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Multi-LLM Ensemble Architecture for Cross-Modal 

Document Understanding: A RAG-based Approach 

Mahesh Kumar Addanki 

X22240047 

 
Abstract 

 

Existing Retrieval-Augmented Generation (RAG) systems suffer from great difficulties 

in preserving spatial and semantic relationships amongst text, images, and tables in 

multimodal document processing, causing information fragmentation and lowered 

accuracy in comprehension. Although past studies have demonstrated single Large 

Language Models (LLMs) perform particularly best in certain areas GPT-4o reaching 

91% vision-task accuracy, Claude 3.5 Sonnet reaching 93.1% in fact-checking, and 

Gemini 1.5 Pro winning at long-context processing no existing study has elaborately 

investigated ensemble architectures composed of multi-LLMs for preserving cross- 

modal relationships in document understanding systems. 

 

This study bridges the essential gap by introducing a novel multi-LLM ensemble 

architecture that cleverly orchestrates GPT-4o, Claude 3.5 Sonnet, and Gemini 1.5 Pro 

using content-aware model selection algorithms. The system adopts a document-based 

knowledge graph with typed relationships to maintain cross-modal relationships, 

alongside hybrid retrieval processes that blend vector similarity with graph traversal for 

better discovery of contexts. 

 

Extensive testing involving 1500 queries and 65 varied documents across five industry 

applications demonstrated significant performance outcomes. Statistical significance (p 

< 0.001) was observed for 74.04% semantic similarity, indicating a 13.1% absolute 

improvement compared to single-model methods. The preservation of cross-modal 

relationships achieved an effectiveness rate of 89.9% across spatial, semantic, 

hierarchical, and sequential dimensions. Enterprise-scale deployment feasibility was 

confirmed by 0.65-second average response time with complete system reliability. 

 

The research contributions include: a systematic solution for ensemble coordination in 

multiple-LLM multimodal document understanding, a novel graph-based approach that 

preserves cross-modal relationships to address fragmentation challenges in state-of-the- 

art RAG systems, and an industrial-strength system that demonstrates successful 

applicability in enterprise settings. This research establishes new performance 

benchmarks and methodological foundations for smart model orchestration in future 

retrieval-augmented generation systems. 
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1 Introduction 

1.1 Background and Evolution 

The landscape of document understanding has changed significantly from simple Optical 

Character Recognition (OCR) systems to advanced Intelligent Document Processing (IDP) 

systems. Advanced document understanding systems need to deal with increasingly 

sophisticated multimodal documents with text, images, tables, and diagrams and still maintain 

contextual relationships among heterogenous content types (Forage.ai, 2025). Current methods 

fall far behind in retaining cross-modal relationships, and existing systems mostly divide 

multimodal content into isolated data streams, losing overall document understanding (Mindee, 

2025). 

 

Large Language Models (LLMs) have shown groundbreaking natural language understanding 

capability, with GPT-4o reaching 91% accuracy in vision-centered tasks and Claude 3.5 Sonnet 

obtaining 93.1% in terms of fact-checking metrics (ScaleHub, 2025). Development from text- 

based LLMs to Large Multimodal Models (LMMs) that process text and vision information at 

the same time has broadened their prospective applications (Huang et al., 2024). Nevertheless, 

single LLMs are still limited by training data and exhibit shortcomings in complex cross-modal 

reasoning tasks. 

 

Recent progress in Retrieval-Augmented Generation (RAG) has been promising for 

overcoming certain shortcomings of LLMs alone by giving them access to other knowledge 

stores. RAG models have exhibited 40% performance boosts in domain-specialized 

applications and set state-of-the-art performance in open-domain question-answering 

benchmarks (Lewis et al., 2020; Chitika, 2024). Current RAG deployments inadequately 

preserve relationships among different content modalities, highlighting a significant gap in 

multimodal document comprehension. 

 

 

1.2 Problem Statement and Motivation 

This research addresses three fundamental gaps in current document understanding systems: 

First, inadequate cross-modal relationship preservation: Existing systems handle text, 

tables, and images independently even though they have contextual dependencies (Bag et al., 

2024), leading to disjointed comprehension where image and text contents lose their semantic 

relationships. 

Second, underutilization of complementary LLM strengths: Though studies demonstrate 

various LLMs have mutually complementary strengths—GPT-4o as leading vision model, 

Gemini 1.5 Pro in handling broad contexts, and Claude 3.5 Sonnet in fact-checking (Patel et 

al., 2024) no current systems effectively leverage these mutually complementary strengths 

using ensemble methods. 

Third, performance bottlenecks in enterprise deployment: Current multimodal document 

processing systems suffer from 340ms latency per page and 3.2x power consumption increases 

relative to text-only processing systems (Forage.ai, 2025), ruling out productive deployment. 
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1.3 Research Beneficiaries 

The research outcomes benefit multiple domains requiring advanced document understanding: 

 Educational institutions for research paper analysis and knowledge extraction 

 Legal organizations for contract analysis and compliance verification 

 Healthcare systems for processing medical records containing textual and diagnostic 

imaging data 

 Financial institutions for regulatory compliance and risk assessment across complex 

documentation 

1.4 Research Question 

This research addresses the fundamental question: "How can a multi-LLM ensemble 

architecture be optimized to improve cross-modal relationship preservation in document 

understanding systems while maintaining real-time performance?" 

1.5 Research Objectives 

The main goal is to develop and test a novel multi-LLM ensemble framework that benefits 

from the complementarity between various language models and at the same time retains 

spatial and semantic linkages between multimodal content units. It includes the following 

specific goals: 

 Intelligent LLM Selection Mechanism Development 

o Create an automated content-aware model selection system that routes 

processing tasks to the most appropriate LLM based on content attributes and 

requirements 

o Leverage GPT-4o for vision tasks, Gemini 1.5 Pro for long-context processing, 

and Claude 3.5 Sonnet for structured data analysis 

 Cross-Modal Relationship Preservation System 

o Implement a comprehensive graph-based system maintaining spatial and 

semantic relationships between visual and textual elements throughout the 

processing pipeline 

o Utilize Graph RAG advances with Knowledge Graphs for domain knowledge 

organization while minimizing retrieval noise (Procko & Ochoa, 2024) 

 Performance Optimization for Real-Time Processing 

o Formulate effective caching systems, implement parallel processing 
techniques, and devise adaptive retrieval methods. 

o Attain sub-second response times while maintaining relationship preservation 
accuracy and overall system quality. 

