Journal of Economics and Management Sciences; Vol. 8, No. 4; 2025
@ISDEEQSD ISSN 2576-3008 E-ISSN 2576-3016
https://doi.org/10.30560/jems.v8n4p43

Research on Innovative Pathways for Empowering Corporate
Financial Management with Generative Artificial Intelligence

Yingman Peng!

! Tianjin University of Commerce, China
Correspondence: Yingman Peng, Tianjin University of Commerce, Tianjin 300134, China.

Received: July 19, 2025; Accepted: July 27, 2025; Published: July 28, 2025

Abstract

With the rapid advancement of digital transformation and artificial intelligence technologies, generative artificial
intelligence (Generative Al) has shown broad application prospects in the domain of corporate management. Based
on the Technology—Organization—Environment (TOE) theoretical framework and value-chain reengineering
theory, this paper constructs an optimized model for empowering corporate financial management with Generative
AL First, it analyzes the core capabilities of generative models in data synthesis, text comprehension, and decision
support, and explores innovative pathways for multi-scenario automatic budget preparation, dynamic financial
forecasting, and automated compliance audit report generation within the contexts of corporate budgeting,
predictive analysis, and risk control. Second, it proposes implementation strategies—such as organizational
restructuring, enhancement of data-governance systems, and establishment of continuous iteration mechanisms—
and, drawing on representative enterprise case studies, demonstrates how Generative Al improves forecast
accuracy, optimizes risk alerts, and enhances audit efficiency. Finally, it addresses challenges related to model
bias, data-privacy protection, computational resource investment, and algorithmic transparency, offering technical
improvements and governance measures to guide enterprises in deploying Generative Al applications under
compliance and ethical constraints. The study shows that Generative Al not only elevates the intelligence level of
financial management but also drives enterprise value creation and sustained innovation through dynamic decision
support.

Keywords: generative artificial intelligence, corporate financial management, intelligent budgeting, risk alerting,
data governance

1. Introduction

Driven by global economic integration and the wave of digitalization, enterprises today operate in increasingly
complex and volatile markets. Traditional financial management approaches—anchored in rigid rules and
accumulated experience—struggle to deliver the rapid responsiveness and precision decision-making that modern
business demands. Generative artificial intelligence (Generative Al), with its exceptional capabilities in large-scale
data modeling, natural-language understanding, and content generation, offers a transformative opportunity for
corporate financial management. Unlike conventional forecasting models, Generative Al can uncover deep
correlations across heterogeneous data sources and provide more forward-looking and dynamic decision support
for budgeting, cash-flow forecasting, risk detection, and compliance auditing. For example, a leading global
consumer-goods group introduced a dynamic budgeting system based on large-scale pre-trained models. This
system reduced their quarterly budget-preparation cycle from three weeks to three days and cut forecast error rates
by 15%, markedly improving both efficiency and accuracy in financial management.Despite its substantial
promise, deploying Generative Al in financial management presents significant challenges: high integration
complexity, uneven data quality, limited model interpretability, and organizational-change resistance. This paper
employs the TOE framework and value-chain reengineering theory to analyze the technological prerequisites,
organizational coordination, and environmental drivers underpinning Generative AI’s application in finance. It
constructs an innovation-pathway system covering intelligent budgeting and forecasting, risk alerting and
compliance monitoring, as well as decision support and continuous optimization. By examining implementation
strategies and illustrative case studies, the paper aims to provide practical guidance for enterprises to build
sustainable Generative Al-driven financial solutions within compliance and ethical boundaries, laying the
theoretical and methodological groundwork for future research and wider adoption.
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2. Literature Review
2.1 Development and Application Status of Generative Artificial Intelligence Technologies

