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“Artificial intelligence is evolving from an efficiency-enhancing 

tool to a core productive force driving a paradigm shift in the 

financial industry. This white paper proposes that the essence 

of an AI bank lies in using intelligent agents as foundational 

units and transforming business processes from human-driven 

to intelligent agent-collaboration-driven. EY Greater China has 

developed a five-stage maturity assessment model that 

outlines a clear roadmap for Chinese financial institutions to 

progress from instrumental applications to ecological-level 

development. China is demonstrating an accelerated growth in 

this area, with its prudent and orderly policy environment and 

rich scenario-based practices providing a unique reference 

point for the global development of intelligent finance.

Abstract



The financial industry is at the threshold of a century-old transformation. Artificial intelligence, 
particularly intelligent agent technology, is no longer a distant future concept but a present-day 
engine reshaping banks' growth logic, risk frameworks and organizational models. 

The core insights of this white paper:

Executive summary

We believe digital technologies led by AI are reshaping both the structure and essence of financial 
services. This white paper aims to ignite dialogue and foster collaboration on how to harness this 
transformation and move toward a more intelligent, inclusive and trusted financial future.

Redefinition: An AI bank is an intelligence-driven growth engine, an 
autonomously operating risk system and a human-machine collaborative 
organizational paradigm. It goes beyond digitalization to become an intelligent 
value unit embedded across industries.

Chinese path: Guided by principles of safety, prudence and orderliness, China's 
banking industry is advancing large-scale AI adoption at remarkable speed. From 
platform-based empowerment in state-owned banks to journey intelligence in 
joint-stock banks and deep specialization in regional banks, a distinctive Chinese 
path of hierarchical innovation and diversified exploration is taking shape.

Assessment and navigation: EY’s five-stage maturity model – pilot exploration, 
scenario application, process reconstruction, business integration and super- 
intelligent prototype – provides a systematic framework for institutions to 
assess their current position and chart future development. Crossing maturity 
thresholds requires simultaneous advancement in customer management, risk 
management and trusted governance.

Action guide: Successful transformation relies on aligning technology strategy 
with business strategy. This paper provides tailored advancement paths, 
organizational reform plans and ecosystem collaboration strategies for banks at 
different stages, centered on building a sustainable innovation system with 
measurable value, embedded governance and ecosystem capabilities.
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Redefining AI banks – 
Strategic upgrade from tools to 
ecosystems
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1.1 Paradigm revolution: from digital empowerment to AI-native

For the past decade, the banking industry has focused on digitalization – migrating offline processes to 
online platforms. Yet this shift has not changed the fundamental nature of business being human-driven. 
Today, technological waves led by generative AI and intelligent agents are propelling us into the AI-native 
era. 

The defining feature of this era is that business operations are designed and driven by data and 
intelligence from inception. AI is no longer a tool to optimize legacy models – it is a production 
environment that enables entirely new models.

Large-scale AI adoption in banking has become strategically urgent, driven by four key pressures. First, 
the digital economy is evolving toward an AI-native form, and banks that remain at the stage of digital tool 
application risk losing the opportunity to embed themselves into the real economy’s value chain. Second, 
traditional human-driven operation models face rising costs and efficiency bottlenecks, while data silos 
and redundant processes make it difficult for service capabilities to meet market demands. Third, 
customer expectations have shifted toward immediacy, personalization and scenario integration, 
rendering standardized service systems inadequate for the new generation of users. Finally, global 
financial peers and technology players are accelerating the development of AI ecosystems, transforming 
industry competition into a race for intelligent capabilities. Any delay in this transformation will weaken 
banks' market position and diminish their influence, making transformation imperative.

Chinese perspective: China’s vast market, diverse scenarios and vibrant digital ecosystem provide a 
unique global testing ground for AI-native finance. From the leapfrog development in the mobile payment 
era to today’s extensive exploration of AI-driven financial applications, Chinese financial institutions are 
demonstrating the potential to transform from model learners to paradigm definers.

1.2 Core definition: agent-driven value reconstruction

We define the essence of an AI bank as follows:

EY sees an AI bank as a future-oriented paradigm of digital banking built on three core capabilities: an 
intelligence-driven growth engine, an autonomous risk management system and a human-machine 
collaborative organizational structure.

In this paradigm, AI banks treat advanced machine learning and large-scale generative models (LLM) as 
the central drivers of decision-making, and intelligent agents (AI Agents) as functional units that operate 
across an agent framework covering the front, middle and back offices. By embedding intelligence into 
product design, risk control, precision marketing and operational execution, AI banks create a full-process 
business closed loop of real-time perception, automated decision-making and execution.

Meanwhile, AI banks operate under a governance framework grounded in interpretability, auditability and 
regulatory compliance. They build controllable and compliant AI governance mechanisms and model risk 
management systems that embed technological innovation and risk management into business processes 
in parallel to form a secure, controllable and business-led operation model.



1.3 Three-dimensional disruption: Fundamental reconstruction of bank 
0perations

1.4 Challenges and value returns of AI applications

In the practical implementation of artificial intelligence technology, financial institutions 
face multiple challenges at the technical, data and organizational levels, while also 
realizing significant gains in terms of operational and customer value. Based on a joint 
research report by Ernst & Young LLP  and the Institute of International Finance (IIF),1 
the core challenges and key benefits of AI applications can be summarized as follows.

Data quality is the most fundamental bottleneck for financial institutions advancing AI 
solutions, with the vast majority identifying it as a key challenge. Data availability and 
the adaptability of training data are also cited by most institutions as the second major 
issue. Organizational and technical constraints are similarly prominent: the lack of 
support from key internal stakeholders and weak foundational technical infrastructure 
remain important obstacles to AI implementation. Among the specific pain points related 
to data quality, almost all financial institutions view "noisy, outdated, inaccurate, and 
poorly adaptable unstructured data" as the primary barrier to AI deployment, and the 
lack of labelled data has become a major constraint on technical implementation.

Despite numerous challenges, AI technology continues to deliver highly valuable 
business returns. The core benefits concentrated on improved operational efficiency, 
optimized cost structures and in-depth upgrades in customer experience and service 
reach. From the practical results of AI use cases, financial institutions' investment in 
developing and deploying AI application scenarios are based on clear expectations of 
these core returns, which also reinforces the key driving role of AI technology in 
upgrading financial business models.

Growth logic

Risk 
management

Organizational 
operation

Traditional banking model AI bank paradigm Essential change

Expanding personnel 
and networks, product-
driven, large-scale 
marketing

Real-time demand 
triggering, automatic 
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growing customer 
relationships
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proactive prediction

Reliance on rules and 
expert experience, 
post-event response-
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strategy optimization, 
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From static shield to 
immune system

Hierarchical 
management, 
departmental silos, 
process promotion 
through meetings

Agent-driven 
processes, human-
machine collaborative 
decision-making, 
empowerment of front-
end agile teams

From pyramid to outpost 
network

Dimensions
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2.1 Global trends: Focus on governance, talent and scalability challenges

As generative AI and intelligent agent technologies mature rapidly, leading global banks have 
moved into a phase of deep strategic advancement. The industry’s focus is shifting from 
whether to apply AI to how to build sustainable, governable and scalable core AI 
capabilities. Current global practices reveal three common trends. 

I. Governance first: From applying AI to managing AI

When AI becomes deeply embedded in core business and risk decisions – including credit 
approval, pricing and fraud prevention – effective enterprise-level governance becomes a 
prerequisite for scale. International banks increasingly elevate AI governance to the group 
level.

◼ More than 70% of large global banks have integrated AI governance into their group-
wide risk management frameworks.

◼ Among banks that have deployed generative AI at scale, more than 80% have 
established cross-functional AI governance committees or "control towers“.

◼ Governance focus has expanded beyond model performance to encompass 
interpretability, fairness, data traceability and decision accountability.

Practice shows that after implementing a group-level AI governance framework, one global 
commercial bank tripled the number of AI applications without a proportional increase in 
model-related compliance incidents, and internal audit interventions frequency declined by 
20-30%.

Conclusion: The key to AI scalability lies less in technological maturity than in governance 
maturity. Without "regulatable AI," it is difficult to achieve "widely usable AI."

Development trends –  
Integration and resonance of global 
perspectives and Chinese practices
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II. Talent reconstruction: From technical teams to business communities

The primary bottleneck in AI implementation has shifted from technology to 
interdisciplinary talent with both business insight and technical capability:

◼ In high-return banks, personnel with business backgrounds usually typically account for 
40-50% of AI teams.

◼ Banks with mature AI talent systems see average reductions of 30-50% in the cycle from 
project approval to launch.

◼ Conversely, more than half of AI projects stall in the pilot phase, mainly due to 
disconnection between business and technology.

Case evidence shows that by cultivating AI leaders who understand business, one bank 
advanced the integration of business strategy and model design, increasing the business 
conversion rate of relevant AI use cases by about 20-30%.

Conclusion: AI transformation is fundamentally the reconstruction of organization and 
capability. Success depends less on algorithmic advances than on who applies it, who is 
responsible for it and who realizes the value.

