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Abstract

With the rapid growth of digital content and scientific literature,
efficient information retrieval is increasingly vital for research au-
tomation, document management, and question answering. Tradi-
tional retrieval methods like BM25 and embedding-based search,
though effective individually, often fall short on complex queries.

We propose an Agentic Al workflow for Retrieval-Augmented
Generation (RAG), integrating hybrid retrieval with multi-agent
collaboration. Our system combines BM25 and semantic search,
ensembles results via weighted cosine similarity, and applies con-
textual reordering using large language models.

The workflow is powered by LangGraph, a multi-agent frame-
work enabling dynamic agent coordination for document ranking
and filtering. Experiments show a 4X reduction in retrieval latency
(43s to 11s) and a 7% improvement in relevance accuracy. We also
analyze weight sensitivity and discuss scalability and limitations,
paving the way for future enhancements.
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1 Introduction

Information retrieval (IR) is foundational to AI applications like
research automation, customer support, and intelligent document
summarization. Traditional methods—keyword-based retrieval (e.g.,
BM25) and semantic search via embeddings—perform well in isola-
tion but often fail with complex or multi-faceted queries.
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Retrieval-Augmented Generation (RAG) enhances large language
models (LLMs) by grounding responses in retrieved evidence. How-
ever, current RAG systems typically rely on either lexical or se-
mantic retrieval, each with its own limitations: keyword systems
may miss contextual meaning, while embedding-based methods
can overlook exact matches and domain-specific terminology.

To address these issues, we introduce a hybrid RAG framework
powered by an Agentic Al workflow using LangGraph. Our system
integrates BM25 and semantic search with agent-based coordina-
tion for contextual reordering, enabling dynamic adaptation to
varying query types while reducing latency and improving rele-
vance.

We benchmark our system on a curated academic dataset, demon-
strating a 4X improvement in retrieval time and a 7% gain in Top-10
accuracy over standard hybrid baselines. This study provides a
comparative analysis of traditional and agentic hybrid workflows,
highlighting gains in efficiency, accuracy, and scalability.

The remainder of this paper is structured as follows: Section 2
reviews related work; Section 3 presents the methodology and
agent communication protocols; Section 4 details the experimental
setup; Section 6 reports the results and ablation studies; Section ??
discusses limitations and implications; and Section 7 concludes with
future directions.

2 Related Work

Retrieval-Augmented Generation (RAG) has emerged as a powerful
technique for enhancing language model performance by ground-
ing responses in retrieved evidence. Traditional retrieval methods
such as BM25 [12] have increasingly been complemented by deep
embedding-based semantic search [11], and hybrid retrieval sys-
tems that combine both lexical and semantic signals have shown
improvements in accuracy and contextual relevance [5, 8]. More
recent work has expanded this space through innovations like
Agentic RAG, where Prantikos et al. (2024) introduced multi-agent
collaboration for efficient retrieval and contextual ranking [10];
secure frameworks to mitigate hallucination and leakage risks, as
proposed by Mehta and Patel (2024) [9]; and hybrid systems that
incorporate both textual and structured knowledge sources, such
as HybGRAG by Lee et al. (2024) [7]. Optimized domain-specific
pipelines have also emerged, including real-time clinical QA sys-
tems [4], graph-integrated retrieval models like CAPRAG [6], and
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applications in regulatory compliance [3], medical data process-
ing [14], and legal document search [13]. These advances reflect
a growing shift toward multi-agent, secure, and hybrid RAG ar-
chitectures. Our work builds on this momentum by introducing
a modular, agentic hybrid retrieval system that dynamically bal-
ances BM25 and embedding-based retrieval, enhancing contextual
coherence and retrieval efficiency through coordinated multi-agent
orchestration.

3 Methodology

3.1 Hybrid Retrieval Framework

The hybrid retrieval framework integrates BM25 keyword search
and semantic embedding-based search.

3.1.1  Keyword-Based Search (BM25). BM25 is a probabilistic rank-
ing function derived from the TF-IDF model that assigns higher
scores to documents containing rare terms [2]. It is particularly
effective for:

o Exact matches: Identifying documents with high keyword
overlap.

e Short queries: Queries with concise terms benefit from
BM25’s precision.

3.1.2  Semantic Search (Embeddings). Embedding-based search con-
verts documents and queries into high-dimensional vector repre-
sentations using pre-trained language models (e.g., Sentence-BERT).
Cosine similarity is then used to measure semantic alignment.

