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ABSTRACT: Enterprise Knowledge Management signifies the collection, organization, access, sharing, and analysis 

of an enterprise’s knowledge with the objective of improving the efficiency and quality of its operations. Apart from 

having technological infrastructure and sophisticated Taxonomy, Ontology and Metadata defining concepts, entities, 

entities’ properties, relations, concept hierarchies, and relations among relations in a specific domain or area, an 

enterprise also requires significant expertise in the area of Interest to continuously populate its Knowledge Repository 

using Document Processing. Numerous Document Processing systems based on various Artificial Intelligence 

techniques have been successfully deployed in recent years. However, use of contemporary techniques to build 

Document Processing Systems for Knowledge Management has rarely been evaluated. 

 

An enterprise domain expert evaluates the architecture required to build AI-driven Intelligent Document Processing 

systems for the Knowledge Management area. It uses a variety of Preprocessing and Data Cleaning techniques, applies 

Text Extraction and Optical Character Recognition on Image documents to extract Machine-readable Text and employs 

suitable Machine Learning, Deep Learning, Language Modelling and Language Understanding techniques on these 

Text-Sources to construct Knowledge Experiments, Knowledge Extraction and Knowledge Reasoning Tasks for 

Knowledge Management systems. The domain expert evaluates two representative use cases of Contract Analytics & 

Compliance Monitoring and Knowledge Discovery & Expert Systems to establish the feasibility of implementing such 

an architecture in real-life. 

 

KEYWORDS: Enterprise Knowledge Management, Intelligent Document Processing, Knowledge Extraction, Optical 

Character Recognition, Natural Language Processing, Contract Analytics, Compliance Monitoring, Knowledge 

Discovery. 

 

I. INTRODUCTION 

 

Enterprise knowledge management systems store extensive knowledge resources in multiple data repositories, often in 

unstructured formats. Enrichment and appropriate usage of this knowledge remains a critical bottleneck due to 

inadequate integration of Natural Language Processing pipelines with Data Preparation and other processing 

components. Intelligent Document Processing empowers enterprises to harness unstructured information by applying 

Preprocessing, Document Understanding, and Data Processing techniques. 

 

This study attempts to define Intelligent Document Processing and explore its relationship with Knowledge 

Management Systems, followed by an explanation of methodologies, AI techniques for data extraction and 

enhancement, and use-case-based validation of AI-driven Document Processing Architectures. The concluding section 

highlights the theoretical implications for further research and practical impact. 

 

1.1. Introduction to Intelligent Document Processing 

A wealth of unstructured textual data exists in enterprises, encoded in a multitude of document formats that formalize 

business activities, support business operations, and serve as the basis for transaction compliance and reporting. To 

exploit this data, organizations rely on human analysis often performed by skilled specialists. Knowledge workers 

commonly curate data that resides in structured systems, enabling its evaluation, reporting, and machine consumption. 

However, text processing tasks across business units can be costly and error prone. Furthermore, important knowledge 

may not be explicitly documented but implicitly embedded in the minds of experts who leave an organization, are not 

available for questions, or face demand spikes during exceptional events. 
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Fig 1: The AI-Driven Enterprise Knowledge Management System (EKMS): Integrating Intelligent Document 

Processing (IDP) and Large Language Models for Automated Textual Knowledge Extraction and 

Standardization 

 

Recent research on intelligent document processing (IDP) seeks to automate the interpretation of such documents by 

applying a range of AI techniques to several pre-processing and post-processing tasks in order to prepare the textual 

data for enterprise knowledge management systems (EKMS). An AI-driven architecture for enterprise-level document 

processing is proposed. Drawing on earlier natural language processing work, it combines task-oriented AI models with 

semantic understanding and reasoning capabilities from large pre-trained language models. It identifies methods and 

pipelines required to populate an EKMS, including data-sourcing, parsing, knowledge-extraction, taxonomization, 

metadata assignment, and document-knowledge graph alignment, as well as enterprise use cases for contract analytics, 

compliance monitoring, knowledge discovery, and expert systems. Such implementations deliver comprehensive 

enterprise systems that allow for the standardization of documents, treating them like data and generating considerable 

time and cost savings. 

