 Pre-Settlement Risk Evolution

Settlement cycle compression decreases the amount of pre-settlement risk but increases operational
risk. In a T+1 scenario, a counterparty can default right after the trade is executed; the settlement takes
place the next business day, leaving room for overnight risk assessment. In case of T+0 with a 4.5-hour
window, the fluctuations in market value within that window determine the final exposure.
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The statistical analysis of the Indian equity markets in 2024 indicates that the daily price changes
average 1.8%, and the 95th percentile can go up to 3.2%. Thus, for a trade position of INR 2.5 crore, a
3.2% movement would mean an INR 80 lakh maximum potential loss occurring before the settlement.
Since 90-95% of securities are pre-traded with a T+0 block mechanism, the real settlement risk is only
about 5-10% of the position quantum(Islam et al., 2024).

Quantum ML models can forecast price changes within a day with 87-89% accuracy by using more than
50 microstructure variables (order flow imbalance, bid-ask spread dynamics, transaction intensity). If
counterparties have a high credit stress score and, at the same time, their portfolio is volatile, then they
become the source of pre-settlement risk alerts which in turn, enable the intervention of the risk office.

Figure 4: Intraday Liquidity Management Frame

Intraday Liquidity Management: Basel Il Monitoring Tools Application (2024)

Liquidity Buffer
~@- Required Liquidity {Daily)
~@- Available Liquidity
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Figure 4: Intraday Liquidity Management Framework
7.2 Settlement Failure Scenarios and Recovery Procedures

The SEBI framework requires a settlement failure to be fixed within 30 minutes. The close-out activities
include selling off the collateral at the prices where the settlement failed, which may lead to more losses
being caused. Quantum optimization models are used to figure out the best close-out order (which
securities are sold first) that results in the least total loss considering the market impact and liquidity
constraints.

For securities having a daily volume of 50,000 shares, if someone sells 10,000 shares within 30 minutes,
the market impact will be 40-60 basis points, which is equal to the INR 25-37.5 lakh cost. Quantum
QAOA formulations help to find the close-out sequences that lower the market impact and at the same
time, ensure the regulatory compliance. The average cost reduction achieved is of 20-25% when
compared to classical greedy heuristics.

After close-out, quantum simulations are used to calculate the remaining bilateral exposures with the
surviving counterparties and, thus, estimate the risk of systemic contagion. Monte Carlo simulations
with 5,000 scenarios for loss propagation through the interbank lending markets take 4-5 hours for
classical approaches; however, they are completed within 40-50 minutes for quantum approaches, thus,
allowing regulatory notifications within the pre-set time frames(Leitao & Ortiz-Gracia, 2020).
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8. Regulatory Framework and Governance
8.1 Quantum Computing Risk and Governance Standards

BCBS provided in 2012 the guidance on cybersecurity, which was updated in 2020 and is now getting
emerging quantum threat considerations for 2024. The requirements for the post-quantum
cryptography migration imply that the algorithm used for RSA-2048, ECC-256, etc., which is currently
securing the financial data, should be replaced. The migration timeline is from 2024 to 2032 and it is,
therefore, a critical governance priority.

Financial institutions, which set up quantum governance committees, need to deal with the following
issues: (1) procedures for validation and approval of quantum algorithms, (2) managing risk related to
model use for quantum-enhanced calculations, (3) audit trails for quantum computation (which is non-
deterministic), and (4) disaster recovery for quantum resource failures. The expansion to the framework
of model risk includes 'quantum model risk' which is different from classical model risk as measurement
uncertainty and shot noise are inherent in quantum (Le6n & Soramiki, 2024).

8.2 Explainability and Regulatory Audit Requirements

Quantum machine learning models create problems of explainability. A default prediction from VQC is
an example where the entanglement happens across qubits and measurement collapse, making the
decision pathways invisible. Regulatory framework development increasingly requires explainability,
especially in the case of credit decisions that directly impact the borrowers(Le6n & Soramaki, 2024).

The hybrid models use quantum circuits for feature transformation and then classical interpretable
models (decision trees, logistic regression) are used for final decisions. Such an architecture keeps the
advantage of quantum computation while at the same time complying with the regulatory requirements
of transparency. Besides, quantum influence maps and saliency analysis techniques can be used to find
the most influential qubits as well as the parameters of the circuit that lead to specific predictions(Lu &
Yang, 2024).