III. Scalability leap: From pilot success to systematic operation

Numerous pilots but insufficient scalability has become a common industry challenge:

◼ Approximately 60-70% of banks still struggle to replicate AI applications across 
businesses after completing more than 10 AI pilots.

◼ Scalability bottlenecks mostly arise from the absence of a unified platform, operating 
mechanisms and ROI evaluation systems.

◼ Successful banks generally establish three foundations – a unified data and model 
platform, a clear use case value evaluation method and a cross-functional AI Center of 
Excellence (CoE).

A typical practice: One bank managed more than 20 use cases through a centralized AI 
operations platform, increasing the model reuse rate to over 50%, reducing the marginal 
cost per use case by 30-40% and achieving measurable returns on overall AI investment 
within 18-24 months.

Conclusion: Realizing AI value depends on operating it as a core capability rather than 
delivering it as an isolated project.

Summary: Implications for China's Banking Industry

The global construction of AI banks has entered a systematic engineering phase 
emphasizing governance, talent and scalability, providing important lessons for China's 
banking industry:

◼ Governance is a prerequisite for scalability.

◼ Talent structure sets the upper limit of AI value.

◼ Without operational and ROI mechanisms, AI struggles to cross the pilot gap.

These trends align closely with the regulatory requirements, operating pressures and 
transformation needs facing China's banking industry and merit full consideration in 
strategic design and implementation paths.
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2.2 Future development: From AI supporting humans in customer service to humans 
enabling AI to serve customers

The AI services of the banking industry are entering a disruptive transformation – shifting from AI 
acting only as a tool that assists humans in interacting with customers, to a new stage where 
humans empower AI and AI becomes the core interface of customer service. From the initial 
application of AI supporting employees to the in-depth transformation where humans assist AI to 
serve customers, the intelligent services of banks represent a leap from "tool empowerment" to 
"subject innovation." Currently, banks remain in a stage where AI enables employees to deliver 
service; in the future financial landscape, humans will step back to empower AI, allowing AI to 
directly serve as the core interface of customer engagement. (See Figures 2.2.1 and 2.2.2)

The intelligent evolution of the banking industry ultimately will point to the in-depth integration of 
artificial general intelligence (AGI). Once AGI technology is adapted to financial scenarios, the 
hierarchical organizational structure of traditional banks will undergo essential reconstruction. The 
following AI bank organizational structure (see Figure 2.2.3) provides a forward-looking and 
concrete depiction of the bank governance and operating model in the AGI era: the structure 
positions the AI decision-making center as the core brain, supported professional committees such 
as risk management, technology and ethics, forming a top-level governance system, and then 
enables front-end execution through a large networks of AI agent applications, constructing an 
intelligent closed loop of "decision-making - supervision - execution." 

This structure not only breaks down traditional departmental boundaries but also outlines a new 
financial service landscape in the AGI era where AI becomes the core driver of business operations 
and humans focus on strategic governance and value optimization, providing a clear direction for 
the organizational evolution required to advance the intelligent transformation of the banking 
industry.

(Figure 2.2.1) (Figure 2.2.2)

(Figure 2.2.3)
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2.3 Chinese policies: Accelerating "AI +" in a steady and orderly manner

China's banking industry is at a pivotal moment in its evolution from digitalization to digital 
intelligence. According to recent industry data, AI and generative AI investment in China's financial 
industry reached RMB19.694 billion in 2024. The market size of generative AI platforms and 
application solutions stood at approximately RMB914 million and is expected to reach 3.5 billion 
yuan in 2027.2 These figures reflect a fundamental shift: AI is no longer an optional enhancement 
in bank applications, but is rapidly becoming a core engine of business growth.

China's development path for AI-enabled finance is not one of unchecked expansion, but one guided 
by a rigorous, comprehensive and supportive policy framework that embodies the principle of 
balancing development and security. This “steady and orderly” approach has provided clear 
governance direction, ensured risk-aware innovation and created an environment in which financial 
institutions can accelerate large-scale AI adoption with confidence.

Fundamental principles: Regulators such as the People's Bank of China have 
clearly emphasized the need to "steadily, safely and orderly promoting the 
application of artificial intelligence large models in the financial sector," 
establishing a defined and secure channel for innovation.

Strategic drivers: National-level initiatives – including the "AI +" Action Plan and 
the focus on data elements and modern industrial systems in the "15th Five-
Year Plan" – have provided unprecedented opportunities for AI-enabled 
financial scenarios. Fintech is expected to serve the national strategies of the 
"Five Major Articles“ — sci-tech finance, green finance, inclusive finance, 
pension finance and digital finance.

Ethical bottom lines: Norms such as the "Guidelines for Science and Technology 
Ethics in the Financial Field" set out essential principles including "upholding 
integrity and innovation" and "putting people first“. These ethical boundaries  
ensure that innovation does not deviate from responsible and trustworthy 
development.



At the financial industry regulatory level, central regulatory authorities are focusing on top-
level design and risk bottom lines while continuously improving institutional frameworks. At 
the same time, regional hubs – including Beijing, Shanghai, Shenzhen, Guangzhou and Hong 
Kong – are actively building innovation testbeds and application scenarios based tailored to 
their industrial foundations and development needs. Together, these efforts are moving AI-
enabled financial services from policy-level guidance to practical implementation.

⚫ The People's Bank of China's Fintech Development Plan (2022-2025) is now approaching its 
final stage, laying the groundwork for the sector’s transition from digitalization to digital 
intelligence. The central bank has also introduced a series of standards and guidelines – 
including the Evaluation Specifications for the Financial Application of Artificial Intelligence 
Algorithms, the Guidelines for Science and Technology Ethics in the Financial Field, and the 
Information Disclosure Guidelines for the Financial Application of Artificial Intelligence 
Algorithms. These documents establish clear requirements for science and technology 
ethics and algorithm governance in the application of AI models within the financial sector.

⚫ In 2024, the National Financial Regulatory Administration (NFRA) issued the Guiding 
Opinions on Banking and Insurance Institutions Doing a Good Job in the 'Five Major Articles' 
of Finance, calling on banking institutions to apply AI and other technologies to optimize 
financial service processes under sound risk control. The document also sets out clear 
timetables and roadmaps for implementation.

⚫ The NFRA has also maintained a high vigilance over emerging risks associated with AI. Its 
2024 Measures for the Management of Data Security of Banking and Insurance Institutions 
introduce specific requirements for information disclosure and risk mitigation when banking 
and insurance institutions develop and deploy AI models, reinforcing the regulatory 
foundation for safe and trusted AI in finance.



Beijing, Shanghai, Shenzhen, Guangzhou and Hong Kong are showing a pattern of "adapting to 
local conditions and letting a hundred flowers bloom," promoting the precise implementation 
of policies and resources through the integration of finance and technology.

As the national financial management center, Beijing issued the Opinions on 
Promoting the High-Quality Development of Digital Finance in Beijing and, 
building on the Several Measures for Promoting the Innovative Development 
of General Artificial Intelligence in Beijing, is prioritizing support for financial 
large-model R&D and major scenario demonstrations.

As an international financial center, Shanghai emphasizes original 
technological research – including AI and privacy-preserving computing – in 
the 14th Five-Year Plan for the Construction of Shanghai International 
Financial Center and the Action Plan for Shanghai to High-Quality Promote 
the Construction of a Global Fintech Center. It encourages Shanghai Clearing 
House to use AI to enhance cross-border payment and settlement efficiency, 
with a focus on foundational technology breakthroughs and financial 
infrastructure development.

As a hub for cross-border finance and supply chain finance, Shenzhen has 
issued Implementation Opinions on Promoting Digital Finance to Support the 
Development of a "Digital China" Model in Shenzhen and the Action Plan for 
Jointly Building a Hong Kong-Shenzhen Global Fintech Center (2025-2027). 
These policies encourage financial institutions to leverage AI, big data and 
cloud computing, while proposing forward-looking initiatives such as joint 
incubators with Hong Kong and cross-border central bank digital currency 
(CBDC) bridge research.

As the first city in China to introduce local policy documents for the 
investment advisory industry, Guangzhou issued the Several Measures for 
Guangzhou to Vigorously Promote the Development of AI Investment 
Advisory. This policy aims to address bottlenecks in scaling AI-based 
investment advisory services, advance investment-side reforms in the 
capital market and support the shift of the wealth management industry 
toward a buyer-advised model powered by fintech, fostering a high-quality 
investment advisory ecosystem.

The Hong Kong Monetary Authority (HKMA) launched the industrywide 
Future Bank Capacity Building initiative in July 2019 to support future 
business development needs. In 2024, the HKMA updated its Supervisory 
Policy Manual on talent development, recommending that banks use the 
Banking Practitioners' Competency Enhancement Framework as a 
competency benchmark. In 2025, it released the Future Bank Capacity 
Building 2026-2030 report, which assesses potential talent gaps and 
identifies three core future skill domains for banking professionals: technical 
skills in AI, data and cybersecurity; soft skills in human-machine 
collaboration and human-centered service; and banking knowledge in areas 
such as sustainable finance risk management and emerging markets.
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2.4 Chinese practices: AI application exploration and agent leapfrogging

The exploration of AI in China's banking industry has evolved from early single-point assistant 
tools to systematic application practices covering the front, middle and back offices, and is 
gradually moving towards a new stage centered on the construction and collaboration of 
intelligent agents, striving to reshape structures and processes and explore new value networks 
and business models.

