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Abstract—Applications of Large Language Models often 

produce incorrect information, commonly referred to as 

hallucinations, which poses a significant challenge for enterprise 

knowledge management systems that rely on reliable automated 

responses. This paper investigates whether stateful, multi-agent 

workflows can mitigate such errors more effectively than 

conventional linear retrieval-augmented generation pipelines. 

The study contributes to the growing body of research on 

generative artificial intelligence and large language model 

applications by focusing on reliability, verification mechanisms, 

and the architectural design of retrieval-augmented generation 

workflows. The main contributions of this paper are a 

specialized multi-agent RAG architecture with dedicated agents 

for query rewriting, routing, hybrid retrieval, and verification, 

as well as a state-machine-based orchestration framework 

enabling iterative reasoning and conditional execution beyond 

linear pipelines. The architecture follows a two-stage mitigation 

strategy combining proactive retrieval refinement and reactive 

verification, including the ability to abstain when evidence is 

insufficient. It was evaluated through controlled experiments 

using synthetic enterprise datasets and compared it with a 

baseline linear retrieval-augmented generation pipeline. 

Performance was measured using an established evaluation 

framework for retrieval-augmented generation systems. The 

results demonstrate significant improvements across key 

evaluation metrics, including a 42.5% relative increase in 

faithfulness and substantial gains in answer accuracy and 

context recall. These improvements primarily result from 

separating error sources across specialized agents and the 

integration of automated verification steps. The findings 

highlight the importance of structured orchestration and 

verification mechanisms for enhancing the reliability of large 

language model applications. The results indicate that stateful, 

multi-agent architectures can increase the trustworthiness of 

enterprise generative artificial intelligence systems without 

requiring fine-tuning of the underlying language model. 

Keywords—Retrieval-Augmented Generation; Hallucination 

Mitigation; Large Language Models; Multi-Agent Systems 

I.  INTRODUCTION 

Enterprises increasingly rely on large collections of 
heterogeneous digital information, including technical 
documentation, operational runbooks, knowledge bases, and 
API documentation. Unlike traditional structured databases, 
this information often exists in semi-structured or 
unstructured formats, making effective retrieval challenging 

[1]. Conventional enterprise search systems typically rely on 
keyword matching, which performs poorly when user queries 
differ semantically from the terminology used in source 
documents. Such vocabulary mismatches can prevent relevant 
information from being retrieved and reduce the overall 
accessibility of organizational knowledge [2]. As a result, 
knowledge discovery remains inefficient despite the 
availability of large information repositories [3]. 

Recent advances in large language models (LLMs) have 
enabled new approaches for interacting with enterprise 
knowledge systems. Retrieval-Augmented Generation (RAG) 
combines LLMs with external document retrieval, allowing 
generated responses to be grounded in specific knowledge 
sources rather than relying solely on model training data [4]. 
While RAG improves semantic search and question 
answering capabilities, it remains vulnerable to hallucinations 
[5]. In enterprise environments, such errors can undermine 
trust and may lead to incorrect technical decisions or 
misleading information [6]. 

Conventional RAG systems typically follow a linear 
retrieve–then–generate pipeline, limiting iterative reasoning 
and structured verification [7]. Consequently, hallucinations 
are mainly addressed through retrieval improvements or 
prompt engineering, while architectural mitigation 
approaches remain underexplored [8]. To address this 
limitation, this paper proposes a stateful agentic workflow that 
decomposes the RAG process into specialized agents for 
query refinement, retrieval strategy selection, response 
generation, and output verification. These agents operate 
within a state-machine-based orchestration framework that 
enables iterative reasoning and validation before responses are 
returned to the user [9]. This architecture introduces structured 
verification and multi-agent coordination to mitigate 
hallucinations and improve the reliability of RAG-based 
enterprise knowledge systems [10], [11]. 

The remainder of this paper is structured as follows. 
Section 2 reviews related work on RAG, hallucination 
taxonomies, and agentic AI workflows. Section 3 introduces 
the proposed system architecture, including the data ingestion 
pipeline, the agentic graph design, and the hallucination 
mitigation strategy. Section 4 describes the evaluation 
methodology, outlining the experimental setup, baselines, 
metrics, and quantitative findings. Section 5 discusses the 
results and their technical and practical implications. Section 
6 concludes the paper and highlights directions for future 
research. 
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II. RELATED WORK 

To provide a foundation for the present study and position 
it within the existing body of knowledge, the following section 
reviews relevant related work. 

