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Introduction: The Inflection Point in Banking
Technology

Indian banking stands at a technological watershed.
Generative Artificial Intelligence (Al) represents not
incremental automation but a capability inflection -
systems that create, analyze and synthesize content
at scales previously unattainable. Unlike rule-based
automation or traditional machine learning models
that classify and predict generative Al produces
novel outputs: customer communications, analytical
reports, code and insights from unstructured data.
For a sector processing 131 billion Unified Payments
Interface (UPI) transactions annually and serving 520
million State Bank of India (SBI) customers alone, this
capability shift translates to operational transformation.

The evidence base confirms momentum. EY’s 2025
survey of financial services executives reveals 74% of
firms have initiated proof-of-concept projects, with 11%
reaching production deployment. Investment follows
intent: 42% of organizations now allocate dedicated
generative Al budgets. Productivity projections are
substantive - 34-38% improvement across financial
services by 2030, rising to 46% specifically for
banking operations. These are not aspirational
targets but extrapolations from early deployment data
showing cost-per-transaction reductions to one-tenth
of manual processing baselines.

The Indian context introduces distinct considerations.
Linguistic diversity demands multilingual capabilities
across 22 scheduled languages. Infrastructure
heterogeneity spans from metropolitan fiber

networks to rural connectivity constraints. Regulatory
architecture reflects this complexity - Reserve Bank
of India guidelines on IT frameworks, outsourcing
and the nascent Digital Personal Data Protection Act
(DPDPA), 2023 create compliance layers limited in
Western deployments.

This study examines generative Al deployment
across Indian banking through dual lenses:
operational applications delivering measurable

value and ethical governance frameworks ensuring
sustainable implementation. The treatment balances
technical accessibility for non-specialist executives
with practical guidance for operational deployment.
It grounds discussion in documented Indian bank
implementations rather than speculative capability
projections, while addressing the governance
imperatives that determine long-term viability.

Understanding Generative Al: Technical
Foundations for Banking Professionals
Generative Al fundamentally differs from the

predictive models banks have deployed for decades.
Traditional credit scoring models classify applicants
as approve/reject based on historical patterns. Fraud
detection systems flag suspicious transactions by
comparing against known fraud signatures. These
are discriminative Al - they draw boundaries between
categories. Generative Al creates. It drafts emails,
summarizes loan applications, writes software
code, synthesizes regulatory compliance reports.
The distinction matters operationally because it
determines use cases.

*Senior Manager, Artificial Intelligence/Machine Learning (Al/ML) Computational Science, Accenture.
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The architectural foundation is the transformer model,
introduced in 2017 and now underlying systems
like ChatGPT. Think of transformers as pattern
recognition engines trained on massive text corpora
- billions of sentences showing how language works.
During training, the model learns relationships:
“credit” associates with “score,” “disbursal,”
“underwriting”, “customer” connects to “account,”
“query” and “satisfaction.” These associations
form a multidimensional map of language patterns.
When generating text, the model navigates this
map, selecting words based on learned probability
distributions. For banking applications, this means
a system trained on loan documentation can draft
approval letters that read naturally, incorporating
borrower details and regulatory language without
explicit programming.

Scale differentiates capability. Large language models
like those deployed by major Indian banks contain
hundreds of billions of parameters - the numerical
weights encoding learned patterns. Training requires
computational infrastructure measured in thousands
of specialized processors operating for weeks. The
resulting systems handle tasks across domains
without retraining: service, document
analysis, code generation and risk assessment.
This generality creates strategic value but also
implementation complexity. A generalized model
must be adapted - through fine-tuning or prompt
engineering - to bank-specific terminology, regulatory
requirements and internal policies.

customer

Indian banks face deployment choices. Cloud-based
models from global vendors (OpenAl, Anthropic,
Google) offer immediate capability but raise data
sovereignty concerns given Reserve Bank of
India (RBI) localization requirements. Developing
proprietary models provides control but demands
rare Al talent and substantial compute investment.
The emerging middle path: sector-specific models.
RBI's FREE-Al Committee recommendations explicitly
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call for indigenous financial sector language models
offered as public infrastructure. This addresses
both capability and compliance - models trained on
Indian banking terminology, regulatory frameworks,
multilingual requirements, while avoiding customer
data exposure to foreign platforms.

For banking practitioners, three technical concepts
require clarity. First, hallucination - the tendency
of generative models to produce plausible but
factually incorrect outputs. A chatbot might cite a
non-existent policy clause or misstate an interest
rate. This necessitates human oversight loops
for customer-facing deployments and regulatory
submissions. Second, context window - the amount
of text a model can process simultaneously, typically
measured in tokens (roughly 75% of a word). Current
models handle 100,000-200,000 tokens, equivalent
to a 200-page document. This determines which
banking processes can be automated end-to-end
versus requiring document chunking. Third, fine-
tuning versus retrieval-augmented generation.
Fine-tuning retrains a model on bank-specific data,
encoding institutional knowledge directly. Retrieval-
Augmented Generation (RAG) connects a model
to bank document databases, enabling real-time
information retrieval without retraining. Most Indian
implementations combine approaches - fine-tuned
base models augmented with RAG for current policy
documents.