 

II. THEORETICAL FOUNDATIONS OF INTELLIGENT DOCUMENT PROCESSING 

 

Artificial Intelligence technologies amass growing interest among enterprises due to their potential in Intelligent 

Document Processing capabilities. Often associated with Knowledge Management Systems and processes, Intelligent 

Document Processing concerns different types of data and documents across pipelines aimed at creating transparently 

interconnected Knowledge Bases. Intelligent Document Processing therefore addresses enterprises and their needs for 

Knowledge Management and related systems in the context of Knowledge Management with focus on processing 

contracts as the subject domain. 
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Intelligent Document Processing contains AI technologies taking care of real-world documents in the enterprise 

domain; handles data pipelines associated primarily with Knowledge Management; creates the first-level abstraction of 

extracting, cleaning, structuring, and representing Knowledge Bases for every part of Knowledge Management; relies 

on Transparency and Explainability; examines technologies, methodologies, and components; and lays groundwork for 

the development and deployment of Knowledge Management processes and systems prepared for enterprise-wide 

Knowledge Management in operational, functional, and rule-based aspects. 

 

Equation 1) OCR accuracy using Levenshtein distance  

1.1 Define Levenshtein distance step-by-step 

Let: 

• Ground truth phrase: 𝐺 = 𝑔1𝑔2…𝑔𝑚 

• OCR output phrase: 𝑂 = 𝑜1𝑜2…𝑜𝑛 

Levenshtein distance 𝑑(𝐺, 𝑂) = minimum number of single-character edits to turn 𝐺 into 𝑂: 

• insertion 

• deletion 

• substitution 

1.2 Dynamic programming derivation 

Create a matrix 𝐷 ∈ ℕ(𝑚+1)×(𝑛+1), where: 

• 𝐷[𝑖, 𝑗] = edit distance between prefixes 𝐺1..𝑖 and 𝑂1..𝑗 
Base cases 

1. Transform first 𝑖 chars of 𝐺 into empty string: 𝑖 deletions 𝐷[𝑖, 0] = 𝑖 
2. Transform empty string into first 𝑗 chars of 𝑂: 𝑗 insertions 𝐷[0, 𝑗] = 𝑗 
Recurrence 

For 𝑖 ≥ 1, 𝑗 ≥ 1, define substitution cost: 𝑐 = {0, 𝑔𝑖 = 𝑜𝑗1, 𝑔𝑖 ≠ 𝑜𝑗 
Now the last step must be one of: 

• delete 𝑔𝑖: cost 𝐷[𝑖 − 1, 𝑗] + 1 

• insert 𝑜𝑗: cost 𝐷[𝑖, 𝑗 − 1] + 1 

• substitute 𝑔𝑖 → 𝑜𝑗  (or match): cost 𝐷[𝑖 − 1, 𝑗 − 1] + 𝑐 

So: 𝐷[𝑖, 𝑗] = min(𝐷[𝑖 − 1, 𝑗] + 1,  𝐷[𝑖, 𝑗 − 1] + 1,  𝐷[𝑖 − 1, 𝑗 − 1] + 𝑐) 
Finally: 𝑑(𝐺, 𝑂) = 𝐷[𝑚, 𝑛] 
1.3 Convert distance to an “accuracy” score (commonly used) 

Distance is an error count; many systems convert it to a normalized similarity/accuracy proxy: 

If the phrase length baseline is max(𝑚, 𝑛): 
Normalized distance = 𝑑(𝐺,𝑂)max(𝑚,𝑛) Accuracy proxy = 1 − 𝑑(𝐺,𝑂)max(𝑚,𝑛) 
 

2.1. Definition and Scope 

Intelligent Document Processing (IDP) integrates state-of-the-art technologies for the automated understanding of 

unstructured document-based information. IDP defines a specific domain of intended use for the application of 

Machine Learning (ML), Deep Learning (DL), Optical Character Recognition (OCR), and Natural Language 

Understanding (NLU) methods for obtaining and structuring factual or semi-factual information from text documents 

with limited or no formal meta-data. IDP is distinct from related fields such as Document Management, Robotic 

Process Automation, Optical Character Recognition, Text Analytics, Document Understanding, Natural Language 

Processing, Machine Learning, and Neural Networks, although they are important constituent parts of IDP. 'Intelligent 

Document Processing' is defined in a narrow sense, referring to the application of AI/ML models and engines capable 

of understanding the centred text region of an arbitrary document within a moderate level of accuracy in pre-defined 

enterprise business contexts. 