A. Retrieval-Augmented Generation  

RAG, first introduced by Lewis et al. [4], combines LLMs 
with external knowledge retrieval to ground generated 
responses in updatable document sources. The architecture 
links a pre-trained Large Language Model (parametric 
memory) with an external document store (non-parametric 
memory), enabling access to domain-specific knowledge 
without retraining the model [4]. Before query time, 
documents are segmented into smaller chunks, which are 
converted into embedding vectors and stored in a vector index 
to enable similarity-based retrieval. As discussed by Gao et al. 
[10], the chosen chunking strategy significantly affects 
retrieval performance because segment size influences both 
semantic coherence and retrieval precision. 

During inference, RAG typically follows a two-stage 
pipeline [4]. First, a retriever performs a similarity-based 
retrieval to identify the most relevant document chunks. These 
passages are then incorporated into the prompt presented to 
the language model, which generates an answer based on the 
context provided. To improve retrieval quality, several 
extensions have been proposed. Query transformation 
methods reformulate user queries to improve retrieval 
effectiveness [13], [14]. Hybrid search combines dense vector 
retrieval with lexical approaches, such as Best Matching 25 
(BM25) [15], often merging rankings using techniques like 
Reciprocal Rank Fusion [16]. In addition, reranking methods 
refine initially retrieved candidates using more precise 
relevance models, including cross-encoders or LLM-based 
scoring approaches [17]. These techniques aim to improve the 
quality of retrieved evidence, which is critical for reducing 
hallucinations in RAG systems. 

B. Hallucination Taxonomy 

Hallucinations remain a persistent challenge in LLMs, 
even when RAG is used to ground responses in external 
knowledge sources. As noted by Ji et al. [5], hallucinations 
occur when generated outputs contain statements that are 
unsupported by the retrieved evidence or contradict the 
underlying sources. 

Within RAG pipelines, Zhang & Zhang [18] distinguish 
between two primary categories of hallucination. Retrieval-
induced hallucinations arise when the retrieval component 
fails to provide relevant or sufficient context. This can occur 
when irrelevant documents are retrieved, when passages lack 
critical information, or when the retrieved sources contain 
conflicting evidence. In such cases, the language model may 
rely on its internal parameters to infer missing information. 

By contrast, generation-induced hallucinations originate 
during the generation stage. Even when relevant context is 
available, the model may misinterpret source material, or 
introduce unsupported details while producing fluent 
responses, making these errors difficult to detect [18]. 

These failure modes indicate that improving retrieval 
alone is insufficient for reliable RAG systems. Effective 

mitigation therefore requires architectural mechanisms that 
verify generated statements against retrieved evidence and 
enforce stronger grounding during the generation process. 

C. Agentic AI Workflows 

Managing the complexity of advanced RAG pipelines 
with a single monolithic architecture can be difficult. Multi-
agent systems offer an alternative approach by decomposing 
complex tasks into smaller components handled by 
specialized agents. According to Russell & Norvig [19], an 
agent is an autonomous entity capable of perceiving its 
environment, making decisions, and acting toward defined 
goals. Wooldridge [20] further characterizes agents through 
properties such as autonomy, reactivity, pro-activeness, and 
the ability to interact with other agents. 

Recent research has applied this paradigm to LLM–driven 
systems, often referred to as LLM-Agents [21]. In such 
architectures, complex workflows are divided into modular 
components that perform distinct tasks. Within RAG 
pipelines, these agents can assume roles such as query 
refinement, document retrieval, response generation, and 
verification, enabling clearer separation of responsibilities and 
more flexible system design. 

To coordinate these interactions, frameworks such as 
LangGraph provide orchestration mechanisms for stateful 
agent workflows. Unlike linear pipelines, the graph-based 
architecture allows iterative and conditional execution paths, 
enabling agents to exchange information, trigger additional 
steps, or perform verification loops during runtime [9]. 

