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Abstract: The integration of Intelligent Process Automation (IPA) within government-enterprise collaboration scenarios
Dpresents a transformative opportunity to enhance public service delivery and regulatory efficiency. This paper introduces
and evaluates the novel paradigm of AI-OA (AI-Operated Architecture), a structured framework designed to orchestrate
intelligent workflows in complex, multi-stakeholder environments. We investigate the application of this architecture in
automating critical cross-boundary processes, including joint permit approvals, compliance verification, and data-driven
policy feedback loops. The core of our research lies in the development of a multi-agent system that synergizes Robotic
Process Automation (RPA) for rule-based task execution with machine learning models for predictive analytics and
exception handling, all managed within a unified AI-OA platform. A case study of a municipal-industrial project approval
pipeline demonstrates the efficacy of this approach, revealing a 40% reduction in processing time and a significant decrease
in administrative errors. However, the study also identifies key implementation challenges, such as data siloing between
administrative and corporate systems, algorithmic accountability requirements, and the need for new digital governance
models. The findings indicate that AI-OA is not merely a tool for efficiency but a catalyst for institutional innovation,
fostering more transparent, responsive, and collaborative governance mechanisms. This work provides a foundational
framework and practical insights for deploying human-centered Al to redesign bureaucratic interactions.
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1. INTRODUCTION

Against the backdrop of deepening digital transformation, government-enterprise collaborative offices face
multiple challenges such as complex processes, sluggish responses, and fragmented data. AI-OA (Artificial
Intelligence Office Automation), as a key enabler of intelligent offices, is gradually integrating core technologies
like RPA, NLP, and OCR to form a new model of Intelligent Process Automation (IPA), thereby effectively
improving process efficiency and collaborative capabilities. Taking government-enterprise collaboration scenarios
as the main thread, this article systematically studies the technical architecture, implementation path, and
optimization results of the AI-OA platform, and explores how intelligent means can break information barriers to
achieve efficient, compliant, and sustainable government-enterprise collaborative services. Zhang (2025)
introduces AdOptimizer, a self-supervised framework for efficient ad delivery in low-resource markets [1], while
Tian et al. (2025) propose a cross-attention multi-task learning approach for ad recall in digital advertising [20],
and Liu (2025) researches digital marketing strategy optimization based on the 4P theory [26]. For content creation
and animation, Hu (2025) develops few-shot neural editors for 3D SMEs [2]. Industrial and monitoring systems
are optimized by Xie & Liu (2025) with InspectX, which leverages OpenCV and WebSocket for real-time analysis
[3], and Tu (2025) presents ProtoMind for model-driven NAS and SIP message sequence modeling in smart
regression detection [4]. A prominent theme is anomaly detection and time series analysis across various sectors:
Huang & Qiu (2025) employ LSTM for detecting abnormal electricity usage in smart meters [5], a technique also
reflected in their work on Al-enhanced dynamic power grid simulation (Huang et al., 2025) [19]; Su et al. (2025)
develop a WaveLST-Trans model for financial time series anomaly detection [11]; and Zhang et al. (2025) propose
MamNet for time-series forecasting in network traffic [12]. In medical imaging, Chen et al. (2023) contribute
self-supervised neuron segmentation with multi-agent reinforcement learning [6] and generative text-guided 3D
vision-language pretraining for unified medical image segmentation (Chen et al., 2023) [10]. The financial sector
is further explored through research on the export trade path mechanism of digital finance (Bi & Lian, 2025) [7],
Al-based credit risk assessment in supply chain finance (Pal et al., 2025) [8], probabilistic planning for minigrids
with renewables (Gao et al., 2019) [9], and deep learning for carbon market price forecasting (Zhang et al., 2025)
[13]. Computer vision research is advanced by Peng et al. with their work on 3D Vision-Language Gaussian
Splatting [14] and on exploiting representation aggregation for domain adaptive human pose estimation (Peng et
al., 2025) [15]. Broader Al applications are discussed by Zhang et al. (2025) regarding innovative uses of large
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models in computer science [16]. Infrastructure and architecture are addressed by Fang (2025) with a cloud-native
microservice architecture for cross-border logistics [17], and Zhou (2025) with research on software performance
monitoring in microservices architecture [22]. Subsequent studies cover supply chain coordination (Tang et al.,
2025) [21], optimal trajectory control for robotic manipulators using deterministic Al (Guo, 2025) [23],
blockchain-based medical data security (Zhang, 2025) [24], and advanced applications of Python in market
analysis (Yu, 2025) [25].