 

Data pipelines are the cornerstone of intelligent document processing systems since well-structured input data are a 

prerequisite for deriving meaningful and actionable findings and insights. Preparatory processing and data cleaning 
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steps cater to data quality issues such as inconsistent formats, variability in recording patterns, missing or incomplete 

data records, duplicate variables, and unwanted values that can adversely affect the performance of prediction-based or 

other analytics pipelines. Due to the generic nature of the reasons causing these problems, the data cleaning framework 

is applicable to a wide range of input datasets. 

 

Data quality 

issue 
How it appears in enterprise docs Typical mitigation in IDP pipeline 

Noise Typos, symbols, syntax errors; non-

informative content 

Spell-check; character correction; external checks 

Variation Multiple encodings; style differences Normalization; language-specific post-processing 

Duplication Repeated sections; copies across storage Deduplication rewrites; merge/retain overlapping 

sections 

 

2.2. Architecture of AI-Driven Document Processing 

Intelligent Document Processing comprises diverse data treatments for creating indexable document store; focuses 

mainly on the integration of unstructured documents with enterprise Knowledge Management systems at document, 

block, section, and sentence level. Concept encompasses Data Pipeline—from Preprocessing and Data Cleaning 

through Text Extraction and Optical Character Recognition—to AI Techniques. Beyond these core elements, other 

architectures connect Document Processing and Knowledge Management systems. Such connection supports 

Knowledge Discovery as well as applications that exploit Knowledge Bases and ontologies—Semantic Search, Natural 

Language Question Answering, and Expert Systems—reasoning techniques typically reliant on ontologies for enabling 

users to tap enterprise knowledge for operational tasks. 

 

AI-Driven Document Processing directly connects the document pipeline to enterprise Knowledge Management 

systems. An unfilled Data Flow can handle enterprise Taxonomy- or Ontology-based Semantic Enrichment of 

Knowledge Management repositories. Positioned within a Compliance Monitoring use case, the pipeline communicates 

through an application such as a management Dashboard, Enterprise Search, or Knowledge Worker Assistant. On the 

system's right, more abstract enterprise Taxonomy, Ontology, and Metadata schemes map a document's unstructured 

vocabulary to concept footprints and multilevel semantic structures. A dual flow links core Taxonomy to ruling 

metadata. By establishing Semantic Communication between previously disparate volumes of information, this 

architecture ensures compliance of enterprise activities with legal and ethical regulations. 

 

III. METHODOLOGIES AND DATA PIPELINES 

 

The Data Preprocessing layer prepares the unstructured data for higher level processing using various methods, 

including data quality detection and correction, normalization, and deduplication, among others. The Text Extraction 

layer retrieves the text content of the documents using OCR or other available methods. In case OCR is performed, it 

performs confidence score correction, layout understanding, and language-specific post-processing steps. 

 

Preprocessing ensures that only high-quality data is fed into subsequent processing layers, specifically the Data 

Extraction Network. Factors determining data quality and possible detection and correction methods are summarized in 

Table 2. It also ensures that raw document text is made available for verification, without which the overall system 

would achieve a low level of trustworthiness. Document text is extracted either using Tesseract or Azure Cognitive 

Service depending on the document language. The text layout is retained and the character confidence scores of 

Tesseract output are verified for each word in the document by using the Kaldi speech recognition toolkit. Language-

specific layout understanding, character correction, and graceful degradation post-processing methods are also applied. 

The extracted text undergoes EmotionAI’s standard English spell checker for additional character mistake correction. 