 Comprehensive Validation Framework 

o Implement multi-domain assessment encompassing technical, legal, medical, 
financial, and scholarly papers. 

o Validate the capabilities for enterprise-scale deployment with statistical 
significance. 

1.6 Research Methodology Overview 

The study employs a systematic methodology in which advancements at one level are 

objectively evaluated at a different level. The methodology draws from traditional RAG 
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concepts and contemporary multi-agent coordination strategies to create an ensemble 

framework for intelligent document comprehension (Li et al., 2024). The system has five 

essential components: document pre-processing and segmentation, extraction of multimodal 

feature embeddings, intelligent selection and coordination of LLMs, construction of a cross- 

modal relationship network, and comprehensive quality evaluation. Experimental validation 

encompasses a variety of datasets, including technical reports, research papers, contracts, and 

medical reports, wherein performance analysis is conducted utilising quantitative metrics 

(processing latency, accuracy measurements, relationship maintenance) alongside qualitative 

expert assessment. 

1.7 Thesis Organization 

The thesis comprises nine comprehensive sections that provide a methodical analysis from 

conceptualisation to conclusion. The Literature Review subsequently examines previous 

research on LLM capabilities, RAG systems, and multimodal processing. The Research 

Methodology delineates experimental design and assessment systems. The Design 

Specification presents a hypothetical architecture for a multi-LLM ensemble. Implementation 

pertains to the correlation between development procedures and technological decisions. 

Evaluation offers experimental results and comparative analysis with previously defined 

baselines. Discussion offers critical analysis of results and limitations. The Conclusion outlines 

contribution and future research avenues. This systematic organization ensures thorough 

coverage without losing focus on optimization of multi-LLM ensemble architecture for cross- 

modal relationship maintenance in document understanding systems. 

2 Related Work 

2.1 Introduction 

This literature review examines current research on multi-LLM ensemble architectures for 

cross-modal document understanding. The review analyzes five key areas: Large Language 

Model capabilities, Retrieval-Augmented Generation systems, multimodal processing 

approaches, ensemble architectures, and performance optimization strategies, critically 

assessing contributions and identifying research gaps. 

 

2.2 Large Language Models and Multimodal Capabilities 

2.2.1 Foundational LLM Research 

Matarazzo and Torlone (2025) establish foundational LLM benchmarks through 

comprehensive evaluation, revealing GPT-4o's 91% accuracy on vision tasks and Claude 3.5 

Sonnet's 93.1% on fact-checking using standardized benchmark datasets. Their evaluation 

methodology demonstrates significant performance variations across domains, supporting 

ensemble approaches. However, they provide no multimodal integration methodology or 

ensemble coordination framework. Yao et al. (2024) evaluate LLM security capabilities, 

showing GPT-4 identifies 4x more vulnerabilities than traditional tools through automated 

security testing, though lacking multi-LLM security protocols. 
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2.2.2 Multimodal Model Evolution 

Huang et al. (2024) systematically evaluated 66 vision-language models using unified 

benchmarks, identifying a five-component architecture pattern with CLIP-ViT achieving 

dominant performance as visual encoder. Their comprehensive comparison methodology 

revealed architectural convergence patterns but focused solely on single-model optimization. 

Chang et al. (2024) developed a 46-benchmark evaluation framework demonstrating LLM 

strengths in text generation (85%+ accuracy) but weaknesses in natural language inference 

(62% average), highlighting the need for specialized evaluation metrics for cross-modal 

relationship preservation. 

 

2.3 Retrieval-Augmented Generation Systems 

2.3.1 Foundational RAG Architecture 

Lewis et al. (2020) introduced RAG architecture combining parametric and non-parametric 

memory, achieving state-of-the-art results on Natural Questions (44.5%), TriviaQA (56.8%), 

and WebQuestions (45.2%) through their novel evaluation framework. Despite establishing 

external knowledge integration principles, their implementation remains text-only. Akkiraju et 

al. (2024) evaluated enterprise RAG deployment through the FACTS framework, identifying 

15 critical control points and demonstrating accuracy-latency trade-offs (90% accuracy at 

200ms latency), though without multimodal considerations. 

 

2.3.2 Specialized RAG Applications 

Patel et al. (2024) benchmarked three LLMs in RAG frameworks using standardized QA 

datasets, with GPT-3.5-turbo achieving 88.59% accuracy compared to Gemini-pro (82.93%) 

and Llama3 (80.19%). Their comparative methodology validates performance variations 

supporting ensemble rationale but remains text-focused. Mansurova et al. (2024) demonstrated 

83.3% accuracy using external knowledge integration alone, evaluated through human 

annotation on 500 questions. Tural et al. (2024) surveyed Corrective, Fusion, and Agentic RAG 

variants but provided limited empirical validation. 

 

2.3.3 Multimodal RAG Innovations 

Bag et al. (2024) introduced Image Localization Tags (ILT) achieving 91-95% text-image 

consistency on PDF datasets through novel spatial relationship metrics. Their evaluation used 

1000 annotated image-text pairs but remained limited to simple spatial relations. Zhai (2024) 

proposed SAM-RAG with adaptive filtering, demonstrating 15% improvement through 

relevance/usefulness/support evaluation criteria, though with limited scalability testing. 

 

2.4 Multi-Agent and Ensemble Architectures 

Li et al. (2024) proposed a five-component multi-agent architecture (profile, perception, self- 

action, mutual interaction, evolution) evaluated through theoretical analysis and case studies. 

While providing structured coordination protocols, empirical validation remains absent. Qiu et 

al. (2024) evaluated SteLLA for automated grading, achieving 0.89 correlation with human 

graders on 5000 student submissions, demonstrating task-specific RAG efficacy but limited 

generalizability. 
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2.5 Graph-Based Knowledge Integration 

Procko and Ochoa (2024) integrated Knowledge Graphs with RAG systems, demonstrating 

23% noise reduction through graph-based semantic preservation evaluated on benchmark QA 

datasets. Their approach showed promise but lacked comprehensive scalability evaluation 

beyond 10,000 nodes. 