The operational implication: generative Al is not a
drop-in replacement for existing systems. It requires
architectural integration, Application Programming
Interfaces (APIs) (connecting to core banking
platforms), data pipelines (feeding current information
to models), governance processes (validating outputs
before customer delivery) and monitoring infrastructure
(tracking model performance degradation over time).
Banks treating generative Al as software procurement
will underperform those approaching it as capability
transformation requiring organizational adaptation.
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Application Domains: Measured Value Across
Banking Functions

Customer-Facing Digital Channels

Conversational banking represents the most visible
generative Al deployment. ICICI Bank’s iPal chatbot
has handled over 6 million queries since launch,
achieving 90% accuracy rates while reducing call
center costs by 25%.!" The system fields account
inquiries, transaction history requests, product
information and complaint logging across web and
mobile channels. SBI's SBI Intelligent Assistant
(SIA) operates at infrastructure scale - engineered to
process 10,000 queries per second, approximately
25% of Google’s daily query volume!'l. These are not
experimental pilots but production systems handling
millions of daily interactions.

The value driver extends beyond cost displacement.
Traditional Interactive Voice Response (IVR) systems
route customers through menu trees; generative
chatbots understand natural language intent. A
customer typing “my card got declined at the
grocery store” receives contextualized assistance
without navigating nested menus. HDFC Bank’s
Electronic Virtual Assistant (EVA) processes 10
million monthly interactions, handling lost card
reports, billing disputes and loan inquiries in real-
time, often in regional languages. This multilingual
capability addresses India’s linguistic reality - banking
populations speaking Hindi, Tamil, Bengali, Telugu,
Marathi and 17 other scheduled languages. EVA’s
generative architecture enables language expansion
without rebuilding rule-based decision trees for each
language'®.

Personalization represents the next capability layer.
Basic chatbots answer Frequently Asked Questions
(FAQs); generative systems synthesize customer
transaction history, product holdings and life stage
indicators to provide contextual recommendations.

A customer querying education loans receives

responses incorporating their savings patterns,
existing relationships and eligibility for linked
products. SBI’'s YONO platform, serving 88 million
registered users, employs generative Al to analyze
transaction patterns and spending behavior, offering
tailored financial advicel®.. The 2024 enhancements
include hyper-personalized experiences driven by Al
analysis of individual financial journeys.

Customer onboarding demonstrates measurable
cycle time compression. Video Know Your Customer
(KYC) processes previously
verification of PAN cards, Aadhaar documents and
bank statements - a multi-day process involving
document review by operations teams. Generative Al
systems extract data from documents regardless of
format variations, match information across sources,
flag inconsistencies and generate compliance
reports. Axis Bank’s deployment across credit
card applications reduced processing time from
15 minutes of manual data entry to 2-3 minutes
for exception handling only, with bots performing
extraction, matching and validation autonomously.

required manual

The constraint layer merits acknowledgment. Chatbot
efficacy deteriorates for complex queries requiring
judgment - restructuring loan terms, resolving
disputed transactions and handling sensitive
complaints. These require human escalation and
poorly designed escalation paths frustrate customers.
Additionally, generative chatbots occasionally
produce hallucinated responses - citing non-existent
policies or providing incorrect interest rates. HDFC
Bank and ICICI Bank both employ multi-tiered
validation: initial generative response, fact-checking
against structured databases and confidence scoring
determining whether autonomous response or
human review is required.

Operational Efficiency and Process Automation

Document processing represents generative Al’s
highest-impact internal application. Banks process

"India Al. (n.d.). ICICI Bank leveraging Al to augment customer service and support. https://indiaai.gov.in/case-study/icici-bank-leveraging-ai-to-augment-customer-service-and-support
2 Institute for Financial Management and Research. (n.d.). Banks riding the digital wave. https://www.ifbi.com/node/1414
% Klover.ai. (2025, July 30). State Bank of India’s Al strategy: Analysis of dominance in banking Al. https://www.klover.ai/state-bank-of-india-ai-strategy-analysis-of-dominance-in-banking-ai/
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thousands of daily loan applications, each comprising
income proofs, property valuations, legal documents
and bank statements. Manual processing involves
reading documents, extracting key data points
(income figures, employment tenure, asset values),
entering information into loan origination systems
and validating against policy rules. Processing times
measured in days. Error rates of 5-10% from manual
data entry.

ICICI Bank deployed software robotics across 200+
business processes, leveraging generative Al for
document comprehension. The system reads loan
applications regardless of format - Portable Document
Formats (PDFs), scanned images, handwritten forms
- extracts relevant fields, populates core banking
systems and routes to underwriters with pre-filled
assessments. Response time to customers reduced
by 60%; accuracy increased to near 100%; employee
time reallocated from data entry to relationship
management and exception handling. The bank
committed to doubling deployments, targeting 500+
robotic processes by fiscal year-end!“.