3.1.3  Weighted Ensemble Rationale. To blend the precision of BM25
and the generalization of embedding-based retrieval, we assign a
weight of 30% to BM25 scores and 70% to embedding scores. These
weights were chosen based on validation accuracy across diverse
query types.

We observed that:

e Simple Queries: BM25 performs better when the query
consists of known keywords.

e Complex Queries: Embedding-based search excels when
the query contains paraphrases, latent intent, or multiple
topics.

The weighted ensemble allows the system to strike a balance
between both cases, and as shown in Table 4, this configuration
achieves the highest F1 score. The ensemble process is also sen-
sitive to query complexity, allowing the system to adapt weights
dynamically in future iterations.

3.1.4 Contextual Reordering with LangChain. To refine the top
1,000 retrieved documents, LangChain contextual reordering is
applied [1], ensuring that the final selection aligns with user intent.

3.2 Agentic AI Workflow

In the context of this work, an "agent" refers to a modular, au-
tonomous computational unit that is capable of executing a specific
retrieval-related task, making intermediate decisions, and commu-
nicating with other agents in a larger workflow. Each agent consists

of:

o A decision policy: A set of rules or learned logic to process
input (e.g., deciding query complexity).
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e Tool invocation: Calls to external APIs or retrieval tools
such as BM25 or vector search.

e Memory/context access: Optionally stores or forwards
intermediate metadata.

These agents operate under LangGraph orchestration but the agen-
tic concept is not tied to a specific framework and can be abstracted
to other orchestration environments.

We implemented our agentic workflow using LangGraph due
to its minimal latency overhead, native support for asynchronous,
parallel agent execution, and built-in modular orchestration capabil-
ities. LangGraph’s lightweight message-passing architecture allows
flexible, dynamic coordination among agents, crucial for rapid re-
trieval tasks. While alternative frameworks such as CrewAI and
AutoGen also support agent orchestration, they typically empha-
size more structured task sequencing or conversational workflows,
introducing additional overhead and reduced flexibility for parallel,
high-throughput retrieval tasks.

Thus, LangGraph aligns optimally with our requirements for
low latency, dynamic task decomposition, and real-time adaptive
retrieval, making it the most suitable choice for our Agentic Al work-
flow. The Agentic Al workflow builds on the hybrid retrieval frame-
work by enabling parallel, coordinated execution through a multi-
agent system implemented in LangGraph. The system comprises
two retrieval branches—BM25-based and embedding-based—each
supported by specialized agents that process, rank, and filter results.

3.3 Retrieval Branches

Our system splits retrieval into two complementary pipelines that
run in parallel. In the first pipeline, the Keyword Retrieval Agent
issues a BM25 query to fetch an initial batch of documents; these are
then refined by the Keyword Filtering Agent, which applies TF-IDF
scores and simple domain heuristics to drop anything unlikely to
address the user’s information need. Simultaneously, the second
pipeline uses the Semantic Retrieval Agent to perform a vector-based
search over Sentence-BERT embeddings, capturing deeper concep-
tual matches; its results are subsequently re-scored by the Semantic
Filtering Agent, which enforces cosine-similarity thresholds and
topic-density checks to ensure high topical relevance.

3.4 Cross-Branch Coordination

To dynamically balance these two approaches, we introduce a Com-
plexity Analysis Agent and a Comparison Agent. Before any re-
trieval begins, the Complexity Analysis Agent examines the user’s
query—evaluating linguistic structure and topical breadth—to as-
sign relative weights to the keyword and embedding pipelines. Once
both pipelines have produced their top candidates, the Compari-
son Agent aggregates their scores through a weighted ensemble
strategy, selecting the final set of documents that best satisfy the
overall context and intent.

3.5 Agent Communication Protocol

All agents communicate over a lightweight message-passing bus
implemented in LangGraph. Each request, intermediate score, and
piece of contextual metadata is sent as an individual message, and
agents can raise error flags or request retries without blocking
the rest of the pipeline. This loose coupling lets agents operate
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Figure 1: Agentic AI Workflow

independently, share exactly the information they need, and adapt
to changing retrieval contexts in real time—resulting in a more
robust and efficient end-to-end workflow.

This multi-agent architecture ensures flexible orchestration—agents
can operate in parallel, exchange metadata, and make real-time de-
cisions based on evolving retrieval context.

Architecture Overview. Agents are organized within a directed
acyclic graph (DAG), where:

e Each node represents an autonomous agent assigned to a
specific retrieval subtask.

e Edges define the communication flow and trigger condi-
tions (e.g., success/failure or threshold criteria).

e A supervisor agent or control node dynamically adjusts the
execution flow based on intermediate outcomes.