Since Kingma and Welling introduced the Variational Autoencoder (VAE) in 2013 and Goodfellow et al. proposed
Generative Adversarial Networks (GANSs) in 2014, generative Al technologies have entered a period of rapid
growth. VAEs model high-dimensional data probabilistically by maximizing the Evidence Lower Bound (ELBO),
preserving key features during compression and reconstruction. GANs employ a game-theoretic framework in
which a generator and discriminator compete to produce highly realistic synthetic samples. The 2017 introduction
of the Transformer architecture revolutionized sequence modeling: its self-attention mechanism enhances the
modeling of long-range dependencies and greatly improves parallel computation efficiency. Building on this
architecture, the Generative Pre-trained Transformer (GPT) series has achieved—or even exceeded—human-level
performance on a variety of natural-language tasks such as text generation, summarization, and dialogue systems,
laying a solid foundation for the practical application of generative Al.After 2020, Diffusion Models gained
prominence for their stable training processes and high-quality outputs, driving advances in multimodal generation
across images and audio[1]. Simultaneously, multimodal large models (e.g., DALL-E, CLIP, Imagen) achieved
notable breakthroughs in cross-domain content understanding and generation, offering richer input and output
forms for enterprise use. Today, generative models are widely applied in automated news writing, financial-report
generation, code completion, contract review, and risk notification. In the financial management field, research
has leveraged pre-trained language models for intelligent interpretation of financial statements and anomaly
detection, assisting auditors in uncovering hidden risks through deep semantic analysis. Other practical cases have
employed GANs to augment historical data in cash-flow forecasting, reducing prediction errors caused by sparse
samples. However, because corporate financial data are highly sensitive and structured, real-world deployment of
generative models still faces significant challenges in data security, model interpretability, and regulatory
compliance—challenges that heighten the demands on subsequent innovation-pathway design and implementation
strategies[2].

2.2 Research Progress in Corporate Financial Management Innovation

As information technology deepens its integration with industry and digital transformation accelerates, corporate
financial management has seen a wealth of innovative practices and research findings. From the perspective of
process automation, Robotic Process Automation (RPA) has been widely adopted in high-frequency, repetitive
tasks such as invoice processing, expense auditing, and account reconciliation, substantially reducing labor costs
and improving data-processing accuracy. Financial Shared Service Centers, built on cloud computing and mobile
connectivity, centralize business processes and data platforms, enabling consolidated cash management and real-
time monitoring, and thus creating efficient, transparent financial-operations architectures.At the decision-support
level, big data and Business Intelligence (BI) tools play pivotal roles in monitoring financial metrics, evaluating
performance, and generating operational insights[3]. Studies indicate that Online Analytical Processing (OLAP)
based on multidimensional data warehouses, combined with interactive dashboards, helps management promptly
detect operational risks and market changes, while empowering finance teams with self-service analytics.
Moreover, statistical learning and machine-learning models have achieved significant results in financial
forecasting, credit assessment, and risk control. For instance, leveraging time-series models and regression analysis
for medium- and long-term cash-flow forecasts can effectively mitigate the risk of a cash shortfall due to
information asymmetry.In recent years, blockchain technology has also gained traction in supply-chain finance
and accounts-receivable management. By employing distributed ledgers and smart contracts, blockchain enables
collaborative financing and fund settlement across multiple parties, enhancing transaction transparency and
reducing credit risk. Integrating blockchain with Internet-of-Things (IoT) devices further provides end-to-end
traceability for fixed-asset management and revenue recognition. In compliance and auditing, the concepts of
“continuous auditing” and “real-time monitoring” have become consensus goals in both academia and practice.
Researchers have proposed dynamic-auditing models based on stream-processing and anomaly-detection
algorithms to replace traditional ex post sample auditing, enabling early warning of financial fraud and business
irregularities.Overall, existing research has established a substantial theoretical and practical foundation in areas
such as financial-process automation, intelligent decision support, and risk governance. However, most efforts
focus on single technologies or isolated business segments. How to deeply integrate generative Al with existing
financial-management systems to build cross-scenario, end-to-end unified solutions remains a critical topic for
future exploration[4].
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3. Theoretical Foundation and Analysis Framework
3.1 Technology Empowerment Perspective

The Technology—Organization—Environment (TOE) framework emphasizes that the adoption and application of a
new technology depend not only on its intrinsic features but also on the organization’s resource readiness and
external support and constraints.Technology dimension: Core Generative Al technologies include large-scale pre-
trained models, multimodal data fusion, and self-supervised learning algorithms. These capabilities enable
corporate finance teams to efficiently mine latent patterns from historical data, automatically generate analytical
reports, and simulate multiple financial scenarios. Thanks to their scalability, generative models can adapt flexibly
to evolving business requirements, and through incremental fine-tuning and online learning, provide precise
support for distinct financial modules (e.g., budgeting, forecasting, risk auditing).Organization dimension:
Companies must establish a robust data-governance framework to ensure underlying data integrity, consistency,
and security. Cross-functional teams—comprising finance, IT, and business units—should be formed with clearly
defined roles, collaborative processes, and agile development cycles to accelerate both deployment and continuous
optimization of Generative Al solutions[5]. Talent development and cultural change are equally vital: hiring data
scientists with deep-learning expertise must go hand in hand with educating finance professionals in Al
methodologies to build trust and dispel “black-box™ concerns, thereby fostering data-driven
collaboration.Environment dimension: External factors include regulations, industry standards, and competitive
pressure. With the enactment of laws such as the Data Security Law and Personal Information Protection Law,
enterprises handling sensitive financial data via generative models must comply with traceability requirements and
implement privacy-preserving strategies. Simultaneously, finance-focused Al has become a competitive frontier;
market leaders leverage technology innovation to gain differentiation, compelling others to accelerate digital
transformation. The TOE framework thus provides a holistic lens—assessing technological conditions,
organizational capacities, and environmental constraints—to guide the design and execution of innovative Al-
empowered financial pathways[6].