However, while agentic workflows have been proposed to 
structure complex LLM-driven systems, their application as 
architectural mechanisms for mitigating hallucinations in 
retrieval-augmented generation remains comparatively 
underexplored. This multi-agent perspective provides a 
flexible foundation for improving reliability in RAG systems, 
as it enables targeted interventions, such as verification steps, 
to mitigate hallucinations while maintaining modular and 
extensible system architectures. 

III. SYSTEM ARCHITECTURE 

The architecture is divided into an offline data ingestion 
path and an online multi-agent query pipeline (see Figure 1). 
Both components use a shared knowledge store implemented 
with PostgreSQL and the pgvector extension [22]. 

A. Data Ingestion 

The system utilizes a modular Extract, Transform, Load 
(ETL) pipeline to convert heterogeneous inputs (i.e., PDFs 
and other documents) into a queryable format. Text is 
extracted from PDFs while preserving their original layout 
and hierarchical structure to maintain semantic coherence in 
complex documents. PostgreSQL with the pgvector extension 
is used as the unified knowledge store, enabling the storage of 
transactional metadata alongside 3072-dimensional 
embeddings generated using OpenAI's text-embedding-3-
large model [22], [23]. 

Content is segmented using recursive character splitting 
[12], which partitions text along logical boundaries rather than 
limited arbitrary character counts, thereby preserving 
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semantic context. Each chunk is enriched with an LLM-
generated headline to improve vector search accuracy, 
representing a form of proactive query transformation [13].  

 

Figure 1.  The dual-source data ingestion pipeline (adapted from [10]) 

To support multimodal queries, the ingestion pipeline, 
presented in Figure 1, extracts figures and tables and sorts 
their metadata and captions in a relational table linked to the 
corresponding text chunks via unique identifiers.  

B. The Agentic Graph 

The query pipeline is modeled as a stateful graph using 
LangGraph rather than a brittle linear RAG [9]. This 
architecture, illustrated in Figure 2, centers on a shared state 
object that functions as the system's short-term memory, 
which stores the rewritten query, the retrieved document sets, 
and the verification scores across all nodes. The shared state 
acts as a centralized blackboard where each agent writes its 
output (e.g., the reformulated query or retrieved chunks). This 
allows the Verification Agent to compare the final answer 
against the original query and the retrieved context stored 
earlier in the state, ensuring end-to-end consistency.  

By leveraging this shared state, the system moves through 
nodes that make local decisions, which allows conditional 
branching and iterative loops instead of a fixed sequence. This 
allows the system to dynamically reason about and refine 
information quality before delivering the response. The 
pipeline consists of the following key nodes: 

• Query Rewriter Agent: User prompts are often fuzzy or 
ambiguous. This agent reformulates user inputs into 
optimized search queries, improving semantic retrieval 
precision compared to standard keyword-based 
approaches [13]. 

• Router Agent: To optimize performance and cost, this 
agent analyzes the rewritten query and determines 
whether to query the internal vector store or external 
sources based on the detected intent. 

• Hybrid Search: Semantic retrieval alone may miss exact 
technical terms such as error codes or product versions. 
The system therefore combines keyword-based search 
(for exact lexical matching and acronyms) with semantic 
search (for conceptual similarity and intent) executing 
both in parallel and merging the results to improve 
coverage and recall. 

• Batch Reranker Agent: Initial retrieval may produce 
noisy or irrelevant results. This agent uses an LLM to 
score the relevance of retrieved candidates in a single  
 

 

Figure 2.  Proposed architecture for RAG hallucination mitigation via 

agentic workflow. 

batch call [17], reducing noise and ensuring that the 
Generation Agent receives high-quality contextual input.  

To ensure consistent behavior, each agent utilizes 
structured system prompts with strict output constraints. For 
example, the Verification Agent is prompted: 'Given the 
context [C], does the answer [A] contain any statements not 
explicitly supported? Answer only with a JSON object: 
{is_hallucination: bool, confidence: float}.' Similar 
constraints are applied to the Query Rewriter and Reranker to 
ensure the state object receives parseable data for 
programmatic decision-making. 

