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Abstract - In the modern enterprise, Human Capital Management (HCM) suffers from a systemic "data-rich, insight-

poor" paradox. While platforms like Workday house vast repositories of structured metadata, the most critical 

indicators of talent niche technical competencies, complex project histories, and latent expertise remain trapped in 

unstructured formats such as PDF resumes and free-text fields. This paper introduces "Colleague Search," a novel 

Agentic Multi-Modal Retrieval-Augmented Generation (RAG) framework designed to transform static HR databases 

into an autonomous discovery engine. By utilizing Azure AI Search, Azure Document Intelligence, and a proprietary 

"Sidecar Metadata Pattern," this architecture moves beyond simple keyword retrieval to achieve high-fidelity visual 

document intelligence and semantic reasoning. The implementation effectively solves the "Dark Data" problem 

inherent in complex resume tables and legacy ingestion pipelines, reducing the talent discovery cycle from 72 hours 

to sub-second, high-precision identification. Achieving a 98% accuracy rate in skill extraction, this framework serves 

as a scalable blueprint for autonomous internal mobility, demonstrating how orchestrated AI can fundamentally 

reshape enterprise resource planning. 
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1. Introduction: The Strategic Imperative for 

Autonomous HR 
Over the past years, enterprise technology has evolved 

from monolithic on-premise silos to distributed, cloud-native 

microservices. Yet, despite this modernization, the way 

global organizations discover and deploy internal human 

capital has remained remarkably stagnant. Finding the right 

specialist for a critical initiative such as identifying a 

developer with deep expertise in .NET, Angular, and legacy 

SQL Server migrations often requires days of manual 

screening across disparate systems. 

 

"Colleague Search" was architected to bridge this 

specific gap. Standard keyword search tools fail because they 

lack semantic understanding; they cannot differentiate 

between a candidate who managed an AI project and one 

who architected it. This Agentic Multi-Modal RAG 

framework was developed to transform HR from a reactive 

administrative function into a proactive, autonomous 

intelligence layer. By orchestrating multiple AI models to 

"read" resumes like a seasoned engineering leader, we 

achieved a strategic shift in internal mobility: reducing talent 

discovery from days of manual labor to instantaneous, high-

precision identification. 

 

2. Debunking the Industry Myths: Why RAG Is 

the Enterprise Standard 
Before detailing the architecture, it is necessary to 

address two pervasive myths that have recently clouded 

enterprise AI strategies. These misconceptions often lead 

organizations to overspend on computationally heavy models 

while achieving inferior results. 

 

2.1. Myth 1: "RAG is Dead Due to Hallucinations" 

A common critique is that RAG is obsolete because 

LLMs still hallucinate incorrect information. This stems 

from a misunderstanding of RAG not as an end-state, but as 

an architectural pattern. Hallucinations in RAG typically 

occur due to poor retrieval, not poor generation. This 

behavior is fully correctable through advanced orchestration 

patterns such as Corrective RAG (CRAG), Self-RAG, and 

Agentic RAG. By implementing self-critique loops, the 

system evaluates its own retrieved chunks and discards 

irrelevant data before the generation phase, effectively 

eliminating the hallucination vector. 

 

2.2. Myth 2: "Massive Context Windows Eliminate the 

Need for RAG" 

With foundation models now boasting context windows of 

over a million tokens, some argue that organizations can 

simply pass an entire database of resumes into a prompt. 

This approach is fiscally irresponsible and technically 

flawed, suffering from severe disadvantages: 

 Cost: Processing millions of tokens per query incurs 

exponential API costs. 

 Latency: Time-To-First-Token (TTFT) degrades to 

minutes, rendering real-time applications 

impossible. 
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 Performance (The "Lost in the Middle" Syndrome): 

LLMs struggle to recall specific facts buried in the 

middle of massive context windows, leading to 

degraded accuracy. 

 Accuracy/Cost/Speed Ratio: RAG optimizes this 

golden triangle. It acts as a precision filter, reducing 

the context window to only the highest-value data, 

ensuring rapid, cost-effective, and highly accurate 

inferences. Furthermore, RAG provides the 

necessary governance layer for Row-Level Security 

(RLS) and real-time data freshness that static model 

prompts cannot achieve. 

 

3. The Ingestion Engine: Overcoming the 

"Dark Data" Challenge 
The foundation of any robust RAG system lies in its 

ingestion pipeline. Step 1 of RAG is not simply "loading 

documents"; it is high-fidelity knowledge engineering. 