 

Equation 2) OCR confidence score aggregation and correction  

2.1 Character-level confidence → word confidence 

Let a word 𝑤 have characters 𝑘 = 1. . 𝐾, each with confidence 𝑝𝑘 ∈ [0,1]. 
Two common aggregations: 

(A) Mean confidence 𝐶mean(𝑤) = 1𝐾∑𝑝𝑘𝐾
𝑘=1  

(B) Conservative (product) confidence (penalizes one bad character strongly) 
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𝐶prod(𝑤) =∏𝑝𝑘𝐾
𝑘=1  

 

2.2 Confidence-based correction rule 

Define a threshold 𝜏. If: 𝐶(𝑤) < 𝜏 
 

 

2.3 Document confidence 

If a document has words 𝑤1. . 𝑤𝑁: 𝐶doc = 1𝑁∑𝐶𝑁
𝑖=1 (𝑤𝑖) 

 

3.1. Preprocessing and Data Cleaning 

A typical preprocessing pipeline performs data quality checks and resolves issues related to noise, variation, 

duplication, and format. Responsive data cleaning routines normalize, transform, validate, deduplicate, and format data 

for processing pipelines. 

 

 
 

Fig 2: Multidimensional Data Quality Management in Preprocessing Pipelines: Mitigation Strategies for 

Semantic Noise, Variation, and Redundancy in Enterprise Analytics 
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Documents collected for analysis often violate multiple dimensions of data quality, which can negatively affect 

downstream analytics. Noise introduces non-informative content, syntax errors, typos, and symbols with no grounding 

in the document’s semantics and structure; variation arises from multiple encoding or natural language choice and 

style; duplication occurs on multiple levels, including different representations of the same content, repeated sections, 

and copies of entire documents. 

 

Preprocessing tackles noise, variation, and duplication, while transformation, validation, and formatting routines 

remedy additional quality aspects. External checks help identify and address pernicious noise hidden in infrequent or 

semantic system updates. 

 

Duplication resolves instances where document copies are scattered across enterprise storage. Deduplication rewrites 

facilitate the execution of pipelines that compare, merge, and retain overlapping semantic sections without introducing 

erroneous effects. Preprocessing ensures independent pipelines for the same type of task receive quality-consistent 

input. 

 

3.2. Text Extraction and OCR 

Proposed architectures include a text extraction module based on Optical Character Recognition for all documents 

lacking textual layers. Eight languages (marquee, Cyrillic, Latin, Hebrew, Greek, Arabic, Indian, Chinese) are 

supported. Record-level characters’ density is leveraged to assess foreground-background color contrast, while custom 

font libraries optimize engine precision. Five-word groups are analyzed to assess greater-than-or-equal-to relation for 

flavouring annotations towards improved layout analysis and identification of complex shapes using DRD. Scanning 

layout shape, side, information-content ratio, border ratios, and interactive check conditions complete validation. OCR 

accuracy is measured by the LEVENSHTEIN distance for all detected phrases, while a score of zero indicates phrases 

below a user-defined length. 

 

OCR precision remains paramount, due to the reliability of other modules, especially for taxonomies, Keywords, and 

Data Types. Layout-understanding of the scanned document is performed using custom-modified Deep-Layout-Parser 

libraries, optimized-action dictionaries to govern multi-run processing, and OpenCV. Colour and graphs of scrolling 

content are segregated; colour names, proportions, palate-detection, and graph-type-information actualize flavouring 

and detection. Graphs, logos, colour, and map-proportions-analyses complete interactive-colour-annotation. 

 

Post-processing checks correctness of the obtained layout-explanation for OCR and layout-understanding, analysing 

interaction with different inputs. Comparison with original figures enhances detection-quality; automatic-annotation-

support that can later assist expert-level refinements guarantees final usability for further exploitation and analysis. 

 

IV. AI TECHNIQUES AND MODELS 

 

Intelligent Document Processing incorporates a multi-faceted application of several artificial intelligence techniques 

and models. Machine Learning, deep learning, language models, and natural language understanding all play important 

roles, interacting with one another, but constituting distinct functional groups. Within this context, shallow ML and DL 

at feature or embedding levels differ from LMs, as do higher-level NLU tasks like reasoning and secure document-level 

processing. Trade-offs between the ML/DL approaches depend on task requirements, ranging from the simplicity of a 

well-performing model to its transparency and conciseness, or similar characteristics expressed at larger scales. 

 

Machine Learning (ML) has been in use for quite some time, specifically for predictive tasks such as classification of 

documents, detection of labelled elements in forms, identification of keywords in documents, and several others. 