Trade finance documentation presents similar
automation opportunities. Letters of credit, bills of
lading, commercial invoices, inspection certificates
- each containing structured and unstructured data
requiring validation against contract terms and
compliance requirements. Generative Al systems
trained on trade finance terminology extract clause-
level information, compare across documents, flag
discrepancies and generate compliance reports. This
reduces processing time compression from days to
hours and manual review effort by 70%.

Regulatory  reporting  automation  addresses
persistent compliance cost pressures. Indian banks
submit statutory returns to RBI - balance sheet data,
exposure reports, liquidity ratios - formatted per
eXtensible Business Reporting Language (XBRL)
standards. Preparation involves extracting data from

multiple internal systems, transforming to regulatory
schemas, validating accuracy and documenting
assumptions. Generative Al systems map internal
data structures to regulatory formats, perform
transformations, generate explanatory notes and
flag anomalies requiring review. Banks can deploy
Al to automate labour-intensive compliance tasks,
bringing higher degrees of accuracy and reducing
manual efforts significantly.

The strategic implications: process automation
through generative Al is not displacing roles but
restructuring work. Bank employees shift from
repetitive data handling to higher-value activities
relationship development, complex
exception management and process improvement.
Axis Bank’s experience illustrates this: automation
across 125+ processes enabled redeployment of
personnel to customer-facing functions, contributing
to improved satisfaction scores while reducing
operational costs®l.

- customer

Risk Management and Analytical Applications

Credit underwriting enhancement represents
generative Al’'s most consequential risk application.
Traditional models evaluate borrowers via structured
data - credit bureau scores, income statements and
asset holdings. This excludes populations lacking
formal credit history and constraining financial
inclusion. Generative Al systems ingest alternative
data sources: UPI payment patterns, utility bill
payment histories, mobile recharge regularity, digital
footprints indicating stability. The models synthesize
unstructured data (bank statement narratives,
employer descriptions from LinkedIn) with structured
inputs, generating creditworthiness assessments for
previously unbankable populations.

Axis Bank piloted this approach for rural microloans
in Uttar Pradesh during 2024. The Al system analyzed
UPI transactions, mobile payments and utility bill
histories for 50,000 applicants lacking traditional credit

4 Institute for Financial Management and Research. (n.d.). Banks riding the digital wave. https://www.ifbi.com/node/1414
% Emerj Artificial Intelligence Research. (n.d.). Al applications in the top 4 Indian banks. https://emerj.com/ai-sector-overviews/ai-applications-in-the-top-4-indian-banks/
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scores. Approval time compressed to 48 hours versus
weeks for manual assessment. Loan disbursements
increased 15%; default rates declined 20% relative
to traditional methods!®. The accuracy improvement
stems from richer information - payment regularity
and transaction patterns often predict repayment
behavior better than point-in-time credit scores.

Fraud detection has employed machine learning for
years, but generative Al adds explanatory capability.
Traditional models flag suspicious transactions;
generative systems explain why - synthesizing
transaction context, merchant patterns, customer
history into natural language narratives. This
accelerates investigator review and improves false
positive management. When a transaction is flagged,
the investigator receives not just an alert but a
generated summary: “This 345,000 transaction at an
electronics retailer in a different state deviates from the
established pattern and occurred hours after smaller
transactions in the customer’s home city.” Context
accelerates decisioning.

Anti-money laundering surveillance similar benefits.
Banks must file Suspicious Activity Reports (SARs)
when transaction patterns suggest potential money
laundering. Identifying patterns requires analyzing
transaction networks, entity relationships, geographic
flows and behavioral anomalies across millions of
daily transactions. Generative Al systems synthesize
these indicators, draft preliminary Suspicious
Activity Reports with supporting rationale and route
to Compliance Officers. One large private bank
reported 35% reduction in SAR preparation time while
improving narrative quality.

Market intelligence applications are emerging. Banks
monitor news flows, competitor activities, economic
indicators and regulatory changes to inform credit
decisions and strategic planning. Generative Al
systems ingest news articles, earnings transcripts,
social media sentiment and regulatory filings,

synthesizing sector-specific summaries. Arelationship
manager assessing a corporate loan receives
Al-generated briefings: recent media coverage,
competitor performance, industry headwinds
and regulatory developments. This democratizes
research capabilities - previously requiring dedicated
analyst support - across the relationship management
organization.

The limitation framework requires clarity. Generative
Al models exhibit bias when training data reflects
historical discrimination. Credit models trained on
lending patterns from decades past may encode bias
against certain geographies, castes or genders. This
demands rigorous bias testing, pre-deployment and
ongoing monitoring. Model explainability remains
challenging - regulators and customers expect
clear rationale for adverse decisions, but complex
generative models function as “black boxes.”
Banks must implement explainability frameworks:
documenting which factors influenced decisions,
maintaining human oversight for high-stakes
determinations, establishing appeal processes for
contested outcomes.