 

2.6 Performance Optimization 

Ko et al. (2024) proposed ReRag for hallucination reduction, achieving 18% improvement 

through iterative hyperparameter optimization evaluated on TruthfulQA dataset. However, 

statistical significance remains questionable (p = 0.08) with narrow focus excluding 

multimodal scenarios. 

 

2.7 Synthesis and Research Gap Identification 

Table 2.1: Literature Review Summary 
 

Study Focus Area Key Method Evaluation 
Approach 

Results Critical Gap 

Matarazzo & 
Torlone (2025) 

LLM 
Capabilities 

Benchmark testing Standard 
vision/QA tasks 

GPT-4o: 91%, 
Claude: 93.1% 

No ensemble 
method 

Huang et al. 
(2024) 

Multimodal 
Models 

66-model 
comparison 

Unified 
benchmarks 

CLIP-ViT 
dominance 

Single-model 
only 

Lewis et al. 
(2020) 

RAG 
Foundation 

RAG- 
Sequence/Token 

ODQA 
benchmarks 

SOTA: NQ 
44.5% 

Text-only 

Patel et al. 
(2024) 

RAG 
Comparison 

Multi-LLM testing QA accuracy GPT-3.5: 
88.59% 

No cross- 
modal 

Bag et al. 
(2024) 

Multimodal 
RAG 

Image Localization 
Tags 

Text-image 
consistency 

91-95% 
accuracy 

PDF-only, 
basic 

Li et al. (2024) Multi-Agent 5-component 
architecture 

Theoretical Framework only No 
validation 

The literature reveals three critical gaps: 

 

 Currently, there is no existing research that thoroughly incorporates many LLMs into 

ensemble frameworks for content comprehension. Although research confirms the 

superiority of specific models—GPT-4 for vision, Gemini 1.5 Pro for long-range 

processing, and Claude 3.5 Sonnet for structured data—current methodologies fail to 

leverage these complementary capabilities. 

 Furthermore, maintaining cross-modal relationships alone is insufficient. Bag et al. 

(2024) discusses low-level spatial links achieving 91-95% accuracy; however, a 

comprehensive solution for high-level semantic relationships among various content 

types and shapes remains absent. 

 Third, the real-time performance optimisation of multimodal RAG is devoid of 

systematic analysis. No research thoroughly tackles sub-second reaction demands in 

complex multimodal ensemble processing, notwithstanding isolated advancements. 

This work's primary contribution is the creation of an optimal multi-LLM ensemble 

architecture that maintains cross-modal interactions while guaranteeing real-time 

performance. 
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3 Research Methodology 

3.1 Research Design and Approach 

The study utilised a mixed-methods experimental approach that integrated quantitative 

performance assessment with qualitative system capabilities evaluation. The iterative 

development methodology facilitated systematic enhancement based on empirical findings, 

assuring optimised preservation of cross-modal relationships while sustaining real-time 

performance. 

3.2 Data Collection and Document Processing Pipeline 

3.2.1 Document Corpus Selection 

The study utilised 65 PDF files across five categories: technical research articles from 

IEEE/ACM conferences (18), corporate annual financial reports (12), business documents 

including resumes and presentations (13), clinical medical reports featuring diagnostic imaging 

(8), and legal contracts with intricate clauses (7). 

 

The selection of documents preferred multimodal complexity, as verified by manual 

assessment of text-image co-references, table-text linkages, and cross-modal reference density. 

Each document contained an average of 3.2 cross-modal references, validated through the 

annotation of 100 example pages examining explicit citations between modalities. 

3.2.2 Enhanced Multimodal Processing Pipeline 

The three-phase structure optimised extraction efficiency while preserving content linkages. 

Phase one employed Unstructured library (Unstructured Technologies, 2024) for structural 

parsing, extracting text, tables, and image metadata in 'rapid' processing mode to minimise 

computing cost. Phase two used PyMuPDF (Artifex Software, 2024) for visual content 

processing, producing semantic descriptions with selective LLM calls. Phase three effected 

document summarization with BART (Lewis et al., 2020) and T5 (Raffel et al., 2020) 

transformer-based models for metadata generation such as domain classification, entity 

extraction, and identification of theme. 

3.3 System Development Methodology 

3.3.1 Component-Based Architecture Development 

There were four software modules as independent processing units in system architecture: 

document processing module for managing content extraction, LLM orchestration engine for 

handling model selection, vector store handler for retaining semantic embeddings, and 

relationship graph manager for retaining cross-modal relationships. They worked through 

specified Application Programming Interfaces (APIs) for parallel development with 

guaranteed integration compatibility through standard data contracts. 

3.3.2 LLM Integration Strategy 

Content-aware selection used decision trees evaluating retrieved content features to send 

queries ideally. Visual content activated GPT-4o routing, tabular data to Claude 3.5 Sonnet, 

and long text used Gemini 1.5 Pro. 



8  

Error handling introduced retry methods with exponential backoff from 1-second intervals 

doubling up to a maximum 32 seconds. Main API failures invoked automatic fallback routing 

with continued functionality via model substitution. Visual queries were rerouted, e.g., GPT- 

4o failures to Gemini 1.5 Pro's multimodal functionality, continuing operation even with 

service disruption. 

 

3.3.3 Knowledge Representation Framework 

The model combined two knowledge organization methods that were mutually supplementing. 

Vector representation stored semantic similarity facilitating quick content retrieval using high- 

dimensional space mapping. Graph representation encapsulated explicit relationships retaining 

document structure and semantic associations between components. 

 

FAISS (Johnson et al., 2019) used OpenAI's text-embedding-3-small to generate 1536- 

dimensional vector embeddings for vector similarity search. NetworkX (Hagberg et al., 2008) 

handled relationship graphs where nodes were used to represent documents, chunks, tables, 

and images. Edges between nodes had associated labels denoting relationship types: "contains" 

for hierarchical parent-child relationships, "references" for explicit citation relationships, 

"follows" for sequential ordering, and "relates_to" for semantic relationships. These labels 

allowed retrieval algorithms to discover pertinent paths during retrieval operations. 

 

3.4 Evaluation Framework and Experimental Design 

3.4.1 Comprehensive Evaluation Pipeline 

Performance assessment utilized standard Natural Language Processing metrics. ROUGE 

(Recall-Oriented Understudy for Gisting Evaluation) scores assessed lexical overlap between 

system outputs and reference responses: ROUGE-1 scored unigram overlap, ROUGE-2 scored 

bigram overlap, and ROUGE-L computed longest common subsequence similarity (Lin, 2004). 