2.4.1 Panorama of AI application system in China’s banking industry

Based on in-depth observation of industry practices, this report constructs an AI application 
system centered on Grow the Bank, Protect the Bank and Run the Bank, starting from the core 
mission of the banking industry. The framework expands into four key areas and aims to provide 
a panoramic reference for the AI strategic layout of financial institutions:

⚫ Customer management and growth: Focus on grow, reconstructing end-to-end customer 
journeys from precise reach to personalized experience.

⚫ Risk and compliance management: Focus on protect, building a real-time, proactive, and 
penetrative intelligent risk control and compliance system.

⚫ Operation and treasury management: Based on run, driving leapfrog improvements in 
operational efficiency and decision-making quality through process intelligence.

⚫ Technology and data infrastructure: As the foundation, consolidating the intelligent 
foundation across computing power, data, models and R&D to support Grow, Protect and Run.

AI bank white paper: Reconstructing the financial paradigm 
through intelligent agents
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1) Customer management and growth: From transaction processing to value symbiosis

AI is profoundly changing the interaction model between banks and customers, promoting the paradigm 
of customer management and growth to leap from standardized services to a personalized, proactive 
and scenario-based value symbiosis model.

◼ Intelligent transformation of interaction models: Conversation as a Service, intelligent customer 
service and digital employees are breaking the constraints of traditional menu- and form-based 
interactions.

 A city commercial bank launched an AI mobile banking app featuring "Conversation as a Service," 
allowing customers to complete information queries, business handling, and product consulting 
through natural language.3

◼ Human + AI collaborative service systems: Built a new ecosystem of integrated online and offline 
services, breaking the limitations of physical branches and time.

 A certain joint-stock bank launched an AI-powered digital employee that handles 80% of the group's 
customer service volume, increasing the AI resolution rate from 38% to 92%.4

◼ Intelligent upgrades to marketing and services: Intelligent marketing assistants integrate internal 
and external data to construct customer portrait sketches. AI can real-time interpret customer 
behaviors, dynamically generate one-to-one communication scripts, asset allocation suggestions and 
product combinations, promoting mass marketing to personalized companionship. AI is extending 
beyond financial scenarios, deeply embedding bank services into customers' production and living 
scenarios through vertical domain agents, upgrading from financial experts to industry partners and 
life assistants and building new customer value propositions.

 Some banks are leveraging large models to upgrade their retail intelligent service systems: 
transforming customer service bots into proactive financial companions that intelligently analyze 
and anticipate wealth management needs, and into expert advisors capable of not only answering 
questions but also explaining reasons and providing actionable recommendations.

◼ Intelligent breakthroughs in financial market business: Interbank fund trading intelligent robots and 
conversational trading in financial markets show how AI is accelerating automation and intelligence in 
highly specialized areas such as interbank markets and fund trading. This enhances professional 
efficiency and improves the accuracy of risk control.

 Some banks offer intelligent pricing for small transactions, significantly improving customer 
transaction efficiency and inquiry volumes, unlocking new service reach and profit potential in the 
long-tail market.

(Figure 2.4.1)
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2) Risk and compliance management: A solid line of defense from human prevention to 
intelligent prevention

In a highly regulated and high-risk industry, the application of AI in risk control and compliance 
has become the lifeline and core competitiveness of banks' stable operations, promoting risk 
management from post-event response to pre-event early warning and in-event intervention.

◼ Penetrative management of credit risk: End-to-end intelligent credit approval runs through 
pre-loan, in-loan and post-loan stages. Credit due diligence report assistants can quickly 
analyze massive enterprise information; intelligent compliance review and credit approval 
drafting assistance improve approval quality and efficiency; intelligent risk monitoring and 
early warning enable continuous and dynamic risk management.

 A certain bank is leveraging large models to drive intelligent upgrading across the entire 
credit approval process. In the pre-loan stage, the rate of automatic data field collection has 
significantly increased, reducing manual data entry by nearly 80% and cutting the overall 
approval cycle by half. In the mid-loan stage, intelligent text review has reduced the time 
required for each review by 15%, enabling a transition from manual, experience-based 
decision-making to data-driven, standardized, and efficient risk management.5

◼ Real-time defense of transaction and operational risks: Intelligent anti-money laundering 
monitoring and intelligent anti-fraud monitoring can analyze each transaction in real time, 
using graph computing and machine learning to accurately identify suspicious patterns from 
billions of transaction data, promoting the prevention and control of risks such as money 
laundering and fraud from post-event reporting to in-event interception. 

 Some banks have reduced their anti-money laundering (AML) screening workloads by 
implementing end-to-end AI-powered AML detection, while significantly increasing AML 
reporting rates, successfully establishing a new, efficient, and precise paradigm centered on 
AI.

◼ Intelligent optimization of compliance management: Applications such as intelligent system 
management and compliance risk monitoring help banks cope with the increasingly complex 
regulatory environment. AI can automatically interpret regulatory rules, check the 
completeness of internal controls, and assist in generating compliance reports, enabling banks 
to shift from passively meeting regulatory requirements to proactively managing compliance 
risks.
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3) Operation and treasury management: From process optimization to intelligent decision-making

Operational efficiency and financial stability are the engines of banks' sustainable development. By 
improving the automation and intelligence of business operations, AI is building a more agile, accurate and 
cost-effective intelligent organizational support system.

◼ Super assistants for knowledge work: Applications such as enterprise-level knowledge Q&A platforms, 
intelligent writing and document polishing and full-process meeting planning and minutes generation 
directly empower banks' core knowledge workers. AI has become a super assistant for each employee, 
taking over many repetitive and time-consuming tasks such as information retrieval, content drafting and 
document sorting, freeing up human resources to focus on analysis, decision-making and innovation.

 A major state-owned bank has integrated large models into its corporate banking operations, 
empowering staff to efficiently handle repetitive tasks such as knowledge retrieval, document review 
and client survey report generation, resulting in average time savings of over 30%. This enables 
employees to focus on higher-value activities such as client consulting, product promotion and 
marketing services, significantly enhancing the overall effectiveness of corporate banking services.6

◼ Intelligence of back-office workflows: Intelligent business review, enterprise contract management and 
automatic review of financial documents realize automatic verification and risk prompting of contract 
clauses, invoice vouchers and transaction backgrounds through NLP and OCR.

 A certain bank has enhanced its financial document image text recognition product through large model 
technology, expanding the number of supported bill types by over 40% and achieving recognition 
accuracy exceeding 99% for multiple bill categories, significantly improving operational quality and 
efficiency.7

◼ Intelligent decision-making center for treasury management: Intelligent treasury reports support senior 
management to conduct efficient interactive Q&A through natural language, assisting decision-making. 
Intelligent forecasting and allocation conducts rolling forecasts of the bank's cash flow, realizing 
intelligent early warning and optimal allocation of funds. Dynamic risk hedging simulates in real time the 
impact of interest rate and exchange rate fluctuations on the balance sheet based on market data, 
providing quantitative support for hedging strategies.

(Figures 2.4.1.4)
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4) Technology and data infrastructure: From support system to core driving engine

Large-scale innovation of front-end applications relies on a solid, agile and intelligent technology and data 
foundation. AI itself is also profoundly changing the way technology systems are built and operated, and is 
precipitating into the bank's strategic basic capabilities.

◼ AI-native infrastructure: Large banks are shifting from purchasing external models to building 
independent and controllable underlying AI capabilities, including the construction of full-stack self-
developed financial large model technology systems, AI computing power management platforms and 
agent development platforms. These platforms provide high-performance, low-cost, safe and compliant 
model training and inference services for upper-layer intelligent applications and are the operating 
systems for banks' intelligent transformation.

◼ In-depth activation of data value: Enterprise-level knowledge base management, synthetic data creation 
and data asset retrieval optimization directly address two core challenges of the AI era: high-quality data 
supply and efficient knowledge utilization. Banks are transforming unstructured documents scattered 
everywhere into structured knowledge components, and solving data privacy and scarcity problems 
through synthetic data technology, making data truly a resource understandable and callable by large 
models.

◼ R&D paradigm shift: Intelligent code review and completion, test case generators and R&D intelligent 
assistants deeply integrate AI into the software development life cycle. Developers pair program with AI, 
improving both efficiency and code quality, and transforming technology delivery capabilities.

 One bank is advancing coding intelligence, with the platform’s active users accounting for over 90% of 
the bank’s total developers, and monthly active users reaching nearly 75%. This has fundamentally 
transformed the development process and team collaboration model.7
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2.4.2 Agent leapfrogging – From AI empowerment to AI-native

Building on the systematic advancement of AI applications across the four 
major domains, leading Chinese banks are now moving towards a new stage: 
shifting from using AI tools to optimize processes to reconstructing 
business models with intelligent agents as the core. At the heart of this AI-
native paradigm is the creation of super digital employees capable of 
independent planning and collaborative execution. The critical enablers are 
two foundational capabilities: multi-agent collaboration and AI operating 
system-level control.