Back-Office Transformation

Human resources automation extends beyond
recruitment screening. Generative Al systems analyze
job descriptions and CVs at scale, but also generate
customized onboarding materials, draft performance
review summaries synthesizing year-round feedback
and create personalized training curricula based on
skill gap analysis. SBI's commitment to deploying Al
across employee-facing functions reflects recognition
that Human Resource (HR) efficiency directly enables
customer service capacity!.

Compliance monitoring represents  high-value
internal deployment. Banks must ensure employees
adhere to conduct policies, trading restrictions
and customer interaction standards. Generative Al
systems analyze email communications, recorded

6 State Bank of India. (2024). Annual report 2023-24 (p. 17).https://sbi.bank.in/documents/17836/39646794/Annual_Report_2024.pdf
" The Deep Trailblazer. (2025, March 24). Banking on intelligence: How Al agents are redefining India's financial frontier. Substack. https://thedeeptrailblazer.substack.com/p/banking-on-intelli-

gence-how-ai-agents.
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phone calls and chat transcripts, flagging potential
violations - aggressive sales tactics, inappropriate
customer interactions and policy breaches. One
mid-sized private bank reported 60% improvement
in compliance review efficiency, enabling broader
monitoring coverage without proportional headcount
increases.

Internal knowledge management tackles institutional
memory challenges. Banks accumulate decades of
policy documents, procedure manuals, regulatory
interpretations and product specifications. Finding
relevant information requires navigating document
repositories and querying colleagues. Generative Al-
powered systems function as institutional memory
engines. Employees pose natural language queries
- “What is our policy on restructuring commercial real
estate loans for MSME borrowers?” - and receive
synthesized answers drawn from policy documents,
historical communications and regulatory guidance,
with source citations enabling verification.

Code development acceleration applies particularly
to banks with large internal technology teams.
Generating APl integration code, writing test
cases, documenting systems, identifying security
vulnerabilities - tasks consuming developer time.
Generative Al coding assistants draft code from
natural language specifications, generate unit tests,
explain legacy code functionality and flag potential
bugs. Banks report 20-30% developer productivity
improvements, enabling faster feature delivery and
technical debt reduction.

Ethical Framework: Governance Architecture for
Sustainable Deployment

Regulatory Context and Emerging Guidelines

RBI's FREE-AlI Committee report, released in
August 2025, establishes foundational principles for
responsible Al adoption in Indian financial services.
The framework comprises seven “Sutras”: trust as

foundational, people-first orientation, innovation
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over restraint, fairness and equity, accountability,
understandability by design and safety with
resilience. These principles translate to 26 operational
recommendations across six pillars - infrastructure,
capability, policy, governance, protection and
assurance.

The infrastructure pillar mandates establishment of
Al sandboxes managed by Reserve Bank Innovation
Hub, providing shared computational resources and
quality datasets for experimentation. This addresses
resource constraints for smaller banks and Non-
Banking Financial Companies (NBFCs) lacking capital
for independent Al infrastructure. The capability pillar
requires training programs for board members,
senior management and staff, recognizing that Al
governance demands literacy across organizational
levels, not just technical teams.

Policy requirements include board-approved Al
strategies with defined risk appetites, regular reviews
adapting to technology evolution and permanent
RBI oversight mechanisms monitoring sector-wide
Al developments and risks. Governance provisions
integrate Al into existing risk management frameworks
- credit risk committees evaluate Al lending models,
operational risk teams assess automation system
failures and audit functions verify Al system controls.

The Digital Personal Data Protection Act, 2023, now
progressing toward full enforcement by 2027, imposes
consent, purpose limitation and data minimization
obligations directly relevant to Al deployments.
Banks must obtain explicit customer consent before
using personal data for Al model training. Purpose
limitation restricts using data collected for account
opening in unrelated Al applications without fresh
consent. Data minimization requires collecting only
necessary data for specified purposes - problematic
for generative Al systems often benefiting from large
and diverse datasets.

Data localization requirements persist. RBI guidelines
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mandate storing payment system data and certain
customer information within India. This constraints
using foreign cloud-based Al services involving data
transfer outside Indian borders. Banks must either
develop local Al infrastructure, use India-domiciled
cloud services or implement architectures where
sensitive data never leaves Indian systems while non-
sensitive data enables Al model interaction.

Fairness, Bias and Algorithmic Accountability

Constitutional principles underpin fairness
requirements. Article 14 guarantees equality before
law; banking sector mandates include priority sector
lending and financial inclusion targets. Al systems
making credit decisions, pricing loans or determining
service levels must not systematically disadvantage
protected groups - scheduled castes and tribes,
religious minorities, women, rural geographies and
economically disadvantaged populations.

Bias manifests through multiple pathways. Historical
lending data reflects past discrimination - denied
loans to certain communities or regions not because
of creditworthiness but due to prejudice. Training
Al models on this data encodes historical bias into
automated decisions. Amodel learning that certain pin
codes correlate with higher defaults may perpetuate
geographic discrimination rather than identifying true
risk factors. Feature selection introduces bias - using
proxies like name, address or phone number patterns
that correlate with protected characteristics.