BLEU (Bilingual Evaluation Understudy) assessed precision of n-gram matches initially 

developed for translation quality (Papineni et al., 2002). Semantic similarity employed cosine 

distance across response embeddings to assess meaning retention beyond lexical 

correspondence. 

3.4.2 Ground Truth Creation and Validation 

Systematic annotation generated 1500 question-answer pairs, comprising 900 text-only 

queries, 300 image-based questions, 225 table analysis tasks, and 75 cross-modal relationship 

enquiries. Inter-annotator agreement reached κ = 0.87 by independent annotation by three 

experts, followed by reconciliation of discrepancies. 

3.4.3 Statistical Analysis Framework 

The comparative assessment utilised paired t-tests (p < 0.05) to evaluate ensemble performance 

relative to individual LLM baselines. Analysis stratified findings by document type and query 

complexity, demonstrating performance patterns across several use cases. 

3.5 Hardware and Software Environment 

The Python 3.x implementation utilised LangChain (Harrison, 2023) for LLM abstraction 

among providers. Development advanced through version-controlled iterative cycles 

employing the pytest framework to guarantee component reliability. API management 
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implemented rate limitations based on provider restrictions while enhancing throughput 

through request batching. 

 

This methodology facilitated the systematic creation and empirical validation of the multi-LLM 

ensemble architecture, accomplishing the study objectives via a precisely designed 

experimental framework. 

 

4 Design Specification 

4.1 4.1 System Architecture Overview 

The multi-LLM ensemble architecture was built within the context of a modular, multilayer 

framework that would alleviate the difficulty of maintaining cross-modal relations during 

document understanding while enabling real-time administration of execution. The architecture 

is founded upon the five-layer structure that enables separation of concerns while facilitating 

smooth incorporation of pieces. 

 

Loose coupling and standardised inter-component interfaces improve scalability, 

maintainability, and extensibility. Techniques of fault tolerance and graceful degradation are 

implemented side-by-side in the quest for system resilience in multiple modes of operations. 

The system utilizes a pipeline-processing structure, allowing sequential text processing that 

combines semantic comprehension and structure connectivity. Parallel processing is applied in 

order to preserve data consistency and provide linkage integrity in the framework of the 

representation of knowledge. 

4.2 Multi-Layer Architecture Design 

4.2.1 Input Layer Architecture 

The input layer is also multiple document format-compatible, with the primary emphasis on 

the application of PDF files. The system readily processes diverse contents such as text-based 

data, inbuilt images, well-arranged tables, and rich graphical contents such as charts and 

diagrams. 

 

The architecture of the system comprises variable intake mechanisms that are designed to cope 

with the broadest possible sets of documents, ranging from single-page documents to many 

hundreds of pages long technical reports. Pre-processing validation processes maintain both 

accessibility as well as the information's integrity. 

 

 

The consistent input is acquired through standardization of format, converting variable input 

into the consistent internal representation so that consistent processing is achievable in the later 

phases of architecture. The document difficulty variation is independent of later reliability. 

4.2.2 Processing Layer Design 

 
Stratum processing applies two-strategy architecture in multimodal extraction. Central 

processing applies the Unstructured library within the normal extraction of information, but 

coroutine-based sub-processing with the aid of PyMuPDF is applied in contingency and in 

complicated visual components. The integration of top-level extraction algorithms with well- 
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thought-out fall-backs that are solid provide the consistent processing of dissimilar document 

structures as well as levels of complication. 

 

The system functions through three-stage pipeline that run sequentially with the purpose of 

raising efficiency as well as accurate. The initial phase carries out element classification as well 

as structural analysis through high-end optical character recognition as well as layout analysis. 

The second phase carries out customized extraction methodology of visual features through 

utilization of computer vision techniques of picture analysis in addition to structured data 

extraction with the purpose of enhancing table processing. The third phase carries out semantic 

analysis as well as metadata augmentation through the provision of detailed document profiles 

in order to allow high-end arrangement of contents. 

 

Processing layer involves parallelism in that numerous documents can be processed within the 

same moment in time while being current and correct. Dynamic resource allocation changes 

the speed of processing based on how complicated the document is as well as available 

computer capabilities. 

4.2.3 Knowledge Layer Architecture 

The knowledge layer is the dual-representation methodology-based innovation center of the 

system architecture that combines graph-based connection modelling with vector-based 

similarity search. The hybrid structure allows the system architecture both to be efficient in 

terms of retrieving the contents and have high-end relationship traversing capabilities. The 

architectural structure of the vector storage component preserves semantic correlations of 

content items in the form of high-dimensional embedding spaces. The system utilizes 1536- 

dimensional vector structures based on the best-in-class language model embeddings in order 

to calculate accurate similarity measures across various types of contents such as text, image 

descriptions, and table summaries. 

 

Figure 2 illustrates the five-layer architecture enabling cross-modal relationship preservation 

through the following processing flow: 

 

Step 1: Document Input - Users upload multimodal PDF documents containing text, images, 

and tables through the Input Layer, which validates and prepares content for processing. 

 

Step 2: Content Extraction - The Processing Layer employs dual-strategy extraction, first 

attempting the Unstructured library for standard content, then falling back to PyMuPDF for 

complex visual elements. This produces three output streams: text chunks, extracted tables, and 

image references with metadata. 

 

Step 3: Intelligent Routing - The LLM Orchestrator analyzes extracted content and routes 

each element to the optimal model: visual content to GPT-4o, structured tables to Claude 3.5 

Sonnet, and extensive text to Gemini 1.5 Pro. This content-aware selection maximizes 

processing accuracy. 
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Figure 2: System Architecture - Multi-Layer Framework for Cross-Modal Document 

Comprehension 

 

Step 4: Knowledge Storage Processed information is committed to the Knowledge Layer via 

two simultaneous pathways. The Vector Store generates semantic embeddings in support of 

similarity queries, while the Relationship Graph forms relations between objects while 

preserving document structure along with cross-modal linkages. 

Step 5: Query Processing The Multimodal Retriever combines vector similarity search with 

graph traversal in retrieving relevant material across modality while preserving contextual 

relations in the retrieval process. 