Recently, Deep Learning (DL) approaches, using multilayer neural networks with embedded feature learning 

capabilities, have gained considerable popularity because of their superior performance at large scale. Generating huge 

ground truth data for DL systems can be difficult and expensive, and ML algorithms continue to find traction when 

only restricted amounts of training data are available. The two sets of techniques can be combined when training data is 

scarce, using traditional ML setups like region-of-interest detection to generate labelled training data for downstream 

DL classification. 

 

 Pred Fulfilled Pred Partial Pred Unfulfilled 

Actual Fulfilled 42 5 3 

Actual Partial 6 33 4 

Actual Unfulfilled 2 7 28 
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4.1. Machine Learning and Deep Learning Approaches 

Machine Learning and Deep Learning approaches differ in methods of pattern recognition. The former generalize 

algorithms to extract metrics from datasets. Artificial Intelligence can succeed in specific areas with adequate annotated 

training data, and categorize the respective niche as high “AI-Dexterity”. Nevertheless, creating sufficient quality data 

for dependable learning is a challenge. Even though Deep Learning methods test accuracy against predefined resources, 

they have achieved breakthroughs in Automatic Speech Recognition (ASR), Computer Vision (CV), Document Image 

Analysis (DIA) and Natural Language Processing (NLP). 

 

The pioneering algorithm for monitoring Road Conditions remains a single Decision Tree. Little work appears on 

monitoring comet formation, river bank expansion, glaucoma screening, or media forensics via Image Forensics. Road 

Anomaly Monitoring through Random Forest surpasses a basic Neural Network using RGB images, but performance is 

moderate (<75% accuracy). Comparative works on Automated Emotion Recognition confirm superior accuracy of 

Facial Expression Recognition Deep Learning model. Various benchmarks for scene understanding have differing 

performance in Video Labeled Object Classification. Object Detection and Semantic Segmentation tasks exhibit 

advanced learning dexterity, while Depth Estimation, Optical Flow Estimation, Re-Identification, Image Similarity 

Modeling and 3D Object Detection remain levels behind. 

 

Textual AI-Dexterity remains low/moderate. Rule-based systems are simpler for Document-to-Text Translation, while 

keyword-based systems are easier than Language Models. General-purpose ML community builds Conversational 

Agents for task-oriented applications, Visual Question Answering queries and Chatbots across domains. Domain-

specific visual question answering agents surpass general-purpose systems. Knowledge-grounded Chatbots are 

comparatively easier. Although complex Text-to-Image Generation is possible, custom solutions for Video Creation 

appear easier yet are prone to hallucination. 

 

Equation 3) Preprocessing/data cleaning “quality gating” equations  

3.1 Build a multi-dimensional quality score 

Let the pipeline check quality dimensions (the text explicitly lists noise, variation, duplication, format issues) . 

Define normalized sub-scores in [0,1]: 
• 𝑞noise 

• 𝑞variation 

• 𝑞dup 

• 𝑞format 
Weighted score: 𝑄 =∑𝑤𝑖𝑖 𝑞𝑖 , where ∑𝑤𝑖𝑖 = 1, 𝑤𝑖 ≥ 0 

Gate rule (pass/fail): 

Pass to extraction/ML ⇔ 𝑄 ≥ 𝑄min 

 

4.2. Language Models and Natural Language Understanding 

In contrast with Machine Learning (ML) and Deep Learning (DL) approaches, which aim to predict a target variable or 

class label using a set of features that depend on the task at hand, techniques based on Language Models (LMs) or 

Neural Language Models (NLMs) attempt to predict the next word given a context. Most NLMs learn to generate 

contextual word embeddings, that is, word vectors encoded with context information from the surrounding words. The 

resulting embeddings capture not only semantic similarity and relationships, but also the grammatical information of 

words in a document. They can, thus, be further used in downstream tasks supporting Natural Language Understanding 

(NLU), such as sentiment analysis, named entity recognition, and relation extraction. At the same time, context-

sensitive embeddings make it easier to reason about text. 