Detection requires systematic testing pre-deployment.
Banks must analyze model predictions across
demographic segments, comparing approval rates,
pricing and service levels. Statistical parity testing
examines whether approval rates differ across groups
with similar objective qualifications. Individual fairness
testing verifies similar applicants receive similar
decisions regardless of protected characteristics.
Disparate impact analysis identifies if a facially neutral
model produces discriminatory outcomes.

12 October - December, 2025

Indian banks must implement dedicated Al model-risk
management units that conduct bias-audits before
production deployment, aligning with RBI's FREE-
Al framework recommendations for responsible
Al governance. Testing involves comparing model
decisions against protected attribute distributions
in the applicant pool, examining for statistically
significant disparities. When detected, models
undergo retraining with bias mitigation techniques
- reweighting training data to balance demographic
representation, removing correlated features serving
as proxies for protected attributes or imposing fairness
constraints requiring similar treatment across groups.

Ongoing monitoring complements pre-deployment
testing. Model performance drifts over time as input
distributions shift. A credit model calibrated on pre-
pandemic data may behave differently post-pandemic.
Banks must monitor predictions across demographic
segments continuously, investigating and remediating
emerging disparities. Banks must implement
quarterly model performance reviews disaggregated
by customer demographics, geographic regions
and product types, with remediation protocols when
disparities exceed thresholds.

teams
loan

Transparency extends beyond technical
to customer-facing explanations. When a
application is declined or receives unfavorable
pricing, customers deserve clear rationale. This poses
challenges for complex generative Al models where
decisions emerge from interactions among billions of
parameters. Banks implement layered explainability:
global explanations documenting generally influential
factors across all decisions, cohort explanations
describing drivers for customer segments and
individual explanations highlighting specific factors
affecting a particular decision.

Accountability structures map to existing three-lines-
of-defense frameworks. Business units deploying
Al own first-line risk management - validating
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model appropriateness, monitoring performance
and implementing controls. Independent model
risk management functions provide second-line
challenge - validating model development, testing
robustness and verifying bias testing. Internal audit
conducts third-line assurance - evaluating control
effectiveness, governance adherence and regulatory
compliance.

Board oversight elevates Al governance strategically.
RBI guidance recommends board-level Al committees
or expanded mandates for existing risk committees to
approve high-risk Al deployments, review significant
model failures, monitor aggregate risk exposure
from Al systems and ensure organizational capability
development.

Data Privacy, Security and Third-Party Risk

Customer data fuels Al model training, but DPDPA,
2023 constraints necessitate careful architecture.
Purpose limitation means data collected for account
opening cannot be repurposed for Al model training
without explicit consent. Banks must implement
consent management systems capturing customer
preferences: consent for transaction processing
(required for service delivery), consent for Al-driven
personalization (optional enhancement), consent
for model training (required if contributing data to
training datasets).

Training data governance addresses Personally
Identifiable Information (PIl) handling. PIl - names,
account numbers, Aadhaar details, phone
numbers - must be stripped from training datasets
or anonymized to prevent memorization and
potential reproduction by models. Even supposedly
anonymized data carries re-identification risks when
combined with external datasets. Banks implement
differential privacy techniques adding statistical noise
to training data, preserving utility for pattern learning
while preventing individual record reconstruction.

Inference privacy protects customer queries to Al
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systems. When a customer asks a chatbot about
loan restructuring options, that query reveals financial
stress. Query logs become sensitive data requiring
protection equivalent to transaction records. Banks
implement encryption for in-transit queries, limit
log retention to operational necessities and restrict
access to authorized personnel for debugging and
improvement purposes.

Third-party Al
additional risk

vendor management introduces
layers. Many Indian banks use
generative Al services from global technology
companies - Microsoft, Google, Amazon Web
Services (AWS) - raising data sovereignty and security
concerns. RBI guidelines on IT outsourcing specify
that outsourcing does not diminish regulated entity
accountability. Banks remain responsible for vendor
security practices, data handling, model behavior
and regulatory compliance.

Contractual frameworks must address data residency
(where data is stored and processed), data usage
restrictions (preventing vendor use of customer
data for training models serving other clients),
breach notification obligations (timeline and content
requirements when security incidents occur), audit
rights (bank ability to verify vendor security and
compliance) and exit provisions (ensuring data
deletion and transitional service continuity when
vendor relationships terminate).

The emerging practice involves hybrid architectures.
Sensitive customer data remains within bank
infrastructure; Al models operate in bank-controlled
environments - private clouds or on-premise
deployments. Only aggregated, anonymized insights
or non-sensitive operational data transit to vendor
platforms for model improvement or cloud services.
This balances capability access with regulatory
compliance and data sovereignty imperatives.