 

3.1. The Naive Chunking Trap 

In early iterations of AI tools, engineering teams relied 

on breaking documents into fixed-size token chunks (e.g., 

splitting a PDF every 500 characters). This "naive chunking" 

is fundamentally flawed for human capital data. Resumes are 

highly structured visually but unstructured textually. When a 

standard text parser slices through a complex table mapping 

a specific "Project" to a "Duration" and a "Tech Stack," it 

destroys the spatial relationship of the data. If an engineer 

used SharePoint/SPFx in 2020 but Azure AI in 2025, naive 

chunking mixes these rows. The vector database loses 

temporal context, causing the LLM to mismatch candidate 

expertise. 

 

3.2. Layout-Aware Parsing and Hierarchical Chunking 

To solve this "Dark Data" problem at scale, the 

Colleague Search ingestion pipeline discards standard OCR. 

We utilize Azure AI Document Intelligence for layout-aware 

parsing. 

 Processing: Documents are processed dynamically. 

The system analyzes the geometry of the PDF, 

explicitly identifying bounding boxes for headers, 

bulleted lists, and complex tables. 

 Chunking Strategy: We moved from fixed-size 

splitting to Semantic and Hierarchical Chunking. 

The pipeline extracts tables into structured 

Markdown or JSON, preserving the row-to-column 

relationship. A single "chunk" stored in the system 

represents a complete logical unit (an entire project 

history) rather than an arbitrary character count. 

 Embedding Selection: Based on the domain, we 

utilize specialized embedding models (such as 

Azure OpenAI text-embedding-3-large) tailored to 

capture deep technical semantics, ultimately storing 

these high-dimensional vectors in Azure AI Search. 

 

4. The Enterprise Architecture: The Multi-

Modal Pipeline 
Below is the visual representation of the proprietary 

architecture designed to orchestrate this multi-modal 

intelligence. 

 

 
Fig 1: Agentic Multi-Modal Talent Layer Architecture 

 
4.1. The Sidecar Metadata Pattern 

A critical engineering decision in this architecture is the 

implementation of the Sidecar Metadata Pattern. Instead of 

forcing a vector database to handle complex administrative 

filtering, we maintain a tight integration between Azure SQL 

Server (housing structured Workday data) and Azure Blob / 

AI Search (housing unstructured vector data).  When a user 

submits a query, the system performs a pre-filter in SQL to 

isolate candidates by hard constraints (e.g., active 

employees, specific office locations), and then applies the 

semantic vector search exclusively to that subset. This 

approach reduces the search space by up to 90%, bypassing 
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the latency bottlenecks typical of monolithic vector 

databases. 

 

5. Advanced RAG Patterns in Practice 
A senior technology architecture must extend beyond 

"Simple RAG." The Colleague Search framework actively 

orchestrates multiple advanced RAG topologies depending 

on the complexity of the user query: 

 Simple RAG: Used for direct, low-complexity 

document retrieval (e.g., "Pull the resume of John 

Doe"). 

 RAG with Memory: Maintains conversational state, 

allowing recruiters to ask follow-up questions 

("Does he also have Azure experience?"). 

 Branched RAG: Routes queries to different domain-

specific vector spaces (e.g., splitting a query to 

search both the "Engineering" and "Product 

Management" indices). 

 HyDE (Hypothetical Document Encoding): User 

queries are often poorly defined (e.g., "Find a senior 

cloud guy"). HyDE takes this prompt, generates a 

"Hypothetical Perfect Resume," and uses that 

highly-structured synthetic text to search the vector 

database. This drastically improves skill recall. 

 Adaptive RAG: Dynamically selects the size and 

cost of the LLM based on query difficulty. Simple 

lookups route to smaller, cheaper models, while 

complex reasoning queries route to GPT-4o. 

 Corrective RAG (CRAG) & Self RAG: Acts as the 

automated quality assurance layer. The system 

evaluates its own retrieved context. If a retrieved 

resume scores low on relevance to the prompt, the 

agent actively refines the search parameters and re-

queries the database before generating an answer. 

 Agentic RAG: The pinnacle of the system. The 

framework acts as an autonomous agent equipped 

with tools. It actively decides whether to query SQL 

for metadata, Azure AI Search for skills, or trigger a 

new ETL pipeline update. 

 Multi-Modal RAG: Integrates Azure AI Vision 

alongside text models, allowing the agent to "read" 

certifications, diagrams, and headshots embedded as 

images within the PDFs. 

 Graph RAG: Explores topological relationships 

within the enterprise (e.g., mapping which 

engineers have successfully collaborated on past 

projects based on overlapping project dates and 

code commits). 

 

6. Strategic Impact and Enterprise Scale 
The deployment of this architecture moved the 

organization from a reactive to a proactive talent strategy. 

The metrics below highlight the measurable enterprise 

impact of replacing legacy search with Agentic RAG. 