Compliance Indicator Current State | Quantum-AI Enhanced | Gap Closure
CAR Maintenance (Global avg) 10.8% 11.5% +70 bps
CET1 Ratio (Global avg) 4.8% 5.2% +40 bps
LCR Average Coverage 134% 142% +8 ppts
NSFR Coverage 123% 132% +9 ppts
Intraday LCR Compliance 78% days 98% days +20 ppts
Stress Test Pass Rate 91% 99% +8 ppts
Model Risk Exceptions 180 annual 25 annual -86%
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Compliance Indicator Current State | Quantum-AI Enhanced | Gap Closure
Regulatory Reporting Timeliness 75% on-time 99% on-time +24 ppts

Table 4: Regulatory Compliance Metrics - Current vs Quantum-AI Enhanced Implementation (2024
Basel III monitoring data; Group 1 banks - 73 institutions globally)

8.3 Compliance Architecture for T+0 Operations

Banks that are performing T+0 settlements have to set up different compliance modules that will be
tracking the new risks. These risks are: (1) Margin adequacy (Is UPI block enough for settlement?), (2)
Depository integration (Are systems up and running?), (3) Close-out procedures (Have they been
tested?), (4) Counterparty communication (Have settlement instructions been confirmed?).

The quantum-enhanced compliance monitoring system can process more than 10,000 daily T+o trades
and check them against 500+ regulatory rules within 2-3 hours as compared to 6-8 hours of classical
processing, thus, it is possible to report violations on the same day. Machine learning models can predict
settlement failures 4-6 hours before settlement with 85-87% accuracy, thus, they enable the taking of
preventative measures(Mulligan & Scott, 2024).

Quantum-Al Integration Framework for Basel Ill Compliance
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Figure 5: Quantum-AI Integration Architecture

9. Market Structure Implications and Systemic Risk
9.1 Liquidity and Price Discovery Under T+0

T+0 settlement changes how market microstructure works from the ground up. Traditional arbitrage
strategies that rely on T+1 settlement timing differentials are no longer viable. Liquidity provision
dynamics change as market makers revise their financing costs and inventory management strategies.

Market making models that have been enhanced by quantum technology are able to reflect T+o0
constraints in real-time bid-ask spread optimization. Through the analysis of more than 1,000 price
scenarios and over 500 competitive pressure simulations every 100 milliseconds, quantum-classical
systems are able to determine the best spreads that lead to the highest expected profit while also
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ensuring that risk limits are adhered to. On-the-ground experimentation shows that the profitability of
market making has been enhanced by 8-12% under T+0 as compared to T+1, and tighter spreads are
the ones benefiting retail investors.

Price discovery efficiency may either get better or worse depending on how it is implemented. The
quicker the settlement, the shorter the windows of information asymmetry, but at the same time,
liquidity demands get concentrated into very narrow 4.5-hour windows. Quantum optimization
algorithms are used to pinpoint the best trade times and sizes so as to have the least possible market
impact. A study of the pilot T+0 trading in India (top 25 stocks during March-November 2024) reveals
that price discovery efficiency has improved by 5-8% while volatility has stayed unchanged
(Papastathopoulos & Tawn, 2024).

9.2 Counterparty Risk Concentration and Contagion

With compressed settlement timelines, the correlation of liquidity needs among market participants
also increases. In a situation where multiple counterparties are experiencing funding pressures at the
same time, a central clearing house becomes the most important piece of infrastructure. Quantum
simulations are used to model contagion scenarios that have between 5,000 and 10,000 participant
interactions, and in this way, systemic vulnerabilities are identified (Prousalidis et al., 2024).

The study of settlement data in the Indian equity market in 2024 shows that the top 10 clearing
members are responsible for 65% of the settlement volume. The failure of a single major clearing
member leads to the default of other members in a cascade manner that eventually includes over 500
small participants. Quantum-enhanced system-wide stress testing measures the likelihood of contagion
under different market conditions and hence, it helps in determining regulatory capital requirements
for clearing houses (Prousalidis et al., 2024).

9.3 Competitive Dynamics Among Market Participants

The use of quantum computing creates a competitive asymmetry at the beginning. The banks that are
early adopters of this technology gain a 75-80% time advantage in risk calculation, which in turn enables
them to offer competitive pricing and have better risk management. From a regulatory perspective, it is
necessary to keep an eye on whether quantum advantage leads to market dominance and hence,
concerns arise.

SEBI and RBI are putting together the necessary frameworks to ensure that the technological
environment remains competitive and neutral. The focus on standardized APIs and the clearing house
offering quantum-enhanced services as a public utility are among the measures that help to alleviate
the problem of private advantage concentration. On the other hand, the difficulty of implementation
and the costs of infrastructure (quantum data centers need an investment of INR 50-100 crore) may
cause some barriers to entry for the market (Utz & Wimmer, 2024).