Cyber security considerations multiply with Al
deployment. Adversarial attacks - carefully crafted
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inputs designed to fool Al systems - pose fraud risks.
A subtly modified document might pass generative
Al validation while containing fraudulent information.
Model theft attempts seek to extract proprietary
models via systematic querying. Data poisoning
attacks introduce corrupted data into training
pipelines, degrading model performance or inserting
backdoors enabling future exploitation.

Defense requires layered controls. Input validation
checks submissions for manipulation indicators.
Anomaly detection monitors for systematic query
patterns suggesting extraction attempts. Model
watermarking enables detection of unauthorized
copies. Access controls limit who can query models
and what data they access. Incident response plans
address Al-specific scenarios - model compromise,
data poisoning detection and adversarial attack
identification.

Stakeholder Impact and Change Management

Customer perspective balances service enhancement
against privacy and depersonalization concerns.
Customers appreciate 24/7 chatbot availability and
faster loan approvals, but distrust fully automated
decisions affecting financial well-being. They fear
algorithmic errors with no human recourse, data
misuse for profiling beyond their understanding and
replacement of relationship banking with transactional
automation.

Banks must communicate transparently. When
deploying  Al-driven  underwriting,  customers
deserve clear explanations: what data is analyzed,
how decisions are made, what recourse exists for
disagreement. This maintains trust while capturing
efficiency benefits.

Digital literacy barriers affect adoption. Rural
customers and elderly populations may struggle
with Al-powered interfaces, lacking familiarity with
chatbot interactions or digital document submission.
Banks must maintain parallel service channels -

branch access, phone support, assisted digital
onboarding - ensuring Al deployment enhances
rather than excluding underserved populations.
SBI's multilingual chatbot development addresses
linguistic barriers; branch-assisted digital onboarding
addresses technology literacy gaps'®.

Employee perspective confronts automation anxiety.
Al and chatbot deployment directly impacts the
way operations and roles are performed, through
process automation, document processing etc. Job
security concerns are real and justified. Banks must
proactively address workforce implications through
transparent reskilling programs
and role transformation rather than displacement
strategies.

communication,

Reskilling initiatives for employees can transits them
from automated tasks to higher-value functions.
Operations staff engaged in processing of loan
documents retrain as handlers addressing complex
cases requiring judgment. Call center employees
managing routine queries can be transitioned to
handling escalated issues, customer education or
product sales. ICICI Bank’s automation across 200+
processes included structured transition programs -
identifying affected roles, mapping transferable skills,
providing training for new functions and supporting
internal mobility!®!.

Job creation accompanies automation. Al deployment
requires new roles: data scientists developing
models, Al operations engineers monitoring system
performance, Ethics Officers ensuring responsible
deployment, trainers developing employee capability
and explainability specialists interpreting model
decisions. Banks building strategic Al capability
invest in these new competencies, often providing
growth opportunities for existing employees willing to
upskill.

Shareholder
Investment

Return on
competitive

perspective evaluates
(ROI)  timelines and

8 State Bank of India. (2024). Annual report 2023-24 (p. 17). https://sbi.bank.in/documents/17836/39646794/Annual_Report_2024.pdf
° Kumar, V., et al. (2022). Application of artificial intelligence in banking: A study based on SBI-SIA virtual assistant. ResearchGate. https://www.researchgate.net/publication/362135550_APPLI-
CATION_OF_ARTIFICIAL_INTELLIGENCE_IN_BANKING_A_STUDY_BASED_ON_SBI-SIA_VIRTUAL_ASSISTANT
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positioning. Generative Al investment is substantial
- infrastructure, talent acquisition, third-party
services and organizational change management.
Shareholders demand clarity on value realization.
Early private sector bank deployments demonstrate
measurable returns: 25% call center cost reduction
at ICICI Bank, 60% customer response time
improvement across multiple implementations,
processing time compression from days to hours for
document-intensive processes 0111,

Competitive dynamics create investment pressure.
Banks, observing peers, deploy successful Al
applications. The strategic risk may emerged from
inaction. Customer expectations shift - populations
experiencing instant Al-driven service at one bank
demand equivalent capability from their primary
bankers. Technology-leading banks are establishing
positions difficult for laggards to match, given first-
mover advantages in data accumulation, talent
acquisition and organizational learning.

Implementation Roadmap: Structured Deployment
Approach

Step 1: Assessment and Prioritization

Current  state  evaluation  establishes the
deployment baseline. Banks must inventory their
existing technology infrastructure (core banking
platforms, data warehouses, cloud capabilities,
API architectures), assess data maturity (quality,
accessibility, governance) and evaluate talent
inventory (data scientists, Machine Learning (ML)
engineers, Al-literate business leaders, change

management capability).

Infrastructure assessment determines deployment
feasibility. Legacy core banking systems with limited
APl access constrain Al integration - model predictions
require injection into operational
system interfaces. Data fragmentation across siloed
systems prevents holistic customer views necessary
for personalized Al applications. Cloud maturity

workflows via

affects deployment speed - banks with established
cloud platforms integrate Al services faster than those
requiring infrastructure buildout.