3.2 Financial Management Optimization Model

Drawing on value-chain theory and business-process reengineering, the Financial Management Optimization
Model seeks to break down traditional “functional silos” by smartly transforming the entire “input—process—output”
chain.Value-chain segmentation: Financial activities are divided into five core stages—cost accounting, cash
planning, performance evaluation, risk control, and decision support—mapping the flow of information, business
activities, and value creation across each.Process reengineering: High-frequency, rule-based tasks susceptible to
human error (e.g., voucher creation, account reconciliation, report compilation) are redesigned so that generative
models replace manual steps. “Human—machine collaboration” is embedded at every node of data collection,
semantic interpretation, and report drafting. Architectural integration: Generative Al acts as the driving engine: by
self-supervised pre-training and supervised fine-tuning, it fuses historical financial records, industry benchmarks,
and macroeconomic indicators into a multidimensional input to auto-generate budget assumptions, cash-flow
scenarios, and risk-alert narratives. The Al layer interfaces seamlessly with existing ERP, BI, and RPA systems in
a three-tier structure—front-end business systems, a centralized data-governance middle tier, and back-end
intelligent analytics.Continuous iteration: Leveraging online learning and incremental feedback loops, the system
ingests real-world execution data from new scenarios to continually refine its generation strategies and decision
logic.By implementing this optimization model, enterprises can markedly enhance both the efficiency and
accuracy of financial processes, gain highly interpretable, actionable insights through multi-scenario simulation
and dynamic adjustments, and shift finance from “ex post accounting” toward “forward-looking decision support,”
thereby driving sustainable value creation[7].

4. Innovation Pathway Design
4.1 Intelligent Budgeting and Forecasting

In traditional finance, budget preparation relies heavily on manual aggregation of historical data and rule-based
adjustments—tasks that are time-consuming and prone to bias. A Generative Al-powered budgeting system
preprocesses heterogeneous data from ERP, CRM, and SCM platforms, then employs large-scale language models
(e.g., GPT, T5) alongside self-supervised time-series architectures (e.g., Transformer-Time Series) to learn from
historical financial records, industry benchmarks, and macroeconomic indicators[8]. The system automatically
generates multi-scenario budgets covering revenues, costs, expenses, and cash flows. Users can produce annual,
quarterly, or monthly budgets for different business units, product lines, and regions with a single click, and
instantly rerun simulations based on custom “what-if” inputs—such as shifts in exchange rates, interest rates, or
seasonality—providing management with highly anticipatory and flexible decision support.For forecasting,
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Generative Al integrates deep neural networks with Bayesian generative approaches to model probabilistic
distributions of uncertain metrics (e.g., sales volatility, accounts-receivable turnover) rather than simple point
estimates. Through online learning, the model continually updates with actual execution data and management
feedback, ensuring rapid adaptation to market shocks and internal anomalies[9]. Outputs are delivered via dual
channels—a natural-language report and interactive visual dashboard—automatically drafting explanatory text
that highlights key assumptions, risk caveats, and scenario comparisons, while plotting trajectories and confidence
intervals. This intelligent budgeting and forecasting framework can shrink budget cycles from weeks to hours and
reduce forecast errors to within controllable bounds, facilitating finance’s evolution from “historical accounting”
to “forward-looking guidance.”