Message Structure. Agents share structured messages that in-
clude:

e Partial Scores: Relevance scores, ranked document IDs,
and confidence metrics.

o Context Flags: Indicators like query type, token length, or
domain-specific entity counts.

e Error Signals: Flags for fallback, low-quality results, or
timeout handling.

The following pseudocode summarizes the end-to-end orches-
tration flow:

[ht] User query g, document corpus O Ranked set of relevant
documents R 1. Complexity Analyzer Agent estimates complex-
ityof g > ¢
2. Based on ¢, determine weights (Wp;m25, Wembed)

3. Keyword Retrieval Agent performs BM25 search — Ry,

4. Embedding Retrieval Agent performs vector search — Ryec
5. Filtering Agents refine both Ry.,, and Rye. using thresholds
6. Comparison Agent computes weighted scores:

Rcombined = Wbmas * 5core(Riy) + Wemped * score(Roec)

7. LLM Reordering Agent applies context-aware ranking using
LangChain
8. Return top-k from re-ranked R.ompined

Query Complexity Estimation. The Complexity Analyzer Agent
inspects the input query for indicators of multiple semantic topics,
compound instructions, or entity diversity. For instance, a query
like “What are the steps for setting up an Azure VM and linking to
SSO?” is classified as multi-issue, which triggers a balanced dual-
pipeline strategy. Simpler queries such as “Dell Latitude warranty
policy” result in BM25-skewed weighting to optimize latency.

Benefits of Protocol-Based Coordination. This protocol enables:
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e Robustness: Agents can detect failures, reroute tasks, or
reweight contributions dynamically.

e Scalability: New agents (e.g., domain-specific retrievers)
can be plugged into the DAG with minimal architectural
changes.

e Efficiency: Parallel execution and selective fallback reduce
total response time while maintaining relevance.

Framework Independence. While this workflow is implemented
using LangGraph, which supports agent orchestration and asyn-
chronous message-passing, the design itself is framework-agnostic.
The same architecture can be implemented using alternative orches-
tration frameworks like CrewAl, AutoGen, or even custom-built
DAG-based pipelines. LangGraph was selected for its minimal la-
tency overhead and native support for modular agent execution,
which aligns well with the task decomposition and retry logic cen-
tral to this work.

4 Experimental Setup

We conducted a comprehensive evaluation of the proposed Agentic
Al framework using a benchmark corpus designed to test both
efficiency and accuracy across varied query types. This section
outlines the dataset design, query formulation, evaluation metrics,
baseline setup, and reproducibility considerations.

4.1 Dataset Description

We constructed a domain-diverse retrieval corpus comprising 100,000
documents drawn from three primary sources:

e Technical Documentation: Internal enterprise documen-
tation on infrastructure setup, API usage, and deployment
pipelines.

e Academic Articles: Open-access papers from arXiv in the
fields of computer science, Al, and data systems.

o Knowledge Base Articles: Troubleshooting guides, FAQs,
and support articles from publicly available IT service repos-
itories.

Each document is preprocessed using standard tokenization and
sentence splitting, with an average document length of 400 tokens.

4.2 Query Set Design

To assess performance across different levels of retrieval difficulty,
we curated a query set of 500 manually annotated queries, catego-
rized as follows:

e Simple (30%): Single-entity lookups (e.g., “Kubernetes con-
figmap TTL”).

e Moderate (40%): Multi-keyword procedural queries (e.g.,
“Set up EC2 instance with SSH key”).

o Complex (30%): Multi-intent or cross-topic queries (e.g.,
“Link Azure AD to Outlook and export access logs”).

Each query is associated with relevance judgments labeled by three
annotators. Final top-10 relevance labels were determined using
majority vote.
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4.3 Evaluation Metrics

To rigorously evaluate the retrieval performance of our Agentic Al
framework, we report on three key metrics that capture different
aspects of system effectiveness and efficiency:

e Top-10 Accuracy: Measures the percentage of queries for
which at least one ground-truth relevant document appears
in the top 10 results.

e F1 Score: The harmonic mean of precision and recall com-
puted over the top-10 retrieved documents.

e Latency: The average time taken per query from input
to ranked document output, including orchestration and
re-ranking.

These metrics reflect both qualitative success (relevance of re-
trieved results) and operational performance (system responsive-

ness). To ensure fair and robust evaluation, results are averaged
across 500 queries and stratified by query complexity in Section 6.

Statistical Significance Testing. To assess whether the observed
improvements in Top-10 Accuracy and F1 Score are statistically
significant, we perform paired two-tailed t-tests comparing our
Agentic Al workflow against each baseline (BM25-only, embedding-
only, and static hybrid).

