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This research paper presents a novel hybrid Retrieval-Augmented Generation (RAG) architecture
enhanced with enterprise stores to enhance accuracy, personalization, and contextual relevance of
knowledge retrieval in contemporary organizations. Unlike traditional RAG systems that rely solely
on semantic similarity, the proposed approach addresses the critical limitations: context-unaware
retrieval, limited personalization, and inconsistent result quality. To fill this gap, the paper combines
real-time structured elements including user role, expertise, behavioral patterns, and document
metadata to the retrieval process in a hybrid similarity scoring framework. This study employed a
simulation-based experimental design encompassing 10,000 documents, 500 users and three
distinct system configurations, which is the semantic-only baseline and two hybrid models with 10
and 50 user/context features. The experimental results demonstrate significant performance
improvements in the hybrid models which include 15-20% higher Top-K retrieval accuracy, 36%
improvement in Mean Reciprocal Rank (MRR) and 41% enhancement in user satisfaction metrics.
Although the computational steps were added, the latency was still acceptable to the enterprise and
even when the feature became stale the retrieval accuracy did not change. All in all, the results
prove the integrative process between feature stores and RAG systems to be a strong direction to
the more correct, personal, and context-varying enterprise knowledge management.
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1. Introduction

Contemporary enterprises generate vast quantities
of organizational knowledge across diverse
modalities including documents, emails, operational
manuals, databases, and activity streams. However,
this abundance of information often creates
significant challenges for employees seeking specific
knowledge relevant to their roles and tasks.
Traditional search engines rely heavily on keyword
matching and frequently fail to capture semantic
query intent, while expert systems suffer from rigid
rule-based architectures that are difficult to
maintain and scale. This persistent knowledge
access gap results in underutilization of valuable
organizational knowledge, limiting organizational
productivity and decision-making effectiveness.

Large Language Models (LLMs) have brought
radically new possibilities when it comes to
knowledge interaction, providing natural-language
knowledge, multi-source synthesis, and
conversational inference. Nevertheless, their
application in business contexts is severely
restricted: they use on-the-fly training data, can be
subject to hallucinatory behavior, incapable of
retrieving real-time organizational knowledge, and
lack the information about the context of the user
like position, department, or tasks underway. These
restrictions limit trust in and individualization of
responses in dynamism of enterprises.

In part, Retrieval-Augmented Generation (RAG) is a
solution to these problems because it involves both
real-time document retrieval and LLM-based
reasoning based on existing, verifiable information.
However, traditional RAG systems are only
semantically similar and do not use contextual rich
signals stored in enterprise feature stores, like user
behavior, preferences, and domain expertise. This
research paper suggests a hybrid system combining
RAG and feature stores, offering an abstract
similarity model, and resolving computational and
consistency issues, and it is proven in simulations
that with this system, retrieval accuracy,
personalization, and user satisfaction can be
enhanced, and the system remains stable.

2. Literature Review

Lewis et al. (2020) introduced the seminal
Retrieval-Augmented Generation (RAG)
architecture,

which combines dense document retrieval with
generative language models to address knowledge
grounding challenges. Their work demonstrated that
incorporating retrieval modules into generative
architectures significantly enhances factual accuracy
and reduces hallucination in knowledge-intensive
tasks.

Karpukhin et al. (2020) suggested a dual-
Encoder system, Dense Passage Retrieval (DPR),
which produced dense representations of queries
and documents in the form of vectors. Their
experiments revealed that DPR was superior to
traditional sparse retrieval algorithms like BM25
particularly with regards to open domain question
answering. DPR marked a paradigm shift toward
embedding-based retrieval systems capable of
scaling to large document collections while
maintaining high accuracy.

Reimers and Gurevych (2019) introduced the
Sentence-BERT (SBERT) model, which is a
modification of the BERT model that has been
trained to generate semantically meaningful
sentence embeddings. A siamese network structure
was used to cut down significantly the
computational cost of a semantic similarity
comparison and improve the quality of the output
vectors. Their study showed that transformer-based
models were scalable to effectively assist the large-
scale semantic retrieval application.