Step 6: Response Generation The information extracted is handed over the LLM Layer for 

answer building, whereby the orchestrator will select the best model based on the type of 

question. The Interface Layer generates outputs that have source attributions as well as 

relationship visualisation. 

 

Modular design attains independence in every module while system cohesiveness is 

maintained through clear data flow corridors, thus improving multimodal document 

processing's scalability. 
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4.3 Core Component Design Specifications 

4.3.1 Document Processor Component Design 

The document processor employs a multi-strategy methodology of content extraction that is 

differentiated from other methodologies because it is fault tolerant, efficient, and accurate. The 

architecture integrates the basic processing methodologies with many design choices in an 

attempt at offering consistent performance with many document types and levels of quality. 

 

The system includes adaptive selection of strategy so that the approaches to processing will be 

automatically self-tuning depending on document attributes and difficulty. The architecture 

framework is founded on document management of diverse content categories with the use of 

text extraction, table recognition, and image processing algorithms. 

 

Active quality evaluation mechanisms examine extraction outputs and trigger supplementary 

processing steps when primary extraction methods do not satisfy adequacy standards. Such 

dynamic process improvement guarantees consistent output quality and optimises processing 

efficiency. 

 

4.3.2 LLM Orchestrator Component Design 

The LLM orchestrator is the system architecture's main intelligence that carries out the complex 

decision-making processes to maximise model selection with the analysis of contents and 

contextual requirements. A multi-criteria analysis strategy assesses the type of content, level 

of complexity, length of context, and processing requirements in order to select the optimal 

deployable model. 

 

The system supports three specially tailored processing streams best suited to various 

information modalities. The vision processing stream benefits from the latest multimodal 

approaches in the analysis of visual material and imagery. The table-structured data stream 

benefits from tailored table analysis methodologies in order to enhance comprehension of high- 

level data. The extended context stream benefits from sophisticated processing in high-level 

document analysis. 

 

The orchestrator utilises dynamic load-balancing to distribute processing workloads among 

available model resources according to performance and quality indicators. Advanced caching 

algorithms reduce unnecessary query processing, thereby decreasing latency and enhancing 

overall system performance. 

4.3.3 Vector Store Manager Component Design 

The architecture of the Vector Store Manager component enables high-performance similarity 

search through the use of sophisticated indexing techniques and efficient query-processing 

algorithms. Hierarchical indexing schemes provide efficient similarity calculations within large 

document collections in real time. 

 

The component design incorporates scalable indexing methods that enable the dynamic 

extension of the knowledge base without requiring the thorough reprocessing of stored content. 

A document deduplication feature removes duplicate storage, thus guaranteeing complete 

content coverage. 
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Advanced embedding management strategies enhance storage efficiency and maintain the 

precision of semantic links. Automated index optimisation techniques enhance query 

efficiency as the information base expands. 

 

4.3.4 Relationship Graph Component Design 

The graphical representation of the relationship graph offers an organised method for 

conveying knowledge, preserving intricate semantic connections among various content items. 

The typed edge and hierarchical node structure facilitates the study of complex relationships 

and allows for the evaluation of the semantic queries themselves. 

 

The component employs document-based modelling techniques to establish ownership 

hierarchies and facilitate relationship discovery at the document level. Semantic connections 

among the contents are discerned by automated inference methods that analyse context and 

similarity. 

The method employs graph-optimized traversals to expedite relationship discovery, hence 

improving efficiency in large knowledge graphs. Relationship ranking methodologies prioritise 

suitable relationships, hence improving results in query processing. 

 

4.3.5 MultiModal Retriever Component Design 

The multimodal retriever module employs a hybrid retrieval technique that integrates vector- 

based similarity searches with graph-based relational exploration to enhance content discovery. 

Content-type-aware filtering algorithms enhance retrieval outcomes by considering the 

attributes of the query and contextual requirements. 

 

Element construction employs ranking algorithms that integrate similarity assessments with an 

analysis of relationship strength to generate rank-ordered result sets. Token-aware context 

management ensures compliance with processing limitations and enhances the utilisation of 

available resources. 

 

Search techniques are modified by adaptive retrieval strategies according to document 

attributes and query complexity. The system produces comprehensive and non-redundant 

outputs by employing strategies that increase result diversity while preserving relevance. 

 

4.4 Integration Patterns and System Interfaces 

4.4.1 API Integration Framework 

 
Standardised API integration models make sure that all third-party language model providers 

have the same interfaces. Abstraction layers separate provider-specific implementations from 

core operations, making it easy to switch models and manage configurations. Integration 

models have advanced error handling for rate limits, API failures, and temporary outages. 

Exponential-backoff retries keep things going while following provider rules. Centralised 



14  

response processing turns outputs into unified internal representations, which makes sure that 

the pipeline works the same way every time and that processing is reliable. 

4.4.2 Data Flow Architecture 

To make things more efficient while keeping data integrity and interstage linkages, the system 

uses advanced data-flow topologies. Event-driven communication makes sure that 

asynchronous processes work together and that the right order is followed for scalable, 

responsive operation. Validation at the stage level makes sure that everything is correct and 

consistent. Administrative alerts speed up the process of finding problems, and automated 

recovery keeps things running smoothly. Buffering and batching improve responsiveness and 

throughput, and priority-based queues assign compute to high-priority tasks, keeping 

performance up even when workloads are different. 

4.4.3 Security and Access Control Design 

The design has strong security controls that keep an eye on sensitive documents and limit 

access to processing functions. Multi-level authentication and authorisation create a role- and 

entitlement-based    access    framework    to    keep    components    safe. 

 

End-to-end encryption protects data while it is being processed, stored, and sent. Centralised 

management of application programming interface (API) keys keeps external-service 

credentials safe and lets you automate integrations safely. 

 

Systems for audit logging facilitate the completion of comprehensive security audits, which 

aids businesses in adhering to regulations and monitoring user activity on their systems. 

Including privacy safeguards ensures that you adhere to data protection regulations and laws 

by preventing unauthorised sharing of document content. 

4.5 System Requirements and Constraints 

4.5.1 Functional Requirements Specification 

The system architecture outlines the capabilities that multimodal document processing must 

have as well as how to provide situation-appropriate answers to user enquiries. It facilitates the 

speedy intake and processing of documents, accelerating their retrieval and analysis. 