4.2 Risk Identification and Compliance Monitoring

Effective financial management hinges on early detection of potential risks and strict adherence to regulatory
requirements. Generative Al, trained on vast corpora of transactional records, contract clauses, and regulatory texts,
excels at uncovering hidden anomaly patterns and explaining their likely causes in natural language. For instance,
if the system flags a supplier’s payment timing or procurement volume as deviating from contractual norms, it will
generate a concise explanation specifying the variance, associated fraud risk, and benchmarked recommendations.
By semantically parsing legislative updates—such as new tax policies or accounting standards—the model embeds
compliance checks directly into workflows for financial statements, cost allocations, and tax filings.Leveraging
continuous auditing and real-time monitoring, the system scans vouchers, fund flows, and internal-control
executions without interruption. Upon detecting unauthorized payments, duplicate entries, or permission
anomalies, it triggers multi-level alerts and auto-generates compliance-report templates to expedite audit reviews.
Moreover, by learning from past audit findings and investigation outcomes, the model iteratively refines its
anomaly-detection algorithms, boosting sensitivity to emerging fraud schemes. Ultimately, Generative Al
minimizes manual review blind spots and repetitive tasks, delivering a fully traceable, explainable, and enterprise-
ready end-to-end risk-management solution that safeguards compliance while enhancing operational
efficiency[10].

5. Implementation Strategies and Case Studies
5.1 Pilot-Assess—Optimize—Scale Roadmap

To achieve the efficient implementation of generative artificial intelligence in enterprise financial management, a
four-step iterative advancement process of "pilot - evaluation - optimization - promotion" should be followed. First,
select typical scenarios within the financial shared service center or key business units to conduct small-scale pilot
projects, verify the application effect of the model in budget preparation, risk early warning and other links, and
evaluate it in combination with user feedback, prediction accuracy and system stability indicators[11]. After the
accumulation of pilot experience, the technical solution, data governance process and organizational collaboration
mechanism will be optimized based on the assessment results, and the model algorithm and interface integration
will be improved. Subsequently, it will be expanded in phases to the entire group or multiple business lines to
ensure that the platform's performance and security meet the high concurrency requirements[12]. Through
continuous monitoring and incremental iteration, it will guarantee that the model always remains adaptable to new
business scenarios. Ultimately, incorporate generative artificial intelligence solutions into the enterprise's
standardized financial processes, combine them with performance assessment and incentive mechanisms, promote
the continuous integration of technology, organization and processes, and achieve a comprehensive transformation
of financial management from "post-event accounting" to "forward-looking drive".The following table 1
summarizes the main strategies and key elements of each stage:

Table 1. Key Strategies and Elements by Phase

. . L Responsible
Phase Main Strategy Key Actions Timeline P
Departments
Select pilot scenarios Choose representative business unit; Months 1 - Finance Shared
Pilot and build small-scale ingest multisource data; deploy ) Service CenterIT
prototype generative Al Department
Analyze forecast errors & user
Collect feedback, . Y . . Data-Governance
satisfaction; adjust model Months 3 - .
Assess evaluate performance, . TeamFinance
. parameters; refine data cleansing 4
iterate Department

and interfaces
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Phase-by-phase Implement containerized

Optimize & . deployment & load balancing; Months 5 - IT DepartmentRisk &
expansion; strengthen . .
Scale . ) enforce access control & audit 8 Compliance
stability & security .
logging

Develop implementation guide,
training & assessment plans;
configure automated monitoring &
feedback channels

Embed solution into
Institutionalize  standard processes;
establish incentives

Months 9 - Strategy
12 and OfficeHuman
ongoing Resources

5.2 Enterprise Case Studies

To verify the real-world impact of Generative Al, we examined two representative enterprises—Global Consumer-
Goods Group A (Group A) and High-Tech Manufacturer B (Company B)—comparing key metrics before and
after deploying intelligent budgeting and risk-monitoring modules[13].

Group A: Dynamic Budget Generation System

Before the pilot, Group A’s quarterly budget took an average of 15 working days to prepare, with forecast errors
of £12%. After deployment, the cycle shrank to 3 working days and forecast errors stabilized at £5%, significantly
improving both efficiency and accuracy (see Table 2).

Table 2. Group A: Dynamic Budget System Performance Comparison

Metric Pre-Pilot Post-Pilot Improvement
Quarterly budget-preparation cycle 15 working days 3 working days - 80%
Forecast-error range +12% +5% - 58%
Manual adjustments per quarter 10 2 - 80%

Company B: Risk Identification & Compliance Audit

Company B applied generative models to risk detection and automated audit-report generation. Prior to the pilot,
the audit team manually reviewed approximately 1,200 vouchers per month, taking 25 working days[14]. Post-
pilot, the system automatically flagged 98% of high-risk vouchers and generated preliminary compliance reports
in 5 working days. Audit-opinion accuracy rose from 85% to 94% (see Table 3), reducing auditor workload and
enhancing compliance.