Let x; and y; represent the per-query metric values (e.g., F1
score) for the baseline and Agentic workflow, respectively, across n
queries. The test statistic is computed as:

. d
sa/\n’

Here, d is the mean of differences and s, is the standard deviation
of those differences. We report p-values and use a standard & = 0.05
significance threshold. We find that the improvements in both Top-
10 Accuracy and F1 Score from our Agentic Al workflow over all
baselines are statistically significant (p < 0.01). This confirms that
the observed performance gains are unlikely to be due to random
variation in query outcomes.

To encourage reproducibility, we will release the raw per-query
metric outputs and significance test scripts along with our open-
source codebase.

where

di = yi — X

4.4 Baseline Configuration

We compare the proposed Agentic Al workflow against a strong
hybrid retrieval baseline:

o Hybrid Static Baseline: Combines BM25 and embedding
search with static 50/50 weighting and no reordering or
agentic coordination.

e BM25 Only: Traditional keyword-based retrieval using
TF-IDF and BM25 scoring.

e Embedding Only: Sentence-BERT (all-mpnet-base-v2) co-
sine similarity search over dense vectors.

5 Hardware, Environment, and Reproducibility
All experiments were conducted on a system equipped with an 8-
core CPU, 32 GBRAM, and an NVIDIA RTX 3090 GPU. The software
stack included Python 3.10, LangChain v0.1.19, LangGraph v0.0.14,
and Faiss for vector indexing.
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To ensure reproducibility, we will open-source our complete
codebase, including scripts for end-to-end retrieval and agent or-
chestration, as well as configuration files for thresholds, ensemble
weights, and LangGraph DAG specifications. A JSON-formatted
query set with synthetic relevance annotations—designed to pre-
serve privacy while maintaining structure—will be provided. Addi-
tionally, we will release a synthetic benchmark corpus that mirrors
the structure and characteristics of the original dataset to support
future evaluations and benchmarking efforts.

6 Results and Analysis
6.1 Statistical Significance Analysis

To confirm that the observed improvements in retrieval accuracy
and F1 scores are statistically robust, we conducted paired two-
tailed t-tests between the Agentic Al workflow and each baseline
method using per-query metric results over 500 queries.

Table 1: Paired t-test Results (Agentic Al vs Baselines)

Comparison Metric t-statistic  p-value

Agentic vs BM25-only Top-10 Accuracy 9.27 < 0.001%**
Agentic vs BM25-only F1 Score 8.45 < 0.001%**
Agentic vs Embedding-only  Top-10 Accuracy 6.88 < 0.001%**
Agentic vs Embedding-only F1 Score 7.33 < 0.001%**
Agentic vs Hybrid (50/50) Top-10 Accuracy 5.91 < 0.001%**
Agentic vs Hybrid (50/50) F1 Score 5.47 < 0.001%**

We used a significance level of @ = 0.05. All comparisons yielded
p < 0.001, strongly rejecting the null hypothesis that the Agentic
AI workflow and baseline methods perform equally on average.
These results confirm that the accuracy and F1 gains observed from
our Agentic Al system are statistically significant and consistent
across queries. The largest gains are observed over the BM25-only
and embedding-only pipelines, highlighting the value of hybrid or-
chestration and dynamic weight adjustment in improving retrieval
relevance.

We provide the full distribution of per-query scores and the code
for significance tests in our open-source repository.

Per-Query F1 Score Distribution Across Methods

=
B

——

F1 Score
o
@
&

BM25-only Embedding-only Hybrid 50/50 Agentic Al
Figure 2: Per-query F1 score distributions for BM25-only,
Embedding-only, Hybrid (50/50), and Agentic AI workflows
across 500 test queries. The Agentic AI workflow consistently
outperforms baselines in both mean and distribution.
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6.2 Retrieval Speed

Table 2 compares the average retrieval time for the hybrid retrieval
framework and the Agentic Al workflow.

Table 2: Retrieval Time Comparison

Method Avg. Time (per Query) Improvement
Hybrid Retrieval 43s -
Agentic Al Workflow 11s 4x Faster
Average Retrieval Time (seconds per query)
40
_ 30
% 20
£
£
10

Hybrid Retrieval Agentic Al Workflow

Method

Figure 3: Retrieval Time comparison

6.3 Relevance Accuracy

Table 3 shows the accuracy improvements of the Agentic Al work-
flow over the baseline hybrid retrieval system.