Devlin et al. (2019) presented BERT which is a
two-way transformer model that improved natural
language understanding. BERT also provided a wide
variety of NLP tasks by successfully learning long
contextual relationships in text through its masked
language modeling and next sentence prediction
goals. The later models like SBERT were built on
BERT and were a major building block in dense
retrieval systems like DPR and RAG.

3. Research Methodology

This study wuses a systematic theoretical-
computational procedure to assess the effect of
incorporating  enterprise  feature stores and
Application of Retrieval- Augmented Generation
(RAG). It is a set of mathematical modelling,
simulation, complexity assessment, and
performance benchmarking to examine the hybrid
system.
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3.1 Research Design

A simulated environment was constructed
comprising 10,000 textual documents, 500 user
profiles, comprehensive user features (role,
department, expertise level, behavioral patterns),
document metadata, and synthetic interaction logs.
This simulation framework provided a controlled
testbed for systematic evaluation.

Three experimental configurations were evaluated:

1. Model A: Semantic-Only RAG
2. Model B: Hybrid RAG + 10 User Features
3. Model C: Hybrid RAG + 50 Optimized Features

All models are evaluated on identical datasets for
fair comparison.

3.2 Data Simulation and Feature Construction

Controlled simulations generated realistic feature
vectors and document embeddings: semantic
embeddings via transformer encoders, user features
(expertise, query history, task context,
preferences), document features (topic vectors,
metadata), and interaction signals (clicks, dwell
time, follow-up queries).

3.3 Hybrid Similarity Modelling

A hybrid similarity is a hybrid of semantic similarity,
feature relevance and interaction-weighted
modification. Model B and C were created to include
more and more features, aiming to examine the
sensitivity of performance.

3.4 Experimental Procedure

The models were tested with 5,000 simulated
queries: queries were embedded, documents were
searched with nearest-neighbor search, hybrid
features were used (in Models B and C) and top-k
results were considered. Latency, user satisfaction
and follow-up queries were measured. Each
experiment was repeated three times in order to
ensure result stability and statistical reliability.

3.5 Performance Metrics
Metrics included:

= Accuracy: Top-5/Top-10
Reciprocal Rank (MRR)

accuracy, Mean

= Efficiency: Feature lookup time, hybrid scoring
time, overall retrieval latency

= User Experience: Satisfaction score (1-5), %
rating =4, reduction in follow-up queries

= Consistency: Accuracy under feature
staleness (0-30 minutes)

3.6 Complexity and Consistency Analysis

The features integration computational overhead
was analyzed in the study: time and space
complexity, additional features latency and stability
of retrieval under stale features. This guaranteed
better performance without affecting the scalability.

4. Results and Discussion

The performance of the proposed hybrid Retrieval-
Augmented Generation (RAG) architecture was
evaluated using a simulated enterprise dataset
comprising 10,000 documents and 500 user
profiles. Three configurations were compared:

= Model A: Semantic-Only RAG

= Model B: Hybrid RAG + 10 User/Context
Features

= Model C: Hybrid RAG + 50 Optimized Features
4.1 Retrieval Accuracy Comparison

The former is an analysis of how accurate each of
the models is in retrieving relevant documents. The
measures of accuracy were Top-5 accuracy, Top-10
accuracy and Mean Reciprocal Rank (MRR). These
measures indicate the effectiveness of the system to
detect the right information at the top of retrieval
list.

Table 1: Retrieval Accuracy Metrics (Top-K
Performance)
Model Top-5 Top-10 Mean Reciprocal
Accuracy (%) Accuracy (%) Rank (MRR)
Semantic RAG (A) [61.2 74.8 0.421
Hybrid RAG + 10 |72.5 85.6 0.509
Features (B)
Hybrid RAG + 50 79.1 90.4 0.573
Features (C)

Retrieval Accuracy Metrics

Top-10 Accuracy (%) ™ Top-5 Accuracy (%)
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Figure 1: Retrieval Accuracy Metrics (Top-K
Performance)

As it is evident in Table 1, it is clear that the hybrid
models are far more effective in comparison with
the traditional semantic-only RAG system in all
measures of accuracy. The significant improvement
between Model A and Model B can be seen, whereas
Model C (50 optimized features) will attain the
highest Top-5 and Top-10 accuracy scores. This is
evidenced by the fact that the Top-10 accuracy
increased more than 15% and that MRR increased
significantly when Model C was used with the
addition of extra user and contextual features,
which show that more relevant and accurate
retrieval results are achieved with the use of more
features. Table 1, on the whole, affirms the high
positive effect of feature augmentation on retrieval
accuracy.