◼ Multi-agent collaboration: Future agents are not isolated tools, but digital 
legions that can automatically combine and collaborate to achieve 
complex goals. Their value lies in breaking departmental barriers and 
forming group intelligence oriented towards complex objectives.

 One internet bank, in collaboration with the Ministry of Agriculture and 
Rural Affairs, launched a farmer-specific AI agricultural assistant. 
Through multi-agent collaboration, it integrates various agents such as 
meteorological experts, agricultural technology experts and financial 
experts, and accurately provides planting plans, policy interpretations 
and financial services according to farmers' locations and crop cycles, 
realizing full-cycle intelligent companionship from production to funds 
and creating a new model for integrated agriculture–plus-finance 
services.8

◼ AI operating system-level control: The large-scale application of agents 
requires a unified AI operating system to achieve ecological-level control 
over the agent life cycle, task scheduling, and compliance.

 A major state-owned bank has built an enterprise-level large model 
technology system based on a high-performance AI computing 
foundation and trillions of financial data points. Using a 1+X large-scale 
application paradigm – one intelligent center collaborating with multiple 
professional agents – and a self-developed intelligent central control 
scheduling model, the bank had, as of October 2025, deployed 
intelligent capabilities across more than 400 business scenarios, 
achieving efficient transformation from technical capability to 
enterprise-wide business empowerment.

In summary, the agent-led AI-native paradigm derives its fundamental value 
from enabling AI to become the core engine of high-quality and sustainable 
bank development. Through multi-agent collaboration, it reshapes the depth 
and breadth of service to the real economy, and through AI operating- 
system control, it enables highly refined and agile operations and 
management. The goal of this transformation is not technological 
advancement for its own sake, but a fundamental leap in value logic –  
building a development model driven by data and intelligence that positions 
banks to remain resilient and competitive in the future landscape.
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3.1 Model introduction: Five-stage evolution – defining the future

To help institutions accurately position themselves, we have constructed the EY AI Bank Maturity 
Assessment Scheme. Taking the evolution of intelligent agents as the axis, this model divides the 
bank's AI transformation process into five stages:

EY AI Bank Maturity 
Assessment Scheme
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“The assessment of the bank's AI transformation process is 
carried out across five dimensions: agent maturity, data and 
model ecosystem, organization and talent, technology 
architecture as well as value and governance.
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1

L1 (Pilot exploration period): Agents can execute fixed rules but have no 
independent perception and reasoning capabilities, functioning as 
mechanical tools attached to a single link. The core value of this stage is 
replacing basic manual operations and achieving foundational efficiency 
improvements.

L2 (Scenario application period): Agents develop basic data perception and simple 
reasoning capabilities, and can serve as professional assistants in specific scenarios 
– such as wealth recommendations and preliminary credit review – reducing the 
workload of manual data processing. The core of this stage is the development of a 
tool ecosystem. Agents need to master a range of capabilities, including structured 
queries, unstructured analysis, rule engines and external APIs, but cross-scenario 
collaboration and complex decision-making still rely on humans.

L3 (Process reconstruction period): Agents gain cross-link process collaboration and dynamic 
decision-making capabilities, and can be embedded into core processes such as credit and 
operations to achieve end-to-end intelligent closed loops that drive business process 
reconstruction. The core of this stage is collaboration and decision-making. Through 
collaboration, the agent connects business entities, semantic relationships, state changes and 
executable actions, significantly improving decision-making efficiency and enabling end-to-end 
automation of the entire process.

L4 (Business integration period): Agents become engines of business innovation, capable of exploring 
customers' potential needs, designing AI-native financial products and enabling cross-departmental 
capability collaboration. At this stage, the agent system begins to exhibit self-governance. While 
completing tasks, it can monitor its own operating status in real time, identify potential issues early and 
take corrective and optimization actions, driving an upgrade of the bank's revenue structure through 
innovation.

L5 (Superintelligent prototype): Agents evolve into superintelligent prototypes. As the core organizers of the 
financial ecosystem, they can deeply connect multi-source data and the capabilities of external industrial 
ecosystems, and independently complete ecological resource allocation, value distribution and complex risk 
deduction. At this stage, agents assume roles such as the bank’s chief data scientist and chief strategy officer, 
discovering deep patterns that human experts cannot detect in the bank’s historical operational data, forming 
innovative and in-depth industry insights, proposing disruptive business strategies and becoming the intelligent 
hub that enables AI banks to integrate across industries.

Agent maturity: Capability leapfrogging from rule execution to complex 
reasoning and independent evolution

Agent maturity is the core measurement dimension of AI bank transformation. Its evolution 
from L1 to L5 represents a capability leapfrogging from passive rule-based tools to 
superintelligent prototypes. The core characteristics of each stage can be summarized as 
follows:
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L1 (Pilot exploration period): This is the embryonic stage of bank AI, 
characterized by point-like experimentation and technical validation. Data 
environments remain highly siloed, with scattered data, low integration, 
inconsistent quality and mostly offline batch processing. On the model 
side, only single-model explorations are conducted around isolated use 
cases such as anti-fraud and churn prediction. Model lifecycle 
management and risk management mechanisms are almost nonexistent, 
relying heavily on manual oversight. The focus at this stage is to validate 
technical feasibility and accumulate experience, but scale remains limited.

L2 (Scenario application period): Following initial pilot success, AI moves into deeper 
application within specific scenarios, characterized by scenario-driven, partial 
enablement. On the data side, department-level or scenario-specific data platforms 
begin to emerge, connecting data across relevant business lines to support intelligent 
risk control and precision marketing, but cross-departmental data movement remains 
limited. On the model side, independent models are developed and deployed for key 
scenarios with initial performance monitoring, but development, deployment and 
operations remain fragmented with low reusability.

L3 (Process reconstruction period): AI begins to drive deep process reconstruction, 
supported by a cloud-native, microservices-based AI middle platform oriented toward 
process optimization. It enables efficient model development, deployment and monitoring, 
and forms tight coupling with business systems. Computing infrastructure allows multi-model 
parallelism and large-scale inference, meeting requirements for high-concurrency, low-
latency real-time decision-making with elastic scaling. MLOps is introduced to achieve semi-
automated operations with autonomous fault diagnosis. The goal at this stage is to support 
process intelligence and automated decision-making.

L4 (Business integration period): This stage enables deep integration of AI and core business, marked 
by AI nativeness and value creation. AI is inherently embedded into business processes, directly driving 
large-scale value. At the data level, the enterprise-level data middle platform supports real-time services, 
transforming data into assets that flow securely through APIs. At the model level, the enterprise-level 
model factory provides full lifecycle automated management, supporting assembly-line production and 
continuous optimization. Breakthroughs in large-model technology give rise to next-generation 
applications such as superintelligent customer service. Banks develop a dual engine of data assets and 
model factories, moving services toward decision intelligence.

L5 (Superintelligent prototype): This is the highest stage, where banks build an open intelligent financial ecosystem 
defined by ecological interconnection and continuous self-evolution. On the data front, banks function as nodes that 
collaborate with external partners under secure frameworks to form a cross-domain panoramic data view, which 
drives innovation at the societal level. On the model front, the model factory evolves into an open AI ecosystem 
platform that supports deployment, joint modeling and federated learning across internal and external models, and 
also outputs capabilities through model marketplaces. Models within the ecosystem can continuously and 
independently optimize based on real-time feedback, forming a dynamic intelligent network and ultimately realizing 
the qualitative shift from AI banking to banking built on AI.

2
Data and model ecosystem: Evolution from data silos to real-time assets and 
from single models to model factories

In the digital transformation of banks, data and models are core strategic assets. The 
evolution of their management and application capabilities determines the level of 
intelligence and business innovation a bank can achieve. Traditional data silos and chimney-
style AI applications can no longer meet the needs of agile response and real-time risk 
control. Across the five stages, banks' data and model ecosystems follow a clear 
evolutionary path – from local pilots to global intelligence, from static data to real-time 
assets and from single-point models to large-scale production.
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3

试点探索期

场景应用期

流程重构期

业务整合期

超智能
原生体

L1 (Pilot exploration period): Decentralized model, with no dedicated and 
centralized AI functional department established. AI capabilities are 
scattered within various technology teams, in an isolated state of each 
fighting on their own. Talent are mainly part-time traditional technology 
personnel, lacking professional algorithm engineers and AI product 
managers. Business personnel generally lack AI thinking, and AI is treated 
as a passive tool, and the talent structure presents a pyramid shape.

L2 (Scenario application period): Centralized empowerment model, starting to 
establish a centralized AI team or Center of Excellence (CoE) as a public functional 
department to output general capabilities to various business lines. The boundary 
between technology and business organizations is still clear, showing an order-
taking service relationship. The professional division of talent has initially emerged: 
algorithm engineers are introduced on the technology side, and AI translators 
appear on the business side. The role of AI is upgraded to a professional assistant. 
The talent structure still maintains a pyramid shape, but the proportion of middle-
level technical backbones has slightly increased.