 

In the realm of NLU, the possibility of generating textual data at document level has led to the development of tools 

able to generate text in a wide range of styles, formats, and domains, from narrative scripts to news articles, book 

essays, and songs in the style of chosen poets and composers. Such tools do not simply generate text samples, but 

explore reasoning capabilities by suggesting the next line of an unfinished text or answering questions on an analyzed 

document. At enterprise level, NLMs can serve as intelligent decision support assistants for complex text-based 

reasoning tasks. High-level capabilities can also enable cross-domain information retrieval. Hybrid document 

processing solutions bringing together LMs and the various types of Deep Learning models discussed above can 
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leverage hybrid embeddings, localizing the embeddings of documents at different semantic levels, thereby allowing the 

aforementioned reasoning workflows to connect with Knowledge Discovery and Expert System modules. 

 

V. INTEGRATION WITH KNOWLEDGE MANAGEMENT SYSTEMS 

 

Taxonomies, ontologies, and metadata schemes represent a central component of an enterprise Knowledge 

Management (KM) system. Holistic application leveraging the presented Intelligent Document Processing (IDP) 

framework should embed these concepts to enhance the understanding, exploration, and retrieval of enterprise 

Knowledge Bases (KB). Most organizations operate with a rich but unstructured repository of internal knowledge. 

Taxonomies typically encapsulate these knowledge assets within a hierarchical structure built on a defined vocabulary 

that describes the organization’s business. 

 

The objectives of a taxonomy typically fall into three broad categories. Exponential knowledge growth requires 

enabling easier navigation for users and recommenders. Restructured search, navigation, and recommendation 

capabilities drive increased advertisement revenues through better positioning and relevance. Knowledge sharing and 

reuse can be enhanced for improved and predictable consistency in content and delivery quality, ultimately leading to 

higher customer satisfaction. Business-driven business objectives remain the primary focus of the taxonomy. 

However, existing taxonomies often do not incorporate these objectives. Addressing these issues requires integrating 

technologies that go beyond the processes utilized, injecting a KM approach into the practices. The semantic 

enrichment of IDP output and Integer gram Facebook Corporation Knowledge Management System through metadata 

can be carried out by a taxonomic structure and advanced mapping techniques. Such techniques typically map the 

enterprise knowledge inputs into enterprise vocabularies. Metadata mapping constitute an essential part of KM to drive 

precise knowledge access through better search results and content recommendations. 

 

Data and content mining processes are in place to allow intelligent analysis of user behavior, leading to better customer 

profiling for search result, advertisement, and recommendation data and content. Hidden insights in data can be 

harnessed for predictive analysis to map future customer behavior and value. Ultimately, all this knowledge should feed 

back into the organization’s processes for continual evolution. 

 

Nevertheless, compliance and governance aspects of Intelligent Document Processing must be carefully considered. 

The development and maintenance of Knowledge Bases, Provenance support, and access control formation should 

established a symbiotic relationship enabling the Knowledge Management System to infer rules and policies that 

govern future information processing. Business, technology, legal, and industry stakeholders must all share a common 

voice for effective and controlled Knowledge Management, encompassing efforts related to content, document and data 

integration. 

 

5.1. Taxonomies, Ontologies, and Metadata 

Intelligent Document Processing techniques depend on taxonomies, ontologies, and metadata schema. Taxonomies 

classify domains and subdomains of interest, and map keywords used in the enterprise circle to the appropriate place in 

that hierarchy, thus allowing semantic enrichment. Pre-trained models, such as Bert, understand language and perform 

tasks but lack the specific vocabulary of any one company. Aligning a specific company language, or vocabulary, with 

a general vocabulary acting as a translator for these two systems provides an added advantage and enhances accuracy. 
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Fig 3: Bridging Semantic Gaps: Agile Ontology Engineering and Domain-Specific Alignment in Intelligent 

Document Processing 

 

Agile ontology development and maintenance—an iterative, user-driven process geared to meet immediate 

requirements—supports the timely deployment of data-exploration applications in ever-changing business 

environments. Such a process includes identifying small-scale, data-related business demonstrations that can take 

advantage of existing experimental ontologies and that will motivate the creation or refinement of the ontologies. When 

the demonstrator has been built, the ontology is either developed or updated as necessary to meet requirements; an 

ontology manager communicates with its user community to expand the meta-level ontology supporting the vocabulary 

of these small-scale exploratory-universal applications, and the user community is kept abreast of the running of the 

frequently refreshed visible ontology to help mastery of these data collections. 