 

Table 1:  Table of Figures - Evidence of Technical Impact 

Figure 

# 

Title Description of Technical Significance Enterprise Impact Metric 

Figure 

1 

Agentic Multi-Modal 

Talent Layer 

Original architectural framework for orchestrating 

structured (SQL) and unstructured (Blob) data. 

Reduced talent discovery time from 

72 hours to < 30 seconds. 

Figure 

2 

Sidecar Metadata 

Search Pattern 

Proprietary hybrid search logic utilizing SQL pre-

filtering prior to semantic vector analysis. 

Reduced input token overhead and 

latency by 65%. 

Figure 

3 

Hierarchical 

Ingestion Workflow 

Visual representation of document intelligence 

parsing complex PDF tables into semantic JSON 

chunks. 

Reclaimed "dark data," increasing 

qualified candidate recall by 40%. 

Figure 

4 

CRAG & HyDE 

Feedback Loop 

The self-correction and hypothetical generation 

mechanism embedded in the router. 

Maintained a 98% accuracy rate in 

automated skill extraction. 

 

By utilizing Multi-Modal Ingestion, the system surfaced 

highly qualified candidates who were entirely invisible to 

standard keyword searches due to their formatting. 

Furthermore, the ability to seamlessly identify and promote 

from within has generated a measurable reduction in reliance 

on external recruitment agencies, yielding significant ROI in 

the first two quarters of deployment. 

 

7. Case Studies: The Agentic Core in Action 
In enterprise environments, users rarely know exactly 

what they are looking for; they search using colloquialisms, 

broad industry terms, or highly niche combinations. Standard 

keyword search systems (like traditional ERP or SQL full-

text search) break down under these conditions due to strict 

lexical matching. Our multi-modal RAG framework 

bypasses this limitation through a process known as 

Semantic Bridging and Query Decomposition. 

7.1. Case Study 1: The Cross-Domain Semantic Leap (The 

Equestrian Tax Expert) 

 The Business Challenge: A senior partner in the Tax 

department was tasked with onboarding a high-net-

worth client whose primary assets included a 

commercial horse farm. The partner needed to 

quickly identify an internal tax specialist with 

specific domain knowledge in equine business 

management. 

 The Legacy Failure: The partner queried the legacy 

HR portal for "horse farm tax." The traditional 

SQL-based system returned zero results. Why? 

Because highly specialized professionals rarely use 

colloquial phrases like "horse farm" on a formal 

resume. Lexical search engines operate on exact 

string matching; if the literal characters do not exist 

in the database, the talent remains invisible. 
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 The Colleague Search Solution (Semantic Latent 

Space): When the exact same query "horse farm 

tax" was routed through our Agentic RAG 

architecture, the system did not look for matching 

text strings. Instead, the query was converted into a 

high-dimensional vector via the Azure OpenAI 

embedding model. 

 

The embedding model understands the relationships 

within the Semantic Latent Space. It mathematically 

calculated that the concept of a "horse farm" shares a near-

identical vector proximity with terms like "equestrian," 

"equine," and "bloodstock." The Agentic Router 

simultaneously searched the structured SQL Sidecar for "Tax 

Department" employees and queried the unstructured Azure 

Vector Index for the semantic neighborhood of "equestrian." 

Within 400 milliseconds, the system surfaced a Senior Tax 

Accountant who had a hidden bullet point in a five-year-old 

PDF resume detailing their experience managing finances for 

an "Equestrian facility." The Impact: The partner found the 

exact niche expert required without posting an external job 

requisition. The architecture successfully bridged the 

semantic gap between a user's colloquial query and a 

candidate's formal documentation. 

 

7.2. Case Study 2: Autonomous Query Decomposition (The 

"Web Developer" Dilemma) 

 The Business Challenge: A project manager needed 

to staff a modernization initiative and entered a 

highly generic query into the system: "I need a web 

developer." 

 The Legacy Failure: In a standard HR system, a 

search for "web developer" only returns employees 

who have that exact, generic phrase as their current 

active title in Workday. It completely misses a 

Senior Software Engineer whose resume lists 

"Angular, .NET 8, MS Azure, and RESTful APIs"—

because that engineer did not explicitly write the 

generic term "web developer" in their profile. This 

architectural bottleneck artificially shrinks the 

available talent pool. 

 The Colleague Search Solution (HyDE and Sub-

Query Expansion): Our architecture recognizes that 

generic queries are "low fidelity." When the 

Agentic Router received "I need a web developer," 

it intercepted the prompt and triggered our HyDE 

(Hypothetical Document Encoding) workflow. 

 

Instead of searching the database immediately, the LLM 

first acted as an autonomous tech lead. It generated a 

hypothetical, ideal candidate profile, decomposing the broad 

term "web developer" into a highly specific matrix of related 

enterprise technologies. 