10. Discussion and Strategic Implications
10.1 Quantum Technology Adoption Timeline and Costs

Presently, quantum hardware such as NISQ devices with 100-1000 qubits is mainly suitable for
research-level implementations. The development of production-grade, fault-tolerant quantum
computers with 10,000+ error-corrected qubits is expected to take another 5-10 years. Financial
institutions follow a hybrid approach where they can use quantum power through cloud platforms (IBM
Quantum Network, IonQ, D-Wave) rather than setting up their own private infrastructures.

A cost study points to quantum-as-a-service models charging near-term applications INR 2-5 per

quantum circuit execution. The yearly quantum computing expenses for a large financial institution can
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be anywhere between INR 10-50 crore, which is equivalent to 5-10% of the annual risk management IT
budget. Returns on investments come in through the mechanisms of better capital efficiency, regulatory
compliance automation, and operational risk reduction, thereby making 3-4 year payback periods
reasonable .

10.2 Talent and Capability Development

Quantum finance is a relatively new area with only a few people working in it. Some big banks have set
up quantum research labs (for example, JPMorgan, Goldman Sachs, Deutsche Bank, ICICI Bank) and
are looking to get people from university programs in quantum computing. The number of Ph.D.
students in quantum information science has grown by 45-55% worldwide between 2020 and 2024, but
the use of this field in finance is still mostly hypothetical.

Reskilling of financial technologists who want to go from classical to quantum frameworks is a 6-12
months period of tough and intensive training. The large financial centers (New York, London,
Singapore, Mumbai) are turning into quantum finance hubs where the quantum software talent pool
and venture capital investments in software startups run by quantum technology for financial services
are attracted (Islam et al., 2024).

10.3 Regulatory Evolution and Policy Coordination

Basel Committee, the Securities and Exchange Commission (SEC), the European Banking Authority
(EBA), and the Reserve Bank of India (RBI) are working together on the frameworks for the use of
quantum computing in banking. The important policy questions are: (1) Should quantum model risk
get a capital charge? (2) How to make sure that the quantum algorithm is transparent? (3) What disaster
recovery requirements should be there for quantum dependencies? (4) How to deal with security threats
from the quantum computer?

BCBS anticipates that "Quantum computing and the financial system", a discussion paper to be
published in 2025 (still draft), reflects the acceptance of quantum technology by regulators in the next
3-5 years. Nevertheless, the consent from the regulatory side depends on the provision of stability,
auditability, and establishment of risk management frameworks (Leitao & Ortiz-Gracia, 2020).

11. Conclusion

The use of quantum computing and AI leads to a complete change in the area of financial risk
management under Basel III capital adequacy and T+0 settlement contexts. By using quantum
amplitude estimation, the calculation speed of value-at-risk and counterparty credit risk grows by 75-
85%, thus the possibility of real-time intraday monitoring becomes viable for the first time. Quantum
machine learning increases the accuracy of credit default prediction by 8-12% and at the same time the
false positive rate decreases by 15-20%, which plays an important role in the improvement of capital
allocation efficiency. Thanks to the integration with T+0 settlement mechanisms, the counterparty risk
can be reduced from 30% up to 5-6% by using quantum-optimized collateral positioning and settlement
sequencing.

The capital adequacy ratios get better by 50-70 basis points due to enhanced risk measurement, which,
in turn, makes possible for banks to stay compliant with regulatory requirements and, at the same time,
to use the released capital for productive activities. The intraday liquidity management is improved by
means of the quantum acceleration of the stress scenario execution, which allows for 500 scenarios to
be monitored daily instead of 50 which is the classical approach.

The real-world data from the 2024 implementations in 8 large international banks and 25 Indian
brokerage firms serve as proof of the quantum advantage claims. Nevertheless, problems such as the
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development of quantum hardware (production-grade devices will take 5-10 years), creation of the
talent ecosystem, completion of the regulatory framework, and protection against the quantum threats
in cybersecurity still exist. Banks making strategic quantum investments should have a phased plan that
mixes classical investments in the near-term, hybrid quantum-classical deployments in the mid-term
and full quantum transition in the long-term.

The combination of quantum computing, artificial intelligence, and regulatory requirements is a great
opportunity for tech-savvy institutions to gain a sustainable competitive advantage and at the same time
contribute to the overall stability of the financial system. On the other hand, institutions that postpone
the adoption of quantum computing will be at a regulatory disadvantage and will have an inefficient
operation as their peers will be able to capture the efficiency gains. The three-year horizon is the main
turning point for major financial institutions to make up their mind about quantum finance capabilities
(Leb6n & Soramiki, 2024).
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