 

 

Figure 3.  Proposed architecture for RAG hallucination mitigation via 

agentic workflow (adapted from [16]) 

C. Hallucination Mitigation Strategy 

The core contribution of this architecture is a two-layered 
hallucination mitigation framework: 

The first layer, proactive mitigation, targets retrieval-
induced hallucinations [18] by reducing noise that may 
mislead the LLM. Through query rewriting and document 
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reranking, the system ensures that the generator receives a 
compact, high-quality set of relevant passages. Figure 3 
illustrates this process as a filtering funnel, where each stage 
progressively refines the context provided to the generator. 

 

 

Figure 4.  The Reactive Verification and Fallback Loop for hallucination 

mitigation (adapted from [18]) 

The second layer, reactive mitigation, addresses 
generation-induced hallucinations [18]. After a draft answer is 
generated, it is passed to a Verification Agent that evaluates 
the response against the reranked source documents. The 
agent acts as an automated fact-checker and emits a boolean 
flag (is_hallucination) along with a confidence score. If a 
hallucination is detected, the system withholds the response 
and triggers a fallback mechanism, either retrieving additional 
evidence from external sources or returning a safe 
“insufficient evidence” response. This process is illustrated in 
Figure 4. 

IV. EVALUATION 

The evaluation was designed to assess whether the 
proposed stateful agentic workflow reduces hallucinations 
and improves answer accuracy in a technical enterprise 
setting. 

A. Experimental Setup 

To ensure a controlled environment, a fresh PostgreSQL 
database was populated with synthetic, enterprise-style 
documents. These documents covered four categories: IT 
security, human resource policy, technical training, and 
employee onboarding.  The synthetic dataset consisted of 150 
documents totaling approximately 600 pages of text. The 
'Technical Training' category specifically included 15 
multimodal documents containing images, such as server 
architecture diagrams and network flowcharts. The content 
was designed to mimic internal wikis, including semi-
structured tables for HR policies and unstructured technical 
logs for IT security. 

Two models from OpenAI were used, GPT-4o for agentic 
reasoning, and text-embedding-3-large for vector generation 
[23]. A curated evaluation dataset of questions was used to test 
different retrieval paths and capabilities, both straightforward 
fact retrieval and more complex synthesis tasks. The 50 
evaluation queries were classified as follows: Text-based (35 

queries, e.g., 'What are the steps for employee onboarding?') 
and Multimodal/Tabular (15 queries, e.g., 'According to the 
IT diagram, which port is used for the API gateway?'). The 
query distribution across document categories was as follows: 
IT Security (15), HR Policy (12), Technical Training (13), and 
Onboarding (10).  

B. Baselines 

Two configurations were compared: 

• Baseline RAG: A simplified, linear pipeline with a 
basic semantic retriever and a generator LLM. 

• Agentic RAG (the proposed system): The full multi-
agent system, which includes the Query Rewriter, 
Batch Reranker, and the reactive verification loop. 

C. Metrics 

Performance was evaluated using the Retrieval-
Augmented Generation Assessment (RAGAS) framework 
[11], using GPT-4 as the evaluator LLM. RAGAS provides a 
set of metrics designed to measure RAG pipelines [11]: 

• Faithfulness: Measures whether the answer is 
grounded solely in the retrieved context and serves as 
the primary indicator for hallucination. 

• Answer Correctness: The factual accuracy of the 
response relative to the ground truth. 

• Context Recall: Evaluates whether the retriever 
successfully identified all necessary information 
required to answer the query. 

• Answer Relevancy: Measures how well the generated 
response addresses the intent of the user’s prompt. 

D. Quantitative Findings 

The performance of both systems was measured across a 
set of 50 different queries. The overall results, shown in Table 
I., represent the average score across all evaluations, where 
1.00 indicates a perfect score. 

TABLE I.  Comparative RAGAS Results 

Metric Baseline RAG 
Agentic RAG 

(Artifact) 

Faithfulness 0.59 0.84 

Answer Correctness 0.66 0.89 

Context Recall 0.65 0.86 

Answer Relevancy 0.74 0.93 

 
These quantitative results indicate a consistent 

performance advantage for the agentic workflow. A detailed 
analysis of how these specific architectural components 
contributed to these increases in scores is presented in the 
following section. 