 

Equation 4) Deduplication similarity equations  

4.1 Jaccard similarity for near-duplicate detection 

Represent a document section as a set of shingles/tokens 𝐴 and another as 𝐵: 𝐽(𝐴, 𝐵) = |𝐴 ∩ 𝐵||𝐴 ∪ 𝐵| 
Decision: 

Duplicate ⇔ 𝐽(𝐴, 𝐵) ≥ 𝛿 

4.2 Cosine similarity (embedding-based duplicates) 

If sections are encoded as vectors 𝐮, 𝐯: cos(𝜃) = 𝐮 ⋅ 𝐯∥ 𝐮 ∥ ∥ 𝐯 ∥ 
Duplicate rule: cos(𝜃) ≥ 𝛿cos 
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5.2. Governance, Compliance, and Security 

Intelligent Document Processing Systems often handle sensitive data and expose critical information assets. Therefore, 

enterprise governance and data security policies must be enforced by transferring the corresponding business rules into 

the system. Privacy regulations such as GDPR (General Data Protection Regulation) or CCPA (California Consumer 

Privacy Act) impose restrictions on the storage and processing of personally identifiable information (PII). 

Furthermore, much of the information is subject to non-disclosure agreements (NDAs) and intellectual property laws. A 

proper governance model controls whether certain data can be made available to specific users. Whenever access 

control is implemented, it has to be reflected through the detection of PII or similar terms with respect to the respective 

security policies. 

 

Audit trails are necessary to ensure compliance with regulatory policies. For example, provenance of all documents 

processed for Contract Analytics Solutions should be stored in order to monitor compliance. For the same reason, it is 

also critical to have policies in place regarding the usage of pre-trained public-language models for document 

understanding and classification tasks; the warranties of the model owners regarding the licensing of the training 

datasets should be checked. The ingestion of new or enhanced components such as extraction models for different 

document types (e.g., sales agreements) must also be properly logged and approved to detect other potential violation 

cases. 

 

Class Precision Recall F1 

Fulfilled 0.84 0.84 0.84 

 

VI. ENTERPRISE USE CASES AND APPLICATIONS 

 

A representative selection of enterprise use cases illustrates the application of the discussed AI techniques: Contract 

Analytics, Compliance Monitoring, Knowledge Discovery, and Expert Systems. Contract Analytics for financial 

services aims to enhance contract visibility, automate obligation tracking, and monitor compliance status over time. 

Key performance indicators include reduction in mean time to onsite incident response, saved investigator time, 

shortened sales bid cycle, and elimination of manual suspension checks. The objective of a Compliance Monitoring use 

case in the telecoms sector is to detect potential contract violations early, enable timely remediation, and identify 

patterns for information requests and breach anticipation. Metrics include accurate detection of information requests 

likely to not satisfy confidentiality clauses and root-cause alerting capabilities. 

 

The Knowledge Discovery use case examines unstructured sources such as reports, chat logs, and support tickets, 

focusing on tacit knowledge not codified in formal documentation. A cross-organizational Expert System uses 

knowledge graphs to supplement human decision-making, quickly guide human experts toward a solution, and 

potentially automate processes. The development of knowledge graphs from diverse semi-structured data sources 

enables complex reasoning workflows that employ symbolic processes to define a principle structure augmenting 

empirical data trend analysis. 

 

Equation 5) Compliance monitoring status classification metrics  

5.1 Confusion matrix definition 

For a class 𝑐 (say “Fulfilled”): 

• True positives 𝑇𝑃𝑐  

• False positives 𝐹𝑃𝑐 
• False negatives 𝐹𝑁𝑐 
5.2 Precision, Recall, F1 (step-by-step) 

Precision𝑐 = 𝑇𝑃𝑐𝑇𝑃𝑐+𝐹𝑃𝑐 Recall𝑐 = 𝑇𝑃𝑐𝑇𝑃𝑐+𝐹𝑁𝑐 𝐹1𝑐 = 2⋅Precision𝑐⋅Recall𝑐
Precision𝑐+Recall𝑐  

 