2. OVERVIEW OF THE AI-OA SYSTEM IN GOVERNMENT-ENTERPRISE
COLLABORATION SCENARIOS

2.1 Technical and System Environment Conditions

In the context of government-enterprise collaboration, the construction of an AI-OA system depends on the deep
integration of government cloud and enterprise cloud, using a unified architecture to achieve data connectivity and
process synergy across business systems. At present, most government-enterprise systems adopt heterogeneous
architectures, with approval, document, and financial systems operating independently, lacking standardized
interfaces and intelligent connections. The AI-OA platform integrates OCR text recognition, NLP semantic
understanding, RPA automatic operation, and knowledge graph reasoning technologies, offering capabilities for
both structured and unstructured data recognition and the comprehension and processing of intelligent process
automation (IPA), providing solid technical support.

2.2 Demand for Intelligent Process Automation

Current government-enterprise collaborative office work generally faces challenges such as lengthy approval
processes, repetitive data entry, and isolated systems, which significantly impact service efficiency and
management effectiveness. Frequent manual intervention not only increases error rates but also fails to meet the
needs of high-concurrency business. Meanwhile, the absence of unified standards between government and
enterprises, poor data transmission, and difficulty in process tracking also hinder closed-loop management [2].
Intelligent process automation urgently needs to leverage AI+RPA technologies to reconstruct processes, enable
cross-platform automatic execution, semantic matching, and data sharing, thereby promoting process compliance,
real-time responsiveness, and intelligence.

3. EXTERNAL INFLUENCES AND KEY TECHNICAL MEASURES

3.1 Analysis of Main Influencing Factors

Policy-driven initiatives provide the core impetus for the digital development of government-enterprise
collaboration, with continuous policy requirements from the government regarding the reengineering of
government processes and the digital transformation of enterprises. At the same time, enterprises are demanding
higher efficiency and response speed, making traditional processes increasingly inadequate for efficient linkage.
The continuous maturation of artificial intelligence and big data technologies offers a technical foundation for IPA
development. Issues such as data security and business compliance are also receiving growing attention, requiring
systems to be controllable, transparent, and traceable. The combined effect of these external factors drives the
rapid implementation and optimization of AI-OA in government-enterprise scenarios.

3.2 Key Technical Measures for Intelligent Process Reengineering

To address the complexity and low execution efficiency of government-enterprise collaboration, process mining
technology is needed to reengineer process paths, combined with Al algorithms for modeling and optimization.
With the assistance of OCR+NLP, unstructured documents can be processed to achieve semantic recognition and
structured transformation. Through deep integration of RPA and Al, an automated task engine can be built to cover
process nodes such as data capture, system operations, and exception handling [3]. By establishing a unified task
center to initiate cross-system process execution chains and combining knowledge graphs to enhance semantic
understanding and intelligent Q& A capabilities, the overall automation level and intelligent processing capacity of
the collaborative system can be improved.
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4. TPA IMPLEMENTATION PATH AND SIMULATION ANALYSIS
4.1 Intelligent Process Simulation Model

This study employs a Petri-net (directed graph) model combined with the BPMN process-modeling standard to
construct a business-process simulation framework for government—enterprise collaboration. Four key metrics are
defined: total process completion time, manual-handling ratio, execution accuracy, and task response time. The
model can express asynchronous event-driven process jumps and concurrent behaviors, making it suitable for
evaluating performance changes before and after process automation. It is currently the mainstream modeling
approach in process-reengineering analysis.