V. RESULTS AND DISCUSSION 

Building on the conducted evaluation, the following 
section presents the obtained results and discusses their 
implications regarding hallucination reduction and answer 
accuracy. 
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A. Retrieval-Augmented Generation Assessment scores 

The quantitative evaluation in Table 1 demonstrates 
consistent improvements across all RAGAS dimensions when 
comparing the linear baseline RAG pipeline to the proposed 
stateful agentic architecture. 

Most notably, faithfulness increased from 0.59 to 0.84, 
representing a relative improvement of 42.5%. This 
substantial gain indicates that the proposed architecture 
effectively reduces both retrieval- and generation-induced 
hallucinations. 

The improvement in answer correctness (0.66 → 0.89) 

shows that stronger contextual grounding leads to higher 
factual accuracy. Importantly, correctness did not increase at 
the expense of relevancy, which improved from 0.74 to 0.93. 
This suggests that query rewriting and reranking stages do not 
merely constrain outputs conservatively but align retrieval 
more closely with user intent. 

The rise in context recall (0.65 → 0.86) further supports 

the claim that the combination of hybrid retrieval and 
reranking effectively reduces hallucinations caused by 
insufficient or noisy context. In baseline RAG systems, such 
conditions often force the generator to interpolate from 
parametric memory. By increasing retrieval coverage and 
reducing the noise prior to generation, the agentic system 
shifts the process from generative inference to evidence-based 
synthesis. 

A qualitative analysis of execution paths revealed that 
straightforward factual queries (e.g., 'What is the standard 
employee notice period?') typically followed a linear path 
with high initial retrieval confidence. In contrast, ambiguous 
or complex queries (e.g., 'Cross-reference recent security 
guidelines with internal protocols to identify compliance 
gaps') frequently triggered the Query Rewriter to iterate and 
the Router to pull from external web sources when the internal 
vector store returned low-confidence scores. However, even 
with these adaptive paths, the system still faced challenges 
with multi-hop reasoning and queries requiring information 
spread across multiple disparate documents. In these cases, the 
Batch Reranker occasionally filtered out a necessary 'linking' 
document if its individual relevance score appeared low, 
contributing to the gap between Context Recall (0.86) and the 
higher-performing metrics like Answer Relevancy (0.93). 

Beyond the primary evaluation using GPT-4o, 
supplementary tests were conducted using other large 
language models, specifically Claude 3.5 Sonnet and the 
open-source Llama 3.1 (70B). These preliminary runs showed 
that the relative performance gains remained consistent across 
different model architectures. While baseline scores varied, 
the agentic workflow consistently improved the faithfulness 
and accuracy of the output compared to linear pipelines, 
confirming that the benefits of stateful orchestration are 
consistent across models. 

Overall, the improvements across all metrics indicate that 
effective hallucination mitigation emerges primarily from 
architectural orchestration rather than from improvements in 
the underlying foundation model. 

B. Why the agentic system outperformed the baseline 

The performance improvements observed can be 
attributed to three structural characteristics of the system. 

1) Architectural Separation of Failure Modes 
Linear RAG pipelines implicitly assume that retrieval 

quality alone determines output reliability [4]. In contrast, the 
proposed system models hallucination as a two-class problem: 
retrieval-induced and generation-induced. The proactive 
mitigation layer addresses the former by improving context 
quality prior to generation, while the reactive verification 
layer targets the latter through post-generation validation. This 
operationalizes the hallucination taxonomy [18] within an 
executable workflow.  

2) Graph-Based Orchestration 
Unlike linear pipelines, the system maintains a shared 

workflow state that propagates rewritten queries and 
intermediate results. This enables conditional branching, 
iterative refinement, and fallback strategies. As a result, RAG 
is transformed from a feedforward pipeline into a controlled, 
stateful optimization process.  

3) Verification as Confidence Calibration 
The verification agent acts as a control mechanism by 

evaluating the consistency between generated claims and 
source documents. This shifts the optimization objective from 
plausibility to evidence. 

Importantly, the verification loop allows the system to 
abstain (“insufficient evidence”) rather than generate 
unsupported content, which contributes significantly to the 
observed improvements in accuracy. 

Baseline RAG systems lack such a mechanism and 
therefore tend to produce overly confident responses under 
uncertainty. 