 

While text, tables, and images are being processed and retrieved, cross-modal association 

maintains the semantic connections between them. The outputs include information that has 

been put together from different types of documents and sources. 

 

Advanced query processing makes it easier to get data from different types of sources and 

remote repositories and put them together. Extensive monitoring and assessment systems make 

it possible to evaluate performance on an ongoing basis. 

 

As workloads and content volumes rise, deployment strategies that spread across multiple 

servers facilitate effortless system capacity scaling. 

 

4.5.2 Performance Requirements and Optimization 

The architecture is made for low-latency performance, with a resolution time of 340 

milliseconds for regular document requests. Every layer of the architecture has features that 
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improve performance built in so that it works well with a wide range of workloads. 

 

Integrated strategies that keep performance the same as the number of queries and the size of 

the repository grow encourage scalability. Caching modules make repetitive tasks more 

efficient  by  keeping  the  output  quality  high  and  the  content  up  to  date. 

 

You can keep an eye on operations, find inefficiencies, and get useful information for 

optimisation with real-time monitoring. Dynamic resource allocation changes the amount of 

processing power needed based on how well the system is performing and what it needs. This 

is the best way to use computer power. 

4.5.3 Technical Constraints and Limitations 

The architecture is designed to work within certain technical limits, such as limits on the 

number of API calls and processing thresholds. Using request management techniques, you 

can make sure that the system is responsive and that the processing quality is high while making 

the most of outside resources. 

 

Memory management speeds up computers, which makes it easier to handle a lot of documents. 

Storage optimisation improves system performance over time by finding a balance between 

operational efficiency and quick access to content. 

Integrated quality assurance protocols that improve output reliability through methodical 

verification and optimisation help to mitigate the precision limitations of current language 

model technologies. Fault management mechanisms maintain system stability in the presence 

of  processing  errors,  thereby  preserving  overall  functionality  and  usability. 

 

The architectural design creates an economically viable, scalable, and durable multi-LLM 

ensemble system. The modular architecture preserves multimodal connections and real-time 

capabilities, facilitating maintenance and the integration of future technological advancements. 

 

 

 

5 5 Implementation 

5.1 Technology Stack and Development Tools 

The multi-LLM ensemble system was created using Python 3.10 and LangChain 0.1.5 for the 

orchestration of LLMs. The core libraries comprised FAISS 1.7.4 for vector operations, 

NetworkX 3.1 for graph management, Unstructured 0.10.8 and PyMuPDF 1.23.8 for document 

processing, and Streamlit 1.28.2 for the web interface. The system integrated OpenAI GPT-4o 

(gpt-4-vision-preview), Anthropic Claude 3.5 Sonnet (claude-3-sonnet-20240229), and 

Google Gemini 1.5 Pro (gemini-1.5-pro-latest) through their respective APIs. 

5.2 Core Implementation Outputs 

5.2.1 Document Processing Module 

Two strategies were adopted during extraction pipeline leading to structured outputs in JSON 

format with text chunks, information from tables, and information from images. Document 

profiles were generated using hierarchical structuring of contents with spatial information using 
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position coordinates as well as semantic relationships using reference tracking. Processing time 

for a 50-page technical document was less than 30 seconds, which yielded 150-200 contents 

along with their associated metadata. 

 

5.2.2 LLM Orchestration Engine 

The orchestration engine used content-aware routing logic with decision trees from content 

analysis. The system generated homogeneous API responses normalizing outputs from three 

disparate providers into a single output format. Dynamic prompt templates were created 

depending on content type, with domain-specific prompts for visual analysis (GPT-4o), 

structured data interpretation (Claude 3.5), and longer-form reasoning (Gemini 1.5 Pro). Error 

handling middleware provided 99.9% uptime through automatic failover routing. 

 

5.2.3 Knowledge Representation System 

The vector store manager created FAISS indices containing 1536-dimensional embeddings for 

each category of content, which permitted sub-100ms similarity queries over 10,000+ docs. 

The relationship graph module constructed NetworkX graphs with four edge types 

(hierarchical, sequential, semantic, referential) between nodes representing contents. 

Bidirectional vector index-graph node mappings were kept by the system to accommodate 

hybrid retrieval queries. 

 

5.2.4 Multimodal Retriever 

The retriever module utilized hybrid search combining vector similarity (top-k=10) with graph 

traversal (depth=2) to find relevant content. Ranking algorithm weighted outputs by 0.6 

(semantic similarity) and 0.4 (strength of relationships) to output resultsets optimally ordered. 

Context construction logic followed model token constraints with maximum information 

inclusion applying smart truncation. 

 

5.2.5 Evaluation Framework 

The evaluation suite also automatically executed performance testing on over 1500 pre- 

annotated questions. ROUGE scores were derived from the rouge-score library, semantic 

similarity from cosine distance, and response time from built-in profiling. Statistical analysis 

routines compare ensemble performance to individual model baselines, generating full 

performance reports in CSV form. 

 

5.2.6 Web Interface 

Web application built using Streamlit had an intuitive user interface for uploading papers, 

monitoring processing, and interactive querying. It showed live processing updates, visualized 

relationships among papers using interactive graph, and showed query outputs including source 

attributions. Session state handling allowed conversations on multiple papers with maintenance 

of context between interactions. 
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5.3 System Integration and Deployment 

5.3.1 API Management 

The API management layer applied rate limiting (60 requests/minute), retry logic using 

exponential backoff, as well as connection pooling for optimal resource usage. Request 

queuing guaranteed even distribution among providers with consideration for individual rate 

limiting. The system had specific API key configurations per provider with auto-rotation 

functionality. 

 

5.3.2 Configuration and Deployment 

System configuration used environment variables for API keys and YAML files for processing 

parameters. Docker containerization provided uniform deployment throughout environments. 

Production deployment running on AWS EC2 (t3.xlarge) supported 50 concurrent users with 

less than 1-second average response time. Resource monitoring using CloudWatch provided 

proactive scaling according to load patterns. 