4.2 Numerical Simulation Parameter Settings
(1) Process Completion Time

This metric measures the total elapsed time from task trigger to final completion. The simulation formula is as
follows:

Ttotal = Z?zl(Tmanual,i ' (1 - Ai) + Tauto,i : Ai) (1)

where Ty anuali 1S the manual handling time for the i-th task, T, ; is the automated handling time, A; is the
automation ratio for that task, and (0~ 1) . In the simulation, the average time for automated processes drops by
about 45%, reducing overall process time from 220 minutes to 125 minutes a significant improvement.

(2) Manual Handling Ratio
The manual handling ratio reflects the system’s dependence on human labor and is defined as:

P ' _ 2{1=1 Tmanual,i'(l_Ai)
manual —

@

Trotal

In a fully manual scenario P,,,,. = 1, the introduction of IPA gradually automates key nodes, ultimately lowering
the manual ratio to 38%. This shift markedly reduces the transactional workload for government and enterprise
staff and enhances process controllability.

(3) Execution Accuracy

Accuracy measures the error rate of automated execution nodes and is calculated as:

_ Eauto
Raccuracy =1- Nauto (3)
u

where E, . is the number of errors in automated nodes and N, is the total number of executions. After IPA
deployment, the accuracy of document processing and data-entry nodes rose from 91.2% in the manual stage to
98.6%, primarily due to optimization of the OCR+NLP dual-model recognition technology.

(4) Task Response Time

This metric reflects the delay from task receipt to initial response and is defined as:

Tresponse = Ttrigger - Tstart (4)

In the simulated scenario, Al event monitoring and a unified task-center mechanism shortened the average task
response time from 45 seconds to 18 seconds, with particular advantages in multi-system concurrent triggers,
effectively improving collaboration efficiency.

4.3 Technical Implementation Phases
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IPA implementation is divided into three phases: Phase 1 process diagnosis and modeling uses process-mining
tools to analyze existing business paths and bottlenecks and constructs Petri-net process diagrams; Phase 2
automation deployment of key nodes leverages RPA and Al technologies to enable intelligent handling of
document recognition, approval triggering, and task assignment; Phase 3 intelligent monitoring and closed-loop
optimization continuously evaluates and adjusts parameters through system logs and metric monitoring to achieve
dynamic self-optimization of business processes.

4.4 Numerical Simulation Analysis Results
Table 1 presents the simulation mean values of key performance indicators under different schemes.

Table 1: Mean Values of Process Performance Indicators Before and After IPA Implementation

Scene Tvpe Process completion Percentage of manual Execution Task response
yp duration (min) processing (%) accuracy (%) time (sec)
Manual process 220 100 91.2 45
semi-automatic 165 63 95.4 27
process
Fully automated 125 38 98 6 13
process

Table 1 shows that the fully automated process achieved significant optimization across four key dimensions:
average process completion time was reduced by 43%, manual processing share dropped by 62%, accuracy
improved by 7.4%, and response time was compressed by 60%. These results validate the feasibility and
effectiveness of the IPA architecture in government-enterprise scenarios.

5. CORE IMPLEMENTATION TECHNOLOGIES

5.1 RPA Automation Technology

RPA (Robotic Process Automation) is regarded as one of the core tools for reshaping government-enterprise
collaborative processes. It can simulate human operations to automatically complete repetitive tasks such as form
filling, system switching, and data entry. In the simulated environment, RPA significantly shortened manual
processing time, reducing the human share from 100% to an average of 38%, thereby greatly improving overall
process efficiency [4].

5.2 NLP Semantic Understanding Technology

On the AI-OA platform, Natural Language Processing (NLP) technology is mainly responsible for semantic
recognition, intent interpretation, and structured text processing. The system can automatically extract keywords
and semantic intents when users initiate approvals or suggestions, along with the corresponding process nodes or
task templates. In simulation experiments, the combination of NLP and RPA significantly accelerated task
response speed, reducing the average from 45 seconds to 18 seconds, greatly enhancing system interactivity and
responsive intelligence.

5.3 OCR Document Structure Recognition Technology

OCR technology enables image-to-text conversion and structured parsing of various government materials (such
as paper application forms, scanned contracts, and PDF documents), solving the "information silo" problem before
data is put on-chain [5]. In this study, the joint application of OCR and NLP significantly improved both accuracy
and efficiency in automatic document processing. For example, in the contract approval process, document
processing node accuracy rose from an average of 91.2% to 98.6%. Meanwhile, the OCR system has layout-aware
and field-positioning capabilities, automatically extracting key fields such as time, amount, and personnel,
providing standardized data sources for process automation and significantly enhancing data processing
standardization.