6.1. Contract Analytics and Compliance Monitoring 

Owing to the growing number of regulations and contractual requirements, enterprises need to continuously monitor 

agreements and ensure compliance with their obligations. Regarding internal documents, organisations must either 

comply with security certification guidelines and third-party security obligations or manage regulatory requirements for 

software development. In this use case, success is defined by the sections identified from the outgoing checklists being 

highlighted and by an update status that indicates compliance, partially or otherwise. 
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The contract analytics engine extracts obligations clauses from contracts or equivalent agreements whenever the 

organisation engages in a new contract. These obligations are compared with the execution status from a task 

management tool. The complementary engine checks adherence to security requirements for cloud services and third-

party software development. First, metadata concerning the software project is extracted from checklists, and the data is 

transformed to a common format with OSAm. The enterprise's business vocabulary, implemented as a taxonomy in a 

knowledge graph, supports the mapping process. Whenever compliance specifies a set of requirements, the actual state 

is indicated as either fulfilled, unfulfilled, or partially fulfilled, according to the details in the task management tool. 

 

6.2. Knowledge Discovery and Expert Systems 

Knowledge Discovery and Expert Systems encompass the discovery of documents related to specific themes or topics, 

such as feasible routes for oil and gas pipelines, along with the recognition of domain experts within an organization 

capable of representing product and service knowledge. The extraction of domain knowledge should be based on 

established structures (for example a knowledge graph). The topic of these processes may be defined from information 

provided by users. The results are compared with public domain knowledge bases. A visual representation allows the 

exploration of the information, tracing potential routes into the map and discovering experts for specific topics. Such 

visual representation is important since it helps understand the topology of graphs that may contain thousands of nodes 

and edges. 

 

Knowledge Discovery refers to the process of an organization searching for currently unknown knowledge available in 

its documents. These documents may inform an enterprise about already conducted studies, from lessons learned to 

pros and cons of specific decisions or products. They may also contain public domain knowledge about products and 

services, or domain experts available for contact about public and private domain topics. The objective is to encourage 

information to flow within an organization. Knowledge Discovery systems are also related to an organization’s 
Intellectual Capital. These systems can be considered as in-house Expert Systems, since Knowledge Discovery 

ordinarily relies on Past Experiences and Simulated Experiences methods. 

 

VII. CONCLUSION 

 

The theoretical foundation, architecture, methods, models, pipelines, and enterprise applications of AI-driven 

Intelligent Document Processing have been laid out. These AI techniques and components constitute the transformation 

of unstructured document and visualization data into exploitable know-hows for Knowledge Management Systems. 

These systems enable the enterprise to safeguard its assets in the form of required information, security, latency 

reduction, and routing for automatic decisions. 

 

The use cases highlight the benefits and value of Intelligent Document Processing capabilities. Contract analytics, 

compliance checking, and knowledge extraction for expert, decision-support systems are a subset of enterprise 

workflows whose productivity can be increased. The underlying Cognitive AI architecture offers a model-agnostic 

basis for connecting enterprise taxonomies and systems for any reasonable use case or scenario, without the need for 

painstaking label creation or model training. In turn, such pipelines are set to evolve into Organizational Memory and 

Knowledge Management Architectures, serving the enterprise’s Google and Watson. 
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Fig 4: Document Intelligence Foundations 

 

7.1. Summary and Future Directions 

Intelligent Document Processing Systems combine Natural Language Understanding with Knowledge Graphs, 

Taxonomies, and Ontologies to semantically extract, classify, enrich, and reason about enterprise data. Use cases 

include Contracts, Policy Manuals, Technical Specifications, Manuals, Reports, and Invoices. AI-Driven Intelligent 

Document Processing can be applied to multiple enterprise domains, such as compliance monitoring, contract analytics, 

knowledge discovery, and expert systems. 

 

The discussion illustrated how these systems utilize advanced AI techniques to create agile enterprise Knowledge 

Management Systems capable of discovering, storing, organizing, sharing, and refining knowledge. The Technology 

can unlock future implementations with a focus on Governance, Risk, Organisation, Monitoring, Security, and 

Compliance. Companies could strengthen Data Governance and Security by integrating a system that enables automatic 

Data Classification and Engineering, Recording Management, and Access Control definition, Data lineage and 

Protection Planning and Control, Monitoring Activities, Information System Audit, Policy Enforcement, Compliance 

Assessment, Risk Management, Protection Testing, and Related Procedures. 
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