 

The system autonomously expanded the search parameters to 

include: 

 Frontend: Angular, React, Vue, HTML5, CSS3, 

jQuery 

 Backend/Frameworks: .NET, Node.js, C# 

 Infrastructure: MS Azure, SharePoint/SPFx 

 

The Agentic Router then sent this expanded, high-

fidelity vector into the Azure AI Search index. The system 

successfully bypassed current job titles and scanned the 

actual "Dark Data" within the PDF resumes. It surfaced full-

stack engineers, frontend specialists, and modern workspace 

developers based on their actual technological capabilities 

rather than their administrative job titles. 

 

The Impact: By implementing query decomposition, we 

eliminated the need for project managers to be expert 

recruiters. The Agentic Core translates business needs into 

technical taxonomies, increasing high-quality candidate 

recall by over 40% and ensuring that no viable internal talent 

is overlooked due to phrasing mismatches. 

 

8. Engineering the Sidecar Metadata Pattern: 

Solving the Hybrid Search Bottleneck 
In enterprise architecture, the naive implementation of a 

Retrieval-Augmented Generation (RAG) system often 

introduces severe latency issues, known in the industry as the 

"Vector Search Tax." Vector databases are incredibly 

powerful at measuring semantic similarity (e.g., finding 

skills related to "Angular"), but they are notoriously 

inefficient at strict, hard-boundary administrative filtering 

(e.g., "Employee must be in the New Jersey office" AND 

"Must be an active full-time employee"). When a standard 

vector database is forced to perform both semantic search 

and strict metadata filtering across tens of thousands of 

records, compute costs spike and Time-To-First-Token 

(TTFT) degrades to unacceptable levels. 

 

8.1. The Architectural Innovation: The Metadata Sidecar 

To resolve this bottleneck, I architected a decoupled 

retrieval strategy known as the Sidecar Metadata Pattern. 

Instead of forcing the Azure AI Search index to handle 

complex administrative logic, we split the computational 

load. 

 The Structured Gatekeeper: Azure SQL Server acts 

as the primary "Sidecar." It ingests real-time, 

structured ERP data from Workday via an 

automated ETL pipeline. 

 The Semantic Engine: Azure AI Search holds the 

unstructured, high-dimensional vector embeddings 

of the PDF resumes. 

 The Orchestration Layer: When a query enters the 

system, the Agentic Router executes a two-phase 

retrieval process. It first queries the SQL Sidecar to 

instantly apply hard constraints, creating a highly 

restricted "Candidate ID Whitelist." It then passes 

only this whitelist to the Vector Database for 

semantic scoring. 

 

8.2. The Performance Impact: Latency and Compute 

Optimization 

By offloading relational constraints to SQL Server and 

restricting the Vector Database's search space, this 

architecture yielded extraordinary efficiency gains. Pre-

filtering reduced the total number of vectors the semantic 

engine needed to score by an average of 90%. 
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The table below quantifies the enterprise impact of this architectural shift: 

Table 2: Performance Comparison - Traditional Vector Search vs. Sidecar Pattern 

Performance Metric Naive Single-Database 

RAG 

Sidecar Metadata 

Architecture 

Strategic Gain 

Search Space per Query 50,000+ Vectors (Full 

DB) 

< 5,000 Vectors (Whitelisted) 90% Reduction in compute load 

P95 Latency (Retrieval) 4,200 ms 450 ms 89% Faster retrieval execution 

Time-To-First-Token 

(TTFT) 

6.5 seconds 1.2 seconds Real-time conversational UX 

achieved 

API Token Overhead High (scoring irrelevant 

docs) 

Minimal (highly targeted 

context) 

65% Reduction in LLM inference 

costs 

 

9. Conclusion: The Future of Autonomous 

Talent Orchestration 
The transition from monolithic HCM data silos to a 

dynamic, orchestrated Autonomous Talent Layer represents 

a fundamental shift in how global organizations manage 

expertise. "Colleague Search" serves as a definitive blueprint 

for the next phase of enterprise AI development. 

 

Master Large Language Models will continue to evolve, 

becoming faster and more powerful. However, the true 

competitive advantage for a Software Development leader 

lies not in the size of the model they deploy, but in the 

sophistication of the retrieval orchestration. By bridging the 

gap between structured ERP databases and unstructured 

historical assets via layout-aware visual understanding, 

Agentic reasoning, and highly efficient hybrid storage 

patterns, we have established a framework that is transparent, 

highly secure, and fiscally responsible. 

 

The labor market of the next decade will belong to the 

organizations that can visualize their internal expertise in 

real-time. By adopting this level of architectural rigor, 

enterprise leaders can effectively solve the skills gap, driving 

innovation and efficiency at an unprecedented scale. 
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