5.4 Process Mining and AI Modeling Technology

Process mining technology analyzes system logs and operation traces to identify process bottlenecks, repetitive
paths, and non-standard behaviors, providing a scientific basis for process redesign. This study uses Petri nets to
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model government-enterprise processes and combines historical data to build Al predictive models for forecasting
and optimizing process execution time and anomaly risks. During simulation testing, the average processing time
of the restructured process path was reduced to 125 minutes, task jump logic became clearer, and every stage of the
process became more controllable.

6. CONTROL MEASURES AND IMPLEMENTATION EFFECTIVENESS
EVALUATION

Table 2: 7-Day Post-Launch Monitoring Data for the IPA System

Date | Completion duration (min) | Labor proportion (%) | Execution accuracy (%) | Response time (sec)
Day 1 132 42 97.5 21
Day 2 128 41 98.1 20
Day 3 127 39 98.3 19
Day 4 125 38 98.5 18
Day 5 124 38 98.7 18
Day 6 123 37 98.8 18
Day 7 122 37 98.9 17

6.1 Implementation Process Monitoring Data

To comprehensively evaluate the effectiveness of IPA implementation, this paper selects one week of operational
data from the government-enterprise collaborative approval process and monitors four key indicators: process
completion time, manual processing ratio, execution accuracy, and task response time. The data collected from
system logs and the monitoring platform are shown in Table 2:

The system as a whole shows a trend of "steadily increasing efficiency, declining manual share, gradually
improving accuracy, and faster response." The data come from the real-time task center and process-log
monitoring module of the AI-OA platform, offering strong traceability and analytical value.

6.2 Effect Evaluation and Optimization Recommendations

Data-trend analysis shows that the IPA system already demonstrates strong process stability and execution
effectiveness during its initial rollout. Average process completion time dropped from 132 minutes at launch to a
low of 122 minutes; the manual-handling share fell from 42 % to as low as 37 %, confirming the effective coverage
of RPA automation nodes; task accuracy rose steadily to a peak of 98.9 %, thanks to continuous training and
optimization of OCR and NLP recognition models; and task response time decreased from 21 seconds to a
minimum of 17 seconds, highlighting the real-time advantages of the unified task-scheduling center. Although the
system has met its intended goals, further optimization is still possible. It is recommended to strengthen the
fine-grained learning capability of the semantic-recognition model to improve understanding of vague expressions
and official-document intent; introduce a process-anomaly-detection mechanism for rapid identification and
dynamic correction of sudden task failures; and refine the process-visualization interface to enhance dynamic
tracking of task flowcharts, thereby boosting system controllability and management transparency. Continuous
operational optimization of the AI-OA platform should be data-driven and intelligence-coordinated, ensuring
comprehensive improvements in efficiency, security, and intelligence for government and enterprise processes.

7. CONCLUSION

This study, set against the backdrop of government-enterprise collaboration, explores and implements an
Intelligent Process Automation (IPA) system based on the AI-OA framework. Integrating core technologies such
as RPA, OCR, NLP, and process mining, the system successfully constructs a verifiable intelligent process model.
After simulation tests and one week of on-site monitoring data analysis, the IPA system reduced process
completion time from 220 minutes to as low as 122 minutes, cut manual handling from 100% to 37%, raised
execution accuracy from 91.2% to a peak of 98.9% , and shortened response time from 45 seconds to as little as 17
seconds, significantly enhancing workflow efficiency and intelligence. Through the three stages of process
diagnosis, automation deployment, and intelligent monitoring, the technical implementation path effectively
ensures real-world results. Ultimately, it demonstrates that the AI-OA platform can comprehensively improve the
automation level of government-enterprise collaborative office work, intelligent service capabilities, and system
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response performance, offering enterprises a replicable path and theoretical support for building an efficient, agile,
and smart digital government-enterprise system.
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