L3 (Process reconstruction period): Federal collaborative model, forming cross-functional agile 
teams. The traditional hierarchical system is broken, and each team has end-to-end decision-
making power. Interdisciplinary talents rise, and AI product managers and business architects 
become the hub connecting technology and scenarios. AI is embedded into core processes as a 
collaborator. The talent structure transitions to an inverted diamond shape, and the assessment 
mechanism begins to cover the joint output of cross-functional teams.

L4 (Business integration period): Liquid organizational model, dynamically forming teams based on 
goals, with blurred organizational boundaries. The traditional hierarchical system is dissolved, and 
innovation is no longer driven by instructions, but emerges from the bottom up by front-line employees 
augmented by AI capabilities. The talent structure is an inverted diamond shape, with primary 
operational positions largely replaced, and experts with AI thinking becoming the main force. AI 
becomes the primary productive force driving business growth. Performance appraisal is no longer 
limited to individuals, but reflects the comprehensive effectiveness of humans + AI.

L5 (Superintelligent prototype): Ecological organizational model, with an extremely flat structure, forming a 
dynamic value network across enterprises. A large number of decisions and executions are independently 
completed by AI agents, and humans step back to serve as ethical and strategic governors. The talent structure is 
a pine tree-shaped, high-density structure, retaining only top strategists and ethical experts. Organizational 
expansion no longer relies on hiring people, but on the growth of computing power, achieving true human-machine 
symbiosis.

Organization and talent: Cultural and organizational transformation 
for business-technology integration

The essence of AI reshaping banks is not only the iteration of technology, but also a profound 
transformation of the integration paradigm of productive forces and production relations. As a 
core dimension for measuring the transformation of AI banks, the evolution of organizational 
and talent maturity from L1 to L5 reflects the progression of the integration model between 
business and technology (AI).
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L1 (Pilot exploration period): Banks initially attempt AI with no unified 
planning for technology architecture. AI is connected to existing systems 
as plug-ins or embedded components. Models are mainly purchased 
externally or drawn from open-source communities, connected through 
interfaces and dependent on third-party support, with no independent 
computing power. The architecture is rigid, with high expansion costs and 
long cycles, making it difficult to support high-concurrency scenarios. The 
goal is to verify the feasibility of single-point tools, but scalability is poor 
and broader expansion remains difficult.

L2 (Scenario application period): AI applications begin to deepen, and banks build 
basic AI platforms to achieve centralized resource management and platform-based 
support. A computing power pool is established to support scenario fine-tuning and 
inference. AI capabilities are encapsulated as standard APIs and integrated into 
auxiliary links of core processes through service buses. A basic development and 
deployment pipeline is established to enable version management. The goal is to 
deploy AI applications at scale, but architecture coupling remains high, and new 
scenarios still require customized development.

L3 (Process reconstruction period): AI begins to drive process reconstruction, forming a 
cloud-native and microservice-based AI middle platform oriented towards process optimization. 
It supports efficient model development, deployment, and monitoring, and realizes deep 
coupling with business systems. Computing power supports multi-model parallelism and large-
scale inference, meeting the needs of high-concurrency, low-latency real-time decision-making 
and providing elastic expansion. MLOps is introduced to achieve semi-automated operations 
and maintenance, with independent fault diagnosis capabilities. The goal is to support process 
intelligence and automated decision-making.

L4 (Business integration period): Achieve deep integration of AI and business and establish a highly 
elastic and fast-innovating AI-native architecture, following the principle of AI first. It supports agent 
orchestration and collaboration. It builds a distributed heterogeneous computing power pool, with 
unified scheduling to support large-scale training and commercial inference. The architecture is 
elastically scalable, supporting the rapid launch of AI-native businesses. A mature MLOps system 
achieves full lifecycle automation and fault self-healing. The goal is to support the rapid integration of AI-
native businesses.

L5 (Superintelligent prototype): Banks evolve into AI-native super-intelligent prototypes. The technology 
architecture is open and boundless, breaking internal and external barriers. It builds a distributed computing power 
network, integrates cloud-edge-end resources, achieves ultra-large-scale scheduling and supports continuous 
learning and self-evolution of models. The architecture is highly scalable, able to quickly adapt to ecological scenarios 
and independently iterate. It has intelligent operation and maintenance capabilities, enabling autonomous 
optimization and self-repair of the architecture. The goal is to support cross-domain collaboration and ecological 
operation.

Technology architecture – from passive support to AI-native openness

As the core foundation of AI banks, the evolution of technology architecture is always deeply bound 
to scenario iteration and business needs, centering on three main lines: support upgrade, elasticity 
improvement and open collaboration. It has experienced a step-by-step evolution from passive 
adaptation tools to active support middle platforms, and then to open AI native. Initially, it supports 
pilot implementation through lightweight transformation; in the middle stage, it builds an AI-native 
architecture to achieve capability reuse; in the later stage, it forms an open ecosystem built on 
cutting-edge technologies. Its maturity directly determines the deployment efficiency, scenario 
coverage, innovation speed and ecological collaboration capabilities of AI applications, and is the 
core support and key constraint for banks' intelligent transformation.
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L1 (Pilot exploration period): Banks have not yet formed an AI 
governance system and mainly respond passively. AI is not incorporated 
into the risk and compliance framework, and there is a lack of clear 
responsibilities, systems and standards. Issues such as model risks, 
algorithmic bias and privacy security are usually exposed after the event 
and handled manually, and governance remains in a primary, event-driven 
state.

L2 (Scenario application period): With the gradual implementation of AI across 
multiple scenarios, banks begin to build an initial governance framework and clarify 
basic responsibilities, but the governance system remains fragmented. Risk 
identification is mainly based on case-by-case evaluation and passive response, and 
only limited compliance checks are carried out in some projects. There is no unified 
standard and management mechanism, and the overall governance capacity is still 
difficult to support large-scale applications.

L3 (Process reconstruction period): Banks form a relatively complete AI governance framework, 
with the core characteristic of independent model audit and ethical review. AI is systematically 
incorporated into the existing risk governance framework, and governance activities are model-
centered, covering risk identification, performance verification, fairness assessment and ethical 
evaluation after launch. Governance achieves a transition from disordered to rule-based, but still 
focuses on post-event control, making it difficult to provide continuous constraints on dynamic 
risks and large-scale applications.

L4 (Business integration period): Banks establish a regular, automated and refined AI governance 
system, with the core characteristic shifting to governance rules embedded in development platforms 
and business processes. Governance requirements are converted into system capabilities and 
embedded into the entire process of model development, deployment and operation. The scope of 
governance objects expands to model platforms and business processes, and rules are written into the 
system in the form of parameters and thresholds, making compliance an inherent attribute of system 
operation and supporting high-frequency iteration and deep business integration of AI within a highly 
trusted boundary.

L5 (Superintelligent prototype): The core characteristic of AI governance is ecosystem-level collaborative 
governance and adaptive operation. The scope of governance objects expands from single models and business 
processes to cross-institutional, cross-scenario ecosystem systems. Banks have established a governance system 
covering the entire lifecycle of models and achieve dynamic adjustments through data-driven and automated 
mechanisms. The AI system can support ecological resource allocation, value collaboration and complex risk 
analysis within the established governance framework. Governance is integrated into ecological operation logic in 
an endogenous, systematic way, supporting the stable and collaborative development of banks across a wider 
range of industrial scenarios.

Value and governance: Value deepening from cost saving to 
ecological revenue, and guarantee upgrade from compliance audit 
to embedded governance

The application of artificial intelligence in the banking industry is driving dual transformations 
in value creation and governance models. In terms of value, AI has gradually evolved from an 
auxiliary tool to improve efficiency to a core engine driving revenue growth and shaping 
differentiation, and ultimately to a value hub capable of reconstructing the financial ecosystem. 
At the same time, the AI governance paradigm is evolving from passive control to active 
leadership and from partial response to global co-governance.
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3.3 In-depth analysis: case study

Taking the most representative leap from L3 (process reconstruction) to L4 (business 
integration) as an example, four core capabilities must undergo qualitative transformations:

3.3.1 Leapfrogging of customers’ digital and intelligent management capabilities

The leap of banks' digital and intelligent customer management systems from L3 (journey 
reconstruction and intra-departmental connection) to L4 (value co-creation and cross-domain 
collaboration) marks a capability transformation from intelligent interaction and product 
matching on specific customer journeys to comprehensive financial solutions based on 
customers' panoramic scenarios and lifelong value. The core of this evolution is to build an 
intelligent management network that can actively perceive customers' diverse scenarios, 
anticipate complex needs, calculate using customers' full lifecycle value, integrate the bank's 
overall product and resource capabilities and make dynamic responses, promoting the bank's 
transformation into customers' full lifecycle financial partners and ecological value integrators.