Data maturity evaluation examines three dimensions:
Quality: completeness, accuracy and consistency
across systems.

Accessibility: can data be extracted, transformed and
loaded into Al pipelines efficiently?

Governance: are data lineage, ownership, usage
policies documented and enforced?

Banks with high-quality, accessible, well-governed
data progress faster from pilot to production. Those
with data quality issues must invest in remediation
before realizing Al value.

Talent assessment identifies capability gaps. Data
scientists develop and train models. ML engineers
operationalize models into production systems. Al
product managers translate business requirements
into Al solution specifications. Domain experts
(credit officers, compliance specialists and product
managers) collaborate with technical teams ensuring
models align with business logic and regulatory
requirements. Banks lacking these capabilities must
recruit from external or develop internally - both
requiring time and investment.

Use case prioritization balances business value
against implementation complexity. High-value
and low-complexity applications deliver quick wins
building organizational confidence and funding
further deployment. Customer service chatbots for
Frequently Asked Question (FAQ) handling represent
this quadrant - measurable call center cost reduction,
manageable technical complexity, limited regulatory
risk. High-value and high-complex applications like Al-
driven credit underwriting for alternative data warrant
investment despite challenges, given strategic
importance to financial inclusion and competitive
positioning.

10 Institute for Financial Management and Research. (n.d.). Banks riding the digital wave. https://www.ifbi.com/node/1414
" Lakshaya Patwa. (2025). Exploring the impact of Al-powered chatbots on customer experience in Indian Banking, https://ojs.svako.lt/VNTSV/article/download/376/288/1262
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The prioritization matrix considers regulatory risk
explicitly. Applications involving customer-facing
decisions, personal data processing or regulatory
reporting undergo enhanced scrutiny. Lower-risk
internal applications - HR screening, code generation
assistance, internal knowledge management - enable
faster deployment and learning before tackling
higher-stakes use cases.

Step 2: Foundation Building and Deployment
Strategy

Data strategy encompasses collection, quality
management and governance. Banks must identify
which data supports priority use cases, implement
quality improvement processes (deduplication,
standardization, validation), establish governance
frameworks (data ownership, access controls, usage
policies) and build infrastructure enabling efficient
data movement to Al systems - data lakes, feature
stores and real-time streaming pipelines.

Infrastructure decisionsinvolve cloud versus on-premise
tradeoffs. Cloud platforms offer rapid deployment,
scalable compute for model training and access to pre-
trained models. On-premise infrastructure provides
data control and regulatory compliance assurance
but requires larger upfront investment and longer
deployment timelines. Hybrid approaches predominate
- sensitive customer data on-premise and non-sensitive
applications cloud-deployed.

Talent strategy recognizes specialized skills scarcity.
India has developed a strong Al talent base, but
competition for experienced practitioners remains
intense. Banks pursue multiple talent strategies
simultaneously: hiring externally for critical roles,
developing internal talent through structured training
programs, partnering with academic institutions for
curriculum alignment and recruitment pipelines,
engaging consulting firms for specific expertise gaps.

Partnership ecosystems enable capability access
without full internal development. Banks collaborate
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with fintech firms for specific applications, cloud
providers for infrastructure and foundational models,
system integrators for deployment execution and
academic institutions for research partnerships. SBI's
hackathon initiatives and collaboration programs
illustrate ecosystem engagement - sourcing
innovative solutions from startups and developers
while building internal capability.

Governance structure establishment precedes scaled
deployment. Banks must define Al decision-making
authorities (who approves model deployments, sets
risk appetite, allocates budget), establish model risk
management processes (development standards,
validation requirements, ongoing monitoring), create
ethics review mechanisms (bias testing protocols,
fairness thresholds, audit procedures) and implement
incident response frameworks (model failure
protocols, escalation paths, remediation processes).

Phased rollout mitigates deployment risk. Pilot
implementations target limited customer segments
or geographies, enabling controlled testing and
learning before expansion. A chatbot pilot might
serve only mobile banking customers in specific
cities, allowing performance validation and issue
resolution before nationwide launch. Limited
production deploys to broader populations while
maintaining human oversight - Al-generated loan
approval recommendations reviewed by underwriters
before final decisions. Full autonomy comes only
after demonstrating sustained accuracy, reliability
and compliance through preceding phases.

Performance monitoring frameworks track leading
and lagging indicators. Leading indicators - model
prediction confidence, data quality metrics, system
latency - provide early warning of potential issues.
Lagging indicators - customer satisfaction scores,
operational cost reductions, revenue impacts,
regulatory findings - measure ultimate business
value and risk realization. Continuous improvement
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mechanisms incorporate feedback loops: customer
input drives interface refinements, model prediction
errors trigger retraining, operational issues prompt
process adjustments.

Step 3: Capability Maturity Evolution

Level 1 - Experimental: Banks conduct isolated pilot
testing on Al feasibility for specific use cases. Projects
remain disconnected from core operations, staffed
by small specialist teams, with limited enterprise
integration. Success metrics focus on technical
feasibility rather than business impact. Most Indian
banks operated at this level through 2022-2023.