Table 3: Accuracy Comparison

Method Top 10 Accuracy (%) Improvement
Hybrid Retrieval 85% -
Agentic Al Workflow 92% +7%
Top 10 Document Accuracy (%)
80
9 60
; 40
20

Hybrid Retrieval Agentic Al Workflow

Method

Figure 4: Retrieval Accuracy comparison
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6.4 Ablation Study on Weight Parameters

To better understand the contribution of each retrieval component,
we varied the weighting scheme and recorded the resulting perfor-
mance (see Table 4).

Table 4: Ablation Study on Weight Settings

Weight Setting Top 10 Accuracy (%) Avg. Time (s) F1 Score
30% BM25 / 70% Embedding 92 11 0.89
50% BM25 / 50% Embedding 88 12 0.85
70% BM25 / 30% Embedding 83 12 0.81

The ablation study indicates that a higher emphasis on embedding-
based search (70%) yields the best accuracy and F1 score, suggesting
that semantic alignment plays a crucial role for complex queries.

6.5 Scalability Analysis

Preliminary experiments with larger document collections suggest
that the parallelized, agentic approach scales favorably. The modu-
lar design of LangGraph allows additional agents to be integrated,
potentially reducing latency further in distributed settings.

Scalability: Retrieval Time vs Corpus Size
90 Hybrid Retrieval
Agentic Al Workflow
80
70

60

Retrieval Time (seconds)
@
S

2 4 6 8 10
Corpus Size (in millions)

Figure 5: scalability: Retrieval Time vs Corpus Size

Scalability: Accuracy vs Corpus Size

92 Hybrid Retrieval
Agentic Al Workflow

90

@
&

Accuracy (%)

3
)

84

82

2 4 6 8 10
Corpus Size (in millions)

Figure 6: scalability: Accuracy vs Corpus Size
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6.6 Contextual Reordering and Agentic
Optimization for Scalable Retrieval

Traditional retrieval-augmented generation (RAG) systems typi-
cally rely on static document ranking methods such as BM25 or
basic embedding similarity, which often fall short in capturing
nuanced user intent or contextual coherence. To address this, we
introduce a dynamic re-ranking mechanism powered by large lan-
guage models (LLMs) through the LangChain framework. This
approach refines the top-k retrieved documents based on deeper
semantic alignment, enhancing both the relevance and fluency of
downstream responses.

In parallel, we address scalability and responsiveness through
an agentic architecture enabled by LangGraph. Here, specialized
agents operate concurrently, each handling specific retrieval and
filtering tasks. This design results in a 4X improvement in speed
and a 7% increase in retrieval accuracy, while preserving modularity
and extensibility across domains.

Our system demonstrates strong advantages in efficiency, ac-
curacy, and adaptability. However, challenges remain, particularly
in terms of dependence on the quality of pre-trained embeddings,
the need for further optimization in large-scale real-time deploy-
ments, and the coordination overhead introduced by multi-agent
communication protocols.

7 Conclusion and Future Work

This paper introduces a novel Agentic Al workflow for Retrieval-

Augmented Generation (RAG), leveraging the complementary strengths

of keyword and embedding-based retrieval through a coordinated
multi-agent system. By orchestrating autonomous agents in par-
allel using LangGraph, the architecture dynamically adapts re-
trieval strategies based on query complexity, combines results using
weighted ensembles, and refines top-k outputs through LLM-guided
contextual reordering.

Our system achieves notable gains in efficiency and accuracy,
with a 4x reduction in retrieval latency (from 43s to 11s) and a
7% increase in Top-10 accuracy over traditional hybrid baselines.
These improvements are statistically significant and demonstrate
robust performance across a 100K document corpus. The modular
agent-based design enables scalability and ease of adaptation across
domains and modalities.

In addition to performance, this work formalizes the role of
agents in RAG workflows and introduces a message-passing proto-
col for robust orchestration, error handling, and dynamic control
flow. The combination of hybrid retrieval, adaptive re-ranking, and
parallel agent collaboration establishes a strong foundation for
next-generation RAG systems.

Key advantages include reduced latency through parallel agent
execution, higher accuracy via combined lexical and semantic rea-
soning, and dynamic adaptability to a range of query types. While
effective, the system still faces limitations—such as reliance on pre-
trained embeddings, potential coordination overhead, and the need
for further optimization in real-time, large-scale deployments.

Key Contributions.

o A formal definition of agent roles and a modular communi-
cation protocol for orchestrating retrieval workflows.
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e A hybrid retrieval strategy with query-aware weighting
and LLM-based contextual reordering.

e A reproducible evaluation framework using synthetic pub-
lic datasets and code to support future benchmarking.
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