In the L3 stage, banks achieve a significant advancement of digital and intelligent management 
centered on customer journeys: decision-making models and generative models are deeply 
integrated through a journey strategy engine, enabling accurate matching of people, products 
and scenarios at each node of specific journeys, guiding customers to move smoothly along the 
journey and upgrading product and service experiences. For example, in the retail wealth 
management business, for individual customers with salary payments, the system identifies 
customers' occupational situations and predicts their demand for financial products and 
services; for new employees of universities and hospitals, it gradually recommends credit cards, 
flexible wealth management and fixed-investment products, and provides personalized fund-
arrangement reminders before monthly salary payment to cultivate financial management 
habits; for customers about to receive year-end bonuses, it provides differentiated asset-
allocation recommendations based on customers' asset levels, consumption patterns and 
historical bonus arrangements to support smooth wealth growth.

However, the essence of the L3 model is still local optimization. When customer needs span 
corporate and retail businesses or involve long-term financial planning across life stages, the 
intelligent strategies of a single journey reveal inherent limitations.

The L4 stage pursues scenario perception and global optimization, with core capabilities that 
include actively perceiving customers' diverse real-time scenarios, predicting cross-cycle 
complex needs and dynamically integrating the bank's overall resources through a multi-agent 
collaborative network to co-create solutions with customers. This leap can be illustrated through 
the following typical scenarios:
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⚫ From salary payment services to comprehensive financial solutions for enterprises and 
employees: In the L3 stage, the salary payment journey focuses on employees' personal fund 
inflows and wealth management recommendations. Entering L4, the main agent simultaneously 
perceives changes in the salary payment model of corporate accounts and announcements of 
enterprises' equity incentive plans, and, combined with macroeconomic and industry trends, 
proactively issues collaborative instructions: the corporate agent provides human capital 
analysis and optimized bulk procurement solutions for enterprise HR, while the retail wealth 
agent synchronously generates differentiated, comprehensive solutions for employees at 
different tiers, including tax planning for equity incentive exercise, long-term incentive trusts 
and children's education fund reserves. This realizes a leap from salary payment services to 
talent value management partnership.

⚫ From wealth management product recommendations to dynamic companion of family’s full 
lifecycle asset allocation: In the L3 stage, wealth management sorts out different customer 
journeys for different scenarios, customer groups and products, forming an intelligent strategy 
closed loop for each journey. However, due to the complexity of implementation, collaboration 
between different journeys often cannot be achieved. In the L4 stage, the system constructs a 
comprehensive family financial view by integrating multidimensional real-time data such as 
family members' accounts, real estate holdings, insurance policies, future education and 
pension planning. When predicting that customers' children are about to enter the university 
application season, the main agent will dispatch the education fund planning agent to evaluate 
the existing reserve gap, the insurance agent to re-examine family protection and the 
investment agent to adjust asset allocation suggestions based on market outlook. Generative AI 
integrates these professional analyses into a dynamically updated family wealth health report 
and action recommendations, realizing the transformation from single journey service to 
customers' long-term professional companion and planner.

In summary, the evolution of banks' digital and intelligent customer management systems from L3 to 
L4 is more than just a technological upgrade – it is a profound transformation of banks' management 
philosophy and value creation model. By building a cross-domain intelligent collaborative network, 
banks can closely link customers' full lifecycle value, transform their professional services into 
financial modules that can be seamlessly embedded into customers' key production and living 
scenarios and establish a cooperative relationship with customers based on deep trust and value 
symbiosis, thereby forming their own unique core competitiveness.
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3.3.2  Trusted governance

With the deep integration of AI into banks' core businesses, the governance model relying solely on independent 
model audits and ethical reviews has gradually become unable to adapt to the surging number of models and 
their high-frequency iterations. The external governance represented by the process reconstruction period (L3), 
although able to control model risks to a certain extent, has clear limitations in supporting large-scale innovation 
and real-time risk prevention and control. Entering the business integration period (L4), some leading 
international financial institutions have begun to embed governance rules into model development platforms 
and business processes, achieving a step the leapfrogging of trusted governance capabilities through automated 
and systematic methods.

◼ Some of the banks widely apply artificial intelligence models in retail credit, anti-fraud, and compliance 
monitoring. For example,In the L3 stage, its governance mainly relies on the expanded model risk 
management framework. An independent model validation team reviews model stability, fairness and 
interpretability. High-risk models must be submitted to the Model Risk Committee for approval, and manual 
review is conducted regularly after launch. This model emphasizes professional independence, but 
governance activities are relatively separated from business systems, and there is a time lag in risk 
identification. Entering the L4 stage, the bank directly codes fairness thresholds, data drift indicators and 
model confidence requirements into the model release pipeline – models that do not meet the rules are 
automatically blocked from launch. During model operation, the system monitors in real time differences in 
customer group rejection rates and changes in input distribution, and automatically downgrades model 
permissions and switches to manual review once thresholds are triggered, thereby realizing continuous 
enforcement of governance rules on model behavior.

◼ Some of the banks in generative AI customer service also reflect the leapfrogging of AI governance maturity. 
For example,in the L3 stage, the institution established trusted AI principles and ethical review mechanisms, 
conducting ethical impact assessments and data compliance reviews on generative AI use cases, but still 
relies mainly on manual sampling during operation. With the high-frequency use of generative AI in customer 
service, the bank embedded governance capabilities into the model call link in the L4 stage, constructing a 
multi-layer governance mechanism: first, real-time scanning of model outputs to automatically intercept or 
rewrite non-compliant statements; second, assessing whether the dialogue exceeds the authorized business 
scenario and transferring to manual processing if it does; third, automatically upgrading and reviewing 
conversations that trigger risk rules multiple times. Through mechanized compliance control, compliance has 
transformed from post-event inspection to automated processing.

◼ Some of the bank groups reflect a platform-level governance approach. For example, In the L3 stage, the 
group established a group-wide trusted AI governance framework, implementing strict pre-event approval for 
AI use cases. Entering the L4 stage, the group shifted governance forward to the technical architecture level, 
establishing a unified AI access platform. All model calls must be completed through the platform, with has 
built-in permission control, data isolation and full-link log audit functions. For high-risk scenarios involving 
credit approval and compliance judgment, the system implements mandatory manual review mechanisms for 
risk control.

The above cases illustrate that the key to the leapfrogging of AI governance from L3 to L4 does not lie in adding 
more manual review links, but in converting governance rules into system capabilities, making compliance an 
inherent attribute of model operation and business processes. Through platform-based governance, real-time 
monitoring during operation and embedded governance rules, banks can support high-frequency iteration and 
large-scale application of AI within a trusted boundary, thereby achieving a dynamic balance between innovation 
efficiency and risk control.

AI bank white paper: Reconstructing the financial paradigm 
through intelligent agents

28



3.3.3  Risk management

From "full-process automated monitoring and 
approval" (L3) to "self-optimization of risk 
strategies and API-based output of risk 
capabilities" (L4), banks are moving toward 
intelligent, adaptive risk control. For example, 
agents can simulate risk transmission in supply 
chain scenarios in real time, dynamically adjust 
quotas at each link and even output risk control 
modules to industrial platforms.

The leap of banks' risk management systems from 
L3 to L4 marks a fundamental transformation from 
passive response to active evolution. The core of 
this evolution is to build an intelligent risk control 
system with self-learning, dynamic adjustment and 
ecological empowerment capabilities, promoting 
banks' transformation from risk control executors 
to strategy planners and ecological enablers.

In the L3 stage, banks' risk management systems 
have basically realized an end-to-end automated 
closed loop of "access – monitoring – disposal." For 
example, in the pre-loan stage, the system enables 
intelligent access judgment and automated 
approval decisions through the AI pre-inspection 
center. In the in-loan and post-loan stages, relying 
on the real-time risk early warning network –  
integrating transaction portraits, repayment 
behavior tracking and dynamic quota control – the 
system can identify risks and trigger response 
mechanisms within seconds, completing the initial 
shift from manual intervention to independent 
system operation.
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Entering the L4 stage, banks' risk management systems have further evolved from automated 
execution to intelligent decision making, with perception, cognition and independent governance 
capabilities. Banks' risk management systems can not only monitor in real time their own operating 
status, but also actively identify abnormalities and implement dynamic optimization. For example:

◼ By monitoring macroeconomic indicators in real time (such as GDP, CPI, interest rates and industry 
policies), the system can predict the risk evolution trends of specific industries, simulate their 
transmission paths in the supply chain and then submit dynamic optimization plans to the risk 
control decision-making layer in advance. For example, it may automatically lower the credit rating 
thresholds of upstream and downstream enterprises that are highly associated with the affected 
industry and tighten new credit policies. Conversely, when identifying supportive signals for 
emerging industries, it will recommend designing more attractive risk pricing models to help seize 
market opportunities.

◼ When detecting that the false positive rate of an anti-fraud model is abnormally high on weekends, 
the system can automatically adjust the sensitivity threshold or switch to a backup model, then 
restore the original configuration on working days, realizing adaptive calibration of algorithms.

◼ It treats the optimization of risk strategies as a continuous learning process. Through simulation 
testing and related algorithms, it achieves a dynamic balance between maximizing returns and 
minimizing risks.