Level 2 - Operational: Production deployments
emerge with human oversight. Al applications
integrate with core banking systems, serve real
customers, deliver measurable business value.
Human review remains mandatory for consequential
decisions. Governance frameworks establish risk
management processes. Several Indian banks
transitioned to this level during 2024, evidenced
by reported production chatbot deployments and
process automation implementations.

Level 3 - Integrated: Enterprise-wide Al platforms
enable deployment across multiple use cases. Shared
infrastructure (data pipelines, model registries,
monitoring systems) accelerates development. Al
becomes standard consideration for process design
rather than exceptional addition. Multiple business
units deploy Al applications coordinated through
enterprise governance. Technology-leading Indian
banks are progressing toward this level.

Level 4 - Optimized: Autonomous Al systems operate
with  minimal human intervention, continuously
improving through online learning. Dynamic model
adaptation responds to shifting data distributions. Al
capabilities permeate every major business process.
Indian banks yet to operate at this maturity level,
though global institutions like JPMorgan Chase
demonstrate aspects.
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Progression across maturity levels is neither linear
nor uniform. Banks may achieve Level 3 capability
in customer service (mature chatbot deployments)
while remaining Level 1 in credit underwriting
(experimental alternative data models). Deliberate
maturity advancement requires investment in
foundational capabilities - data infrastructure,
technical talent, governance processes - alongside
use case expansion.

Step 4: Success Metrics and Balanced Assessment
Business metrics quantify operational and strategic value.

Cost reduction: measured in processing cost per
transaction, call center costs and operational Full-
Time Equivalent (FTE) requirements.

Revenue enhancement: from improved cross-
sell through Al-driven recommendations, reduced
customer churn from proactive retention actions,
accelerated loan origination enabling volume growth.

Customer satisfaction: net promoter scores, complaint
volumes, digital channel adoption rates and customer
effort scores.

Operational metrics track Al system performance.

Processing time: document review duration, query
response time, application approval cycles.

Accuracy: prediction correctness rates, false positive/
negative ratios in fraud detection and chatbot query
resolution rates.

Throughput:  transactions processed per hour,
customers served per agent with Al assistance,
applications evaluated per underwriter.

Risk metrics monitor Al system safety and compliance.

Model stability: prediction consistency over time, drift
detection frequency, retraining requirements.

False positives: fraud alerts requiring manual review,
credit denials later overturned, compliance flags
determined non-issues.
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Bias indicators: outcome disparities across
demographic segments, approval rate differences by
protected characteristics, pricing variation analysis.

Compliance metrics address regulatory expectations.

Audit findings: internal and external audit issues
related to Al systems, remediation timeliness, repeat
findings indicating systematic gaps.

Regulatory feedback: examination comments,
informal guidance, enforcement actions related to Al

deployments.

Model documentation completeness: validated
development records, testing protocols, change
management logs.

Employee metrics capture organizational adaptation.

Adoption rates: percentage of eligible employees
using Al tools, transaction volume processed with Al
assistance, self-service resolution rates.

Productivity improvement: output per employee, time
allocation shifts from manual to higher-value work.

Skill development: training completion rates, internal
mobility to Al-related roles, retention of Al-skilled
employees.

Balanced scorecards integrate these dimensions,
avoiding over-optimization on single metrics. A bank
achieving cost reduction targets but experiencing
rising customer complaints or employee attrition has
not succeeded - short-term efficiency gains sacrificed
long-term sustainability. Conversely, maintaining
perfect customer satisfaction while failing to capture
productivity benefits indicates insufficient ambition or
poor implementation.

Conclusion: Indian

Banking

Strategic Imperatives for

Generative Al in Indian banking has moved beyond
experimentation. Leading banks are capturing
measurable value - lower costs, faster processing
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and better customer experience. Technology works.
What matters now is execution.

Three Critical Takeaways

* Balance speed with responsibility. Banks
winning this transition by deploying Al for
business impact while building governance
preventing bias and breaches. Treating Al
purely as cost-cutting can invite regulatory
damage. Waiting for perfect governance
means competitors pull ahead.

* Invest in foundations, not applications.
Without clean data, skilled talent and
governance processes, pilots stall at
production. Banks building foundational
capabilities and scaling successfully; those
chasing use cases keep running proof-of-
concepts that never deliver enterprise value.

* Develop talent as strategic advantage. Al
capability cannot be purchased, it must be
built through organizational learning. The gap
between banks developing internal expertise
and those relying on vendors will widen
over five years, determining who competes
effectively as Al becomes table stakes.

The Path Forward: This is Indian banking’s third major
technology transition after core banking systems
and digital channels. The next five years determine
competitive positioning through 2030. Success
requires deliberate execution: learn from deployments,
scale what works, govern for sustainability and build
capability systematically. The opportunity is real, the
risks are manageable and the choice is clear.
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