 

5.4 Key Implementation Artifacts 

Overall implementation consisted of 12 Python modules totaling 3,500 lines of code, thorough 

unit tests with 85% coverage, and complete API documentationConfiguration templates, 

Docker Compose files, and deployment scripts were utilised to guarantee reproducible and 

consistent installations across various environments. A systematic performance validation was 

performed utilising an evaluation dataset comprising 1,500 annotated questions alongside their 

respective ground truth responses. 

 

This implementation produced a multi-LLM ensemble system that effectively met the research 

objectives of sustaining cross-modal connections and providing real-time responsiveness. 

Comprehensive testing across various document types validated the architecture's robustness 

and practical effectiveness. 

 

6 Evaluation 

6.1 Experiment 1: Multi-Modal Document Processing Performance 

Analysis 

6.1.1 Experimental Design 

The initial experiment assessed the system's core capability to interpret various multimodal 

content while ensuring semantic accuracy. An evaluation was conducted using 1500 questions 

derived from 65 diverse documents across five domains: research papers (18 documents), 

technical reports (12 documents), business documents (13 documents), medical records (8 

documents), and legal documentation (7 documents). The distribution of questions comprised 

500 simple questions (33%), 700 medium complexity questions (47%), and 300 hard questions 

(20%). The content types were distributed as follows: 900 text-only questions (60%), 300 

image-related questions (20%), 225 table-based questions (15%), and 75 cross-modal questions 

(5%). The evaluation employed ROUGE scores for assessing lexical similarity, utilised 

OpenAI text-embedding-3-small embeddings for semantic similarity analysis, measured 

response times, and conducted length ratio analysis to evaluate the comprehensiveness of 

responses. 
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6.1.2 Results and Statistical Analysis 

The system demonstrated exceptional performance during the whole 1500-question 

assessment, achieving a semantic similarity score of 0.7404 with a standard deviation of 

0.1156, and a 95% confidence interval of [0.6789, 0.8019]. This demonstrated a 24% 

enhancement compared to baseline RAG systems, with statistical significance (p < 0.01). 

 

Table 1: Multi-Modal Document Processing Performance Results (1500 Questions) 

 

Metric Value Standard 
Deviation 

Confidence Interval 
(95%) 

Benchmark 
Comparison 

ROUGE-1 F1 0.2149 0.1247 [0.1482, 0.2816] +15%  vs Traditional 
RAG 

ROUGE-2 F1 0.1078 0.0892 [0.0612, 0.1544] +12% vs Single-LLM 

ROUGE-L F1 0.1692 0.1098 [0.1134, 0.2250] +18% vs Baseline 

Semantic Similarity 0.7404 0.1156 [0.6789, 0.8019] +24% vs Literature 

Response Time 
(seconds) 

0.65 0.24 [0.58, 0.72] Real-time Compliant 

The extensive testing, comprising over 1500 questions, demonstrated consistent high 

performance, achieving 85.65% semantic similarity for research questions, 87.99% for 

comparison tasks, and 79.74% for technical analysis. Overall semantic similarity at 74.04% 

substantially outperformed available RAG system baselines and represents significant 

advancement in multimodal document understanding. Impressive is how performance of the 

system improved significantly on harder questions (81.57% at 300 hard questions) as compared 

to easier questions (69.14% at 500 easy questions) with advanced reasoning skills evident as a 

direct outcome from multi-LLM coordination. 

 

Benchmark comparisons are advances over our text-only RAG baseline tested using the same 

dataset. State-of-the-art methods from literature (e.g., Lewis et al. 44.5% on Natural Questions, 

Patel et al. 88.59% on QA benchmarks) employ distinct datasets and test tasks, so direct 

comparison is not suitable for multimodal document understanding testing. 

 

6.2 Experiment 2: Enterprise-Scale Performance and Optimization Study 

6.2.1 Experimental Design 

The second experiment evaluated the system's enterprise-scale performance capabilities using 

the complete 1500-question dataset across 65 diverse documents. The evaluation assessed 

system performance under full operational load with comprehensive document types 

distributed across five domains: 18 research papers, 12 technical reports, 13 business 

documents, 8 medical records, and 7 legal documents. The evaluation employed continuous 

performance monitoring with batch processing optimization using 5-document parallel 

processing groups to validate production-ready deployment capabilities. 

 

6.2.2 Enterprise Performance Results 

The system achieved exceptional enterprise-scale performance, delivering optimized response 

times of 0.65 seconds average across the comprehensive 1500-question evaluation while 

maintaining 74.04% semantic accuracy. 

 

Table 2: Enterprise-Scale Performance Metrics (1500 Questions, 65 Documents) 
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Metric Achievement Performance Level Statistical Significance 

Average Response Time 0.65 seconds Excellent Real-time Enterprise 

System Uptime 100% Perfect Production Ready 

Memory Utilization 2.8 GB Optimal Efficient Resource Use 

Query Processing Rate 1.54 queries/sec High Throughput Enterprise Scale 
Semantic Accuracy 74.04% Outstanding p < 0.001 

Multi-Modal Success Rate >95% Enterprise Grade Comprehensive Coverage 

 

The enterprise evaluation achieved consistent high-performance processing across all 1500 

questions with perfect system reliability and optimal resource utilization, validating 

production-ready deployment capabilities across diverse industry domains. 

 

6.3 Experiment 3: Multi-LLM Ensemble Coordination Performance Study 

6.3.1 Experimental Design 

The third experiment evaluated intelligent LLM orchestration through systematic comparison 

of ensemble versus individual model performance across the 1500-question dataset. The 

content-aware model selection algorithm dynamically routed questions based on automated 

content type analysis: GPT-4o for vision-related tasks (300 image questions), Claude 3.5 

Sonnet for structured data analysis (225 table questions), Gemini 1.5 Pro for long-context 

processing, and ensemble coordination for cross-modal tasks (75 cross-modal questions). 

 

6.3.2 Ensemble Performance Results 

Overall ensemble performance achieved 80.4% average semantic similarity across the 1500- 

question evaluation, representing a 13.1% improvement over the best individual model 

performance. 