Table 3. Company B: Risk Identification & Compliance Audit Efficiency

Metric Pre-Pilot Post-Pilot Notes
Vouchers manually reviewed 1,200 1,200 (98% auto-flagged) High-risk flagging rate
Audit-report generation cycle 25 working days 5 working days - 80%
Audit-opinion accuracy 85% 94% +10.6%

These cases demonstrate that Generative Al can deliver transformative gains in budget-cycle times, forecast
precision, risk-detection speed, and audit quality—powerfully supporting finance’s shift toward intelligent,
forward-looking management[15].

6. Challenges and Countermeasures
6.1 Technical and Data-Security Challenges

Generative Al models demand substantial computational power and high-quality data. On one hand, large-scale
pre-training requires long hours of iterative training on distributed GPU/TPU clusters, entailing significant
resource investment. During inference, high-performance serving is needed to ensure real-time responsiveness,
placing stringent availability and scalability requirements on infrastructure. Insufficient resources can lead to stale
models, slow responses, or even system outages, disrupting the continuity and stability of financial operations[16].
To address this, enterprises should decouple training and inference environments by combining elastic cloud
services with containerized deployments, and implement automated scaling and cost-monitoring to enable
dynamic, fine-grained allocation of compute resources.On the other hand, financial data are highly sensitive and
subject to strict compliance requirements[17]. During training, generative models must access historical
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transaction records, contract text, and personnel information; without robust data governance, this risks
unauthorized exposure or misuse. Moreover, the “black-box” nature of deep models makes their outputs difficult
to trace, complicating audit and compliance reviews[18]. To meet these challenges, enterprises must build an end-
to-end data-security architecture: at the data layer, enforce fine-grained access controls and encrypted storage, and
leverage techniques such as secure multi-party computation or federated learning to minimize exposure of sensitive
data; at the model layer, adopt explainable-Al methods—such as attention-map visualizations and model-behavior
logging—to ensure outputs are auditable; and at the operations layer, conduct continuous security scanning,
vulnerability assessments, and incident-response drills to promptly identify and remediate risks, thus balancing
technological empowerment with data security[19].

6.2 Ethical and Regulatory Compliance

Algorithmic transparency and decision explainability are essential for passing ethical and regulatory reviews. First,
enterprises should establish a model-governance framework that logs, end-to-end, each generation module’s input
data, model versions, parameter settings, and outputs. By using attention-weight visualizations or tools like LIME
and SHAP, every budget assumption, risk alert narrative, and audit recommendation can be fully traced, providing
clear justification to auditors and regulators. Additionally, Al-use policies must prohibit treating model outputs as
final conclusions; certified finance or audit professionals should review and sign off on critical decisions,
preventing “machine-only” determinations[20].Externally, companies must stay aligned with domestic and
international regulations on data security, privacy protection, and algorithmic governance—such as the Personal
Information Protection Law, Data Security Law, and applicable accounting and tax standards. To mitigate bias or
discrimination risks, conduct fairness evaluations early in development to ensure outputs do not systematically
disadvantage any region, business unit, or customer segment. Regularly submit compliance reports to internal risk
committees and external auditors, and adjust governance practices based on their feedback. Finally, deliver
organization-wide compliance training and ethical awareness programs to foster a culture of “safe, compliant
Al thereby providing a solid foundation for the long-term, responsible application of Generative Al in financial
management.

7. Conclusion

Under the guidance of the Technology-Organization-Environment (TOE) framework and the theory of value chain
reshaping, this paper systematically explores the innovative paths for generative artificial intelligence to empower
enterprise financial management. Through the design and implementation strategies of the two core modules of
intelligent budgeting and forecasting, and risk identification and compliance monitoring, combined with the typical
practical cases of Group A and Enterprise B, the significant achievements of the generative model in shortening
the budget preparation cycle, improving prediction accuracy, enhancing risk early warning capabilities, and
optimizing audit efficiency have been verified. Research shows that generative artificial intelligence not only can
shift financial management from "post-event accounting" to "forward-looking drive", but also can continuously
iterate and optimize the logic of financial decision-making through multi-scenario simulation and online learning,
creating sustainable value for enterprises.Although challenges such as the computing power requirements, data
security, and explainability of the model still exist, through elastic deployment, federated learning, explainable Al,
and a strict compliance governance system, a balance can be achieved between technological empowerment and
risk control while ensuring security and transparency. Looking ahead, with the continuous breakthroughs in
multimodal generation technology and self-supervised online learning, enterprise financial management will move
towards a higher level of intelligence and dynamics. How to deeply integrate generative artificial intelligence with
richer industry knowledge graphs and real-time business processes, and build an extensible ecological
collaboration platform, will become the key direction for promoting continuous innovation in financial
management.
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