◼ By building an offensive and defensive confrontation simulation environment, banks can actively 
simulate new attack techniques used by black industries, conduct stress tests on existing rules and 
quickly generate, verify and deploy protective strategies after discovering vulnerabilities, forming an 
adaptive defense system with self-evolution capabilities.

At the ecological empowerment level, in the L4 stage, banks can realize a model of risk control as a 
service. For example, in supply chain finance scenarios, banks can encapsulate dynamic credit risk 
control modules into standard APIs and embed them into the ERP systems of core enterprises. When 
suppliers initiate financing applications based on accounts receivable, the risk control API can retrieve 
in real time multidimensional data such as orders, logistics and acceptance records, dynamically assess 
transaction risks and verify credit quotas. If the system detects that the payment cycle of core 
enterprises is lengthening, it can proactively alert suppliers to potential risks and recommend switching 
to more suitable products such as order financing, realizing seamless collaboration between risk early 
warning and business guidance.

In summary, the evolution of banks' risk management systems from L3 to L4 is not only an upgrade of 
technical capabilities but also a strategic transformation of risk control systems from closed operation 
to open empowerment, and from post-event disposal to pre-event insight. Banks not only strengthen 
their own risk resistance capabilities but also transform risk control into an exportable core 
competitiveness, thereby promoting the collaborative development and stable operation of the entire 
industrial ecosystem.
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3.3.4  Back-office technology

◼ Some of banks are actively building a digital ecosystem spanning all business domains, aiming to achieve 
dual empowerment through internal efficiency enhancement and external comprehensive outreach. This 
drives the bank’s transformation toward a smarter, more efficient, integrated, innovative and inclusive 
digital intelligence model, gradually advancing from L3 to L4 maturity. For example, Its AI technology 
platform has evolved from isolated, point-based applications to a comprehensive foundation that supports 
organization-wide efficiency gains and end-to-end customer engagement, fostering deep integration and 
synergistic development between AI technologies and core business processes. In terms of computing 
infrastructure, the bank has established an AI computing resource pool based on large-scale domestically 
produced chip clusters, upgrading from standalone computing units to a scalable cluster architecture. It was 
also among the first in China’s financial industry to initiate the construction of a domestic super-node 
intelligent computing cluster. On model capability development, the bank adopts a dual-track strategy 
combining external acquisition and in-house innovation – actively integrating advanced industry-wide large 
models while developing proprietary, enterprise-grade large models. This approach enables the gradual 
establishment of a comprehensive AI model system covering multiple domains and capabilities. Through a 
systematic model development roadmap, the bank has built a mature AI capability framework, achieving full 
lifecycle management of models – from introduction to retirement – supporting the rapid incubation and 
iteration of over 200 large-model application scenarios.

◼ Some of banks are advancing the deep integration of AI with financial services, continuously driving digital 
and intelligent transformation and rapidly evolving toward L4 maturity. For example, Its AI technology 
platform is built on an enterprise-grade large model platform, applying AI across multiple business scenarios 
such as intelligent coding and intelligent customer service. The platform is further evolving into a support 
system capable of developing and running intelligent agents, enabling the creation and operation of 
sophisticated agents that can understand customer intent and assist with complex product operations. In 
computing infrastructure, the bank has established a centralized computing pool, progressing toward an 
intelligent cloud architecture with elastic scheduling and cost optimization, providing on-demand computing 
resources for intelligent agents and large-model applications to support high-concurrency, low-latency AI 
services. At the same time, by building a hybrid model matrix that combines large and small models, the bank 
enables model ensemble applications in key areas such as trade banking and capital management, 
significantly enhancing the intelligence level of business processing. The bank also emphasizes a continuous 
improvement mechanism based on business feedback – using real-world operational data generated by 
intelligent agents to refine and optimize models, forming a closed-loop enhancement path from business to 
technology. Intelligent agents not only deliver seamless, end-to-end services to customers but also integrate 
deeply into core business areas such as capital management, driving business model innovation.

In general, the evolution from L3 to L4 is essentially a transformation of the technology architecture from 
supporting processes to business intelligence. Compared with AI-native banks, traditional banks have already 
demonstrated typical L4 characteristics in their digital transformation journeys, but they are still in the stage of 
deepening L3 while exploring L4.
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“4.1 General principles: Value leadership, 
ecosystem co-construction, governance escort

Successful transformation requires adhering to three 
principles:

Implementation roadmap –  
Precision navigation based 
on maturity

1 2 3
Taking clear business 

value (revenue increase, 

cost reduction, risk 

control) as the starting 

point and measurement 

criterion

Making up for capability 

shortcomings through 

open ecological 

cooperation to avoid 

working in isolation

Integrating trusted 

governance throughout 

as a safety belt for 

innovation



◼ Break the traditional hierarchical structure and form an integrated team of "customer 
management agents + front-end business teams," with agents undertaking data analysis and 
decision-making suggestions and business teams focusing on customer services.

◼ Establish an assessment system for AI-native businesses, incorporating ecosystem revenue 
and customer LTV improvement into core indicators to drive business model upgrading.

◼ Realize full-process automation of "model development – training – deployment – iteration," 
supporting the integrated application of large models and traditional machine learning models.

◼ Design AI-native products for customer management scenarios (such as dynamically priced 
consumer loans and intelligent investment advisory portfolios) and enable the model factory to 
independently complete the development and iteration of product models.

◼ Develop data mining algorithms based on customer management data assets to independently 
identify customers' potential needs (such as study abroad and pension financial needs), 
enabling proactive insight discovery. 

◼ Promote data asset pricing and output desensitized customer behavior data to cooperative 
ecological partners (such as education and cultural tourism platforms) and obtain ecosystem-
level value returns.

◼ Form a cross-departmental team of "business + technology + data" responsible for the AI 
reconstruction and implementation of customer management processes, ensuring data and 
model construction are not divorced from business needs.

◼ Establish an agile working mechanism and promote process optimization following the rhythm 
of "pilot - verification – promotion.“ Synchronize business feedback weekly and iterate models 
accordingly.

◼ Select high-value processes in customer management (such as wealth management marketing 
and consumer loan recommendation) and build a multi-model collaborative system of “portrait 
modelling + product matching + reach decision-making.”

◼ Introduce automated feature engineering tools, establish model monitoring mechanisms and 
enable real-time early warning of model drift to ensure decision accuracy.

◼ Sort out data sources for the entire customer management chain (internal transactions, 
external cooperation, real-time behaviour data) and formulate unified data governance 
specifications covering data cleaning, label system and permission control.

◼ Access real-time data streams such as the Internet of Things inputs and government service 
platforms, and build a 360° customer portrait data asset library for customer management 
scenarios to support real-time data retrieval and value quantification.
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Second stage: L3 → L4 (Business integration period, 12-24 months)

First stage: L2 → L3 (Process reconstruction period, 6-12 months)

Process 
reconstruct
ion period

Scenario 
application 

period

1. Data side: Build an enterprise-level data middle platform to realize data 
assetization

2. Model side: Build a multi-model collaborative architecture to implement end-to-
end intelligent processes

3. Organization side: Establish a cross-departmental CoE (Center of Excellence) to 
break business barriers

1. Data side: Upgrade the data brain to realize the external output of data value

2. Model side: Build an MLOps platform to establish a primary model factory

3. Business side: Promote organizational reconstruction and implement the 
"business + agent" integration model

4.2 Advancement roadmap: Key tasks from L2 to L4

For most institutions building AI banks that are in L2 and moving toward L3/L4, progress 
needs to be made around the dual main lines of data and model ecosystem upgrading + 
business scenario implementation. The core tasks are divided into two stages as follows:

Business 
integration 

period



I. Market overview: The AI advantage of small and medium-sized banks comes from 
focus rather than scale

From the practices of North American community banks, European specialized banks and Asian 
regional banks, the most common and effective successful paths of AI in small and medium-sized 
banks share the following characteristics:

• They do not pursue the construction of a bank-wide, unified AI platform.

• They clearly focus on one to two high-value business scenarios.

• They compensate for data, models and technical capabilities through external ecosystems.

• They form local leadership within segmented customer groups or regional markets.

This is fundamentally different from the approach of large banks that promote comprehensive 
intelligence relying on scale advantages.

II. Path selection: small and medium-sized banks should not copy the AI-bank model of 
large banks

The AI-bank construction model of large banks typically aims for a "unified data base + central model 
factory + full-process automation," which depends on long-term high investment, strong governance 
and strong technical organizational capabilities.

If regional banks simply adopt this model, they often encounter three major challenges:

• Mismatch between investment intensity and revenue structure

• Technical complexity that exceeds organizational carrying capacity

• Amplified AI risks and compliance costs

EY recommends that the regional banks prioritize serving clear business goals rather than pursuing 
technical completeness when building AI-banks capabilities.