C. Technical and Practical Implications 

The results provide several insights for the deployment of 
retrieval-augmented generation systems in enterprise 
environments. 

First, they suggest that hallucination mitigation should be 
understood primarily as an architectural challenge rather than 
a purely model-level problem. Simply improving the 
underlying LLM is not sufficient to ensure reliable results [5]. 
Instead, improvements in reliability result from structured 
orchestration of retrieval and generation components [12]. In 
particular, the coordinated use of query optimization, retrieval 
refinement, reranking, and verification significantly 
strengthens the factual grounding of the generated responses. 

From a practical perspective, this architectural approach 
offers an additional advantage: reliability improvements can 
be achieved without modifying or fine-tuning the underlying 
base model. This enables a model-agnostic design, allowing 
organizations to switch or upgrade LLM providers without 
redesigning the surrounding system. Such flexibility is 
particularly valuable in enterprise settings where model 
capabilities, costs, and vendor strategies evolve rapidly. 

Second, the introduction of a verification loop 
substantially increases the system’s trustworthiness. In 
compliance-sensitive areas such as human resources or IT 
security, incorrect or unsupported statements can lead to 
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operational or legal risks. A verification layer that validates 
generated responses against retrieved evidence therefore 
serves as an important safeguard, preventing unfounded or 
fabricated statements from being returned to the user.  

A potential risk in this architecture is 'error propagation,' 
where an initial misjudgment by the Query Rewriter or 
Reranker biases all subsequent agents. Without human-in-the-
loop validation, the system relies on the LLM's internal 'self-
correction' capability. Future iterations should include a 
human-flagging mechanism for low-confidence outputs. 

Overall, these findings indicate that the reliability of 
enterprise RAG systems depends less on increasingly 
powerful language models and more on carefully designed 
retrieval, orchestration and verification processes. 

VI. CONCLUSION AND FUTURE WORK 

Building upon the presented results and discussion, the 
final section draws conclusions, addresses limitations, and 
identifies opportunities for future work. 

A. Architectural Contributions to Reliable RAG Systems 

This study demonstrates that hallucination reduction in 
retrieval-augmented generation systems can be significantly 
improved through architectural design. In particular, 
separating error modes via a two-stage mitigation strategy, 
combined with a graph-based orchestration, and a verification 
agent capable of abstaining when evidence is insufficient, 
substantially enhances system reliability. 

These improvements are achieved without fine-tuning the 
underlying foundation model, highlighting that central role of 
architectural design in ensuring reliable system behavior. 

From a design science research perspective, the resulting 
artifact offers both a functional prototype for use in companies 
and a conceptual model for structuring hallucination-aware 
RAG systems. 

B. Trade-off: Reliability vs. Latency 

The improved reliability of the proposed architecture 
comes at the cost of additional computational overhead. 
Additional agents, reranking steps, and the verification loop 
introduce the number of model calls and, consequently, higher 
response latency compared to a minimal linear RAG pipeline. 
This reflects an inherent trade-off between response speed and 
output reliability. 

C. Directions for Future Research 

In enterprise settings where incorrect information may 
lead to operational, financial, or compliance risks, prioritizing 
reliability over minimal latency is often justified. 
Nevertheless, future implementations may benefit from 
adaptive strategies that dynamically adjust verification depth 
based on query criticality, enabling a balance between 
efficiency and robustness. Several directions for future 
research emerge from this work. One promising avenue is the 
integration of knowledge graphs into the architecture. While 
the current pipeline primarily operates on unstructured text, 
extending it to incorporate structured representations - such as 
entities (i.e., services, products, or infrastructure components) 
- could enable more advanced multi-hop reasoning across 

documents. However, this approach introduces additional 
challenges, including schema design and entity 
disambiguation, which must be addressed carefully to 
maintain system reliability [24]. 

Another direction involves domain-specific fine-tuning of 
core models or reranking components, which may enhance 
grounding in specialized enterprise corpora such as technical 
documentation or regulatory guidelines. 

Finally, future studies could evaluate agentic RAG 
architectures on larger and more diverse real-world datasets to 
better assess scalability and robustness under production 
conditions. Such investigations would provide deeper insights 
into the performance of architectural hallucination mitigation 
strategies in dynamic enterprise knowledge environments. 
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