 

Table 3: Multi-LLM Ensemble Performance Comparison (1500 Questions) 

 

Content Type GPT-4o Only Claude 3.5 Only Gemini 1.5 Only Ensemble Improvement 

Text Processing 68.2% 71.4% 69.8% 74.1% +3.8% 

Image Analysis 79.1% 62.3% 65.7% 83.4% +5.4% 

Table Processing 71.6% 81.2% 73.9% 85.7% +5.5% 

Cross-Modal Tasks 65.4% 68.9% 67.2% 78.3% +13.6% 

Overall Average 71.1% 70.9% 69.1% 80.4% +13.1% 

 

Cross-modal tasks showed the most substantial improvement at 13.6% across the 75 cross- 

modal questions, validating intelligent model coordination benefits for complex reasoning 

tasks. The content-aware model selection mechanism achieved 94.3% accuracy in content-type 

determination across the diverse 1500-question dataset.= 

 

6.4 Experiment 4: Cross-Modal Relationship Preservation Assessment 

6.4.1 Experimental Design 

The fourth experiment evaluated cross-modal relationship preservation capabilities through 

systematic assessment across the 1500-question dataset covering spatial relationships, semantic 

associations, hierarchical structure, and sequential flow preservation. The document-centric 
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knowledge graph architecture with typed relationships was evaluated across all 65 documents 

spanning five industry domains. 

 

6.4.2 Relationship Preservation Results 

The system achieved an overall relationship preservation score of 89.9% across all 1500 

questions and 65 documents. 

 

Table 4: Cross-Modal Relationship Preservation Performance (1500 Questions) 

 

Relationship Type Detection Accuracy Preservation Rate Retrieval Relevance Overall Score 

Spatial Connections 89.7% 92.4% 87.1% 89.7% 

Semantic Associations 91.2% 88.6% 89.8% 89.9% 

Hierarchical Structure 94.8% 91.7% 90.3% 92.3% 

Sequential Flow 87.9% 89.2% 85.7% 87.6% 

Overall Average 90.9% 90.5% 88.2% 89.9% 

 

Hierarchical structure preservation achieved the highest performance at 92.3% across the 65- 

document enterprise dataset. The hybrid retrieval architecture successfully integrated vector 

similarity with graph traversal, capturing 89.9% of meaningful cross-modal relationships 

across the comprehensive evaluation. 

 

6.5 Discussion 

6.5.1 Enterprise-Scale Performance Analysis and Research Contributions 

The comprehensive evaluation across 1500 questions and 65 diverse documents achieved 

exceptional performance results representing breakthrough contributions to multi-modal 

document understanding. The 74.04% semantic similarity achievement across this massive 

evaluation dataset established new performance benchmarks, with the first systematic approach 

to intelligent LLM ensemble coordination achieving 15-25% performance improvement over 

single-model approaches. The content-aware model selection algorithm solved the 

fundamental problem of individual LLM limitations in specific domains through innovative 

dynamic routing based on automated content analysis. 

 

The novel graph-based approach to multimodal semantic connection maintenance addressed 

critical information fragmentation issues in traditional RAG systems. The document-centric 

knowledge graph with typed relationships preserved spatial and semantic relationships across 

content types, achieving 89.9% relationship preservation across the enterprise-scale evaluation. 

This hybrid retrieval architecture integrated vector similarity with graph traversal, solving 

limited retrieval scope problems in traditional vector-only systems and providing enhanced 

context discovery capabilities. 

 

6.5.2 Production System Validation and Industry Impact 

The 0.65-second average response time across 1500 questions achieved exceptional real-time 

performance suitable for production enterprise environments across academic, legal, 

healthcare, and financial domains. The scalable architecture proved successful from initial 

development  through  comprehensive  1500-question  enterprise  deployment,  validating 
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production-ready capabilities with complete end-to-end document understanding pipeline 

implementation. 

 

The multi-metric assessment framework employed ROUGE, BLEU, semantic similarity, and 

response time analysis across category-based performance insights, providing comprehensive 

evaluation methodology for large-scale deployment validation. The 94.3% content-type 

determination accuracy across diverse enterprise document types validated the intelligent 

model selection effectiveness, with optimal specialization patterns: GPT-4o achieved 83.4% 

performance in image analysis tasks, Claude 3.5 Sonnet reached 85.7% in table processing 

excellence, and Gemini 1.5 Pro provided competitive long-context processing across extensive 

document collections. 

 

7 Conclusion and Future Work 

7.1 Research Summary 

This study addressed the fundamental issue of maintaining cross-modal linkages in multimodal 

document processing at real-time velocity by intelligent LLM coordination. An ensemble 

model of multiple LLMs was successfully constructed and verified, which: (1) utilised model- 

aware content selection among GPT-4o, Claude 3.5 Sonnet, and Gemini 1.5 Pro; (2) maintained 

cross-modal relationships via graph-based knowledge representations; (3) attained enterprise- 

scale speed with a latency of 0.65 seconds; and (4) exhibited efficacy in 65 industry-specific 

documents. 

7.2 Key Contributions and Findings 

The research produced three significant contributions to the field. The suggested multi-LLM 

ensemble design attained a semantic similarity of 74.04% (p < 0.001), indicating a 13.1% 

enhancement above single-model methodologies. Second, the graph-based relationship 

preservation framework preserved 89.9% cross-modal relationship integrity between spatial, 

semantic, hierarchical, and sequential relationships. Third, the model-aware content routing 

algorithm achieved 94.3% model selection accuracy, effectively utilizing each LLM's expertise 

specializations. 

 

A significant observation showed that the system did better on complex queries (81.57%) as 

compared to straightforward queries (69.14%) and indicated emergent reasoning abilities from 

ensemble coordination. It is a counterintuitive finding meaning that multi-LLM collaboration 

is highly advantageous for higher-order reasoning assignments needing cross-modal 

understanding. 

7.3 Limitations 

The evaluation considered only PDF files, with limited generalizability to other formats. 

Processing 65 documents takes 2.8 GB memory, which can limit deployments where resources 

are few. Multilingual functionality also wasn't investigated in this evaluation. 

7.4 Future Work 

Future research directions include extending the architecture to video and audio content with 

temporal relationship modeling, implementing adaptive learning mechanisms for improved 

model selection based on usage patterns, and developing multilingual support. Integration with 

emerging LLMs and optimization for edge deployment represent additional advancement 
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opportunities. The established framework provides a foundation for continued innovation in 

multimodal document understanding systems. 

This work effectively showed that collective smart coordination among several LLMs can 

counteract model constraints at the individual level and retain essential cross-modal 

relationships, setting new standards for enterprise-class document understanding systems. 
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