III. Path recommendations: Strategic focus + ecological empowerment

Based on global practices and aligned with the requirements of China's 15th Five-Year Plan and 
related financial regulatory policies, EY recommends that small and medium-sized banks adopt a path 
of strategic intelligence, with three core principles:

Strategic focus: Clarify that the primary goal of AI is not to "improve the efficiency of the entire 
bank," but to strengthen the core business capabilities with the strongest regional or customer-group 
advantages, such as:

• Micro, small and medium-sized enterprise (MSME) and inclusive finance

• Sci-tech innovation and industrial chain finance

• Agriculture, county and characteristic industrial finance

Scenario-driven: Build relatively independent and quickly implementable AI capability units around a 
single core scenario, rather than transforming the entire bank's systems all at once.

Ecological collaboration: Proactively deepen cooperation with local government platforms, local 
industrial platforms and third-party technology companies with strong credit and technical 
capabilities. Through capability combination rather than independent R&D, small and medium-size 
banks can shorten construction cycles and reduce trial-and-error costs.

4.3 Special recommendations: Agile breakthrough path for small and 
medium-sized banks
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IV. Value positioning: AI as a capability amplifier rather than a cost center

Successful experiences from global regional banks show that the optimal role of AI in 
small and medium-sized banks is not to replace human resources or achieve full 
automation, but to:

• Significantly improve risk identification and pricing capabilities

• Enhance service capabilities for complex, small-scale customers

• Reduce reliance on individual experience and realize standardized, replicable 
capabilities

When AI is used to amplify existing business advantages rather than to create new 
business forms, its input-output ratio and sustainability are significantly improved.

V. Trend prediction: Evolution direction of AI-banks for small and medium-sized banks

EY predicts that in the next 3-5 years, the AI-bank models of regional banks will evolve 
along the following directions:

• From technology-oriented to strategy and value-oriented

• From platform-based construction to modular and scenario-based capability 
accumulation

• Gradually expanding application boundaries under strict frameworks of interpretability, 
auditability and regulatory compliance

For regional banks, becoming an AI-bank does not mean achieving full intelligence. 
Instead, it means being smart enough and continuously leading in key business areas.
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Talent strategy: Implement the “golden seed" program

Through a “learning – training – practice" model, banks can quickly cultivate a 
group of interdisciplinary talent who understand business, data and AI.

Organizational transformation

Gradually evolve from the traditional hierarchical system to an agile network 
structure of “outposts (business teams) + hub (capability platform)".

Learning

Cognitive reconstruction and 
general knowledge popularization: 
Establish a hierarchical AI general 
knowledge curriculum system. 
For senior management, focus on 
AI leadership training to 
strengthen their understanding of 
technical boundaries and ethical 
responsibilities; for business 
backbones (the “golden seed" 
reserve team), conduct training 
on prompt engineering and basic 
data governance to help them 
master the new ways of 
interacting with AI agents and 
eliminate fears of black-box 
technologies.

Training

Scene simulation: Build a financial 
AI training sandbox. Different 
from traditional theoretical 
training, create a simulated 
business environment based on 
desensitized data. Trainees need 
to complete the entire process 
from data cleaning and feature 
engineering to model optimization 
in the sandbox. Through scenario-
based learning, reduce trial-and-
error costs, cultivate the ability 
to translate business pain points 
into technical requirements, and 
incubate the first batch of 
"citizen developers".

Practice

Practical delivery and two-way 
secondment: Incorporate the 
“golden seeds" into the bank's 
strategic key projects. Implement a 
two-line assessment system in 
practice: business personnel act as 
AI product managers and are 
responsible for the realized value of 
models; technical personnel go deep 
into network or approval frontlines 
to gain insight into the pain points of 
the last mile and are responsible for 
the final business conversion rate. 
Through deeply coupled practical 
experience, enable the “golden 
seeds" to complete their ability 
transformation by solving specific 
problems.

Build an intensive enterprise-
level capability middle platform:

To avoid redundant construction by 
outposts, banks need to integrate 
scattered data assets, algorithm 
models and computing power 
resources to build a unified AI 
middle platform, providing 
capability assets packaged for 
front-end use. Establish an AI ethics 
committee focused on model risk 
governance, responsible for building 
a bank-wide AI governance 
framework, coordinating the full 
lifecycle risk monitoring and 
compliance early warning of models, 
and ensuring that technological 
innovation operates within the 
regulatory compliance system.

Deploy all-round agile teams:

Break departmental barriers and 
form cross-functional agile teams 
that include business personnel, 
data analysts, algorithm 
engineers and other roles in core 
business lines such as retail 
finance, corporate finance and 
financial markets, and give them 
sufficient operational decision-
making power. In the L4 stage, AI 
agents can be introduced as team 
members to handle high-
frequency and standardized tasks.

Establish a market-oriented 
internal collaboration mechanism:

 Build a settlement mechanism based 
on internal transfer pricing between 
the middle platform and the front 
office. The front office purchases 
computing power and model services 
from the middle platform by creating 
actual business value (such as AUM 
growth and lower non-performing 
rates), quantifies technical value 
through input-output ratios, and drives 
the organization to shift from 
administrative, order-driven to value-
contract-driven operations, forming a 
virtuous closed loop of demand-driven 
supply and supply-empowered demand.

4.4 Organization and talent: An indispensable engine for change

AI bank white paper: Reconstructing the financial paradigm 
through intelligent agents

36



4.5 Governance framework: Establish a dynamically 
evolving risk governance model aligned with maturity 
levels to ensure controlled innovation

The development of AI in banks requires a dynamically evolving governance model 
that matches their technical and business maturity. By deeply integrating 
governance requirements into the entire lifecycle of AI, banks can achieve the 
transformation from passive compliance to active empowerment. While fully 
releasing technical potential, they must also systematically manage the complexity, 
uncertainty and new risks associated with innovation, ensuring that AI always 
operates on a safe, reliable and trusted track.

Firstly, the dynamic risk governance model needs to match AI maturity. AI systems 
at different maturity stages have significant differences in technical stability, 
application complexity and organizational governance capabilities, and their 
capacity to absorb risk control also varies. The governance model should take 
maturity as the core basis for configuring governance intensity and delegation 
boundaries: emphasize risk isolation and manual control in the early stage and 
gradually introduce automated governance and flexible constraints in the high-
maturity stage, avoiding hindering innovation due to uniform governance.

Secondly, the key to realizing the parallel development of governance and 
innovation lies in building a governance mechanism that links maturity and risk 
levels. On the basis of maturity classification, banks should further distinguish the 
risk levels of different AI application scenarios and accurately match governance 
measures with risk assessment results. For low-risk and high-maturity applications, 
governance can rely more on operational monitoring and post-event correction; for 
high-risk or low-maturity applications, it is necessary to strengthen pre-event 
review, manual intervention and usage restrictions. Through the linkage 
configuration of "maturity – risk – control intensity", banks can realize the precise 
allocation of governance resources.

In addition, the effective operation of the dynamic risk governance model relies on 
the continuous embedding and feedback adjustment of governance mechanisms in 
the entire lifecycle of AI. Risk governance should cover the entire process of design, 
development, deployment, operation and change, and dynamically identify model 
behavior deviations and risk accumulation through operational monitoring and 
indicator feedback. On this basis, governance results should feed back into maturity 
assessment and governance intensity configuration, enabling delegation and 
constraints to be dynamically adjusted with governance performance. By combining 
lifecycle governance with feedback mechanisms, risk governance is no longer a one-
time institutional arrangement but an endogenous mechanism that continuously 
optimizes with the evolution of AI capabilities.

In summary, the dynamic risk governance model matching the maturity of bank AI 
models is based on maturity classification, centered on risk stratification and 
supported by full lifecycle management and continuous feedback. By dynamically 
adjusting governance intensity, this model provides a stable and flexible 
institutional environment for the innovative application of bank AI, ensuring 
controllable risks and clear responsibilities, and realizing the long-term balance 
between innovative development and sound governance.
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5.1 Core conclusion: The essence of competition lies in ecosystem and trust

The ultimate battlefield of AI bank competition is not the simple stacking of 
technologies, but the ability to build a new financial ecosystem based on trust, 
centered on intelligent agents and supported by open platforms. The winners 
in the future will be those institutions that can most effectively convert 
technical potential into customer trust, ecological collaboration and 
sustainable business value.

5.2 Future outlook: China’s contributions and global insights

The value of China's exploration in AI finance lies not only in the speed of 
application, but also in providing a practical model for balancing innovation 
and safety amid rapid development. China's huge real-economy scenarios, 
unique digital ecosystem and rich data resources are expected to nurture an 
intelligent financial model distinct from Western pathways, contributing to 
greater global financial inclusiveness and resilience.

5.3 EY’s commitment: driving responsible innovation with you

As the financial industry enters a new era shaped by AI, EY brings the full 
strength of the globally unified EY.ai platform together with deep experience 
across audit, consulting, tax, strategy and transactions to help clients 
accelerate AI transformation with confidence. We go beyond assessing 
technology to guiding its practical, scalable and responsible deployment so it 
delivers measurable business outcomes. Our shared goal: embrace AI 
responsibly and build a more effective, inclusive and resilient financial system.

Conclusion – 
Toward a people-centered 
intelligent financial future
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