4.2 Latency Performance Evaluation

The second test is based on the latency of retrieval
at various stages of operation. The reason is to
know whether the unacceptable delays due to
feature integration can be introduced.

Retrieval

Table 2:
(Milliseconds)

Latency Comparison

Retrieval Semantic Hybrid RAG + 10 Hybrid RAG + 50

Stage RAG (A) Features (B) Features (C)

Semantic ANN 42 ms 42 ms 42 ms
Search

Feature — 8 ms 15 ms
Lookup

Hybrid Scoring |— 11 ms 29 ms
Final Re- 7 ms 12 ms 18 ms
ranking

[Total Latency K9 ms 73 ms 104 ms
(p95)

As Table 2 demonstrates, even though more steps
are introduced by Models B and C namely feature
lookup and hybrid scoring the total retrieval latency
is still within the bounds of real-time operation. The
highest number of features is included in model C,
and this model has a p95 latency of 104 ms, much
lower than the common enterprise mark of 150 ms.
The 42 ms of consistent semantic search time of all
models demonstrates that the change in latency is
driven majorly by feature addition. Generally, Table
2 supports the fact that hybridization presents extra
computation, but the effect on system
responsiveness is minimal and tolerable when
dealing with the enterprise applications.

4.3 Personalization and User Satisfaction
Analysis

The third analysis explains the role of
personalization in the user experience. The hybrid
models should provide more individual information-
oriented responses by including user-specific and
context specific features that can be tailored to
match the specific demands of the individual who is
seeking the information. The level of wuser
satisfaction was calculated on a scale of 15, where
the subscales were 15 and 5 respectively, and the
proportion of users rating high and the decrease in
the frequency of follow-up clarification inquiries
were used to assess user satisfaction.

Table 3: Impact of Personalization on User
Satisfaction

Semantic RAG (A) [3.2 16% 18%

Hybrid RAG + 10 4.1 71% 32%

Features (B)

Hybrid RAG + 50 K4.5 83% 41%

Features (C)

Table 3 indicates a significant enhancement of user
satisfaction in case personalization characteristics
are incorporated into the retrieval process. The
semantic-only model (A) achieved the Ilowest
performance with an average satisfaction score of
3.2 and only 46 percent of users rated their
experience as positive. Conversely, personalization
of features is quite advantageous in Model B and
more so in Model C. The highest score in terms of
satisfaction (4.5) and the lowest number of queries
on the follow-up clarification of the results (reduced
by 41) have been obtained with Model C meaning
that personalized retrieval outcomes are more
consistent with the expectations of users. As
observed in table 3, the incorporation of user and
contextual features results in the provision of more
relevant and satisfactory responses.

4.4 Stability Analysis Under Feature Staleness

The fourth analysis is concerned with the effect of
retrieval accuracy of feature store data when such
data turns stale. Due to the fact that the feature
stores of the enterprise are not always updated in
real time, it should be noted whether delayed
updates have a negative effect on the performance
of hybrid RAG systems.
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Various staleness windows (Delta) were
experimented with in order to determine the change
of accuracy as features become older.

Retrieval Stability Under Feature Staleness

76 5%
74 4%
7 3%

2%
70 - ' I 1%
68 - 0%

Ominutes 1 minute 5 minutes 10minutes 30 minutes

mmm Hybrid Accuracy (%) Degradation (%)

Figure 2: Retrieval Stability Under Feature
Staleness

As shown in Figure 2, the retrieval accuracy is very
stable when the feature staleness is 10 minutes with
a slight decrease of 2.7 per cent only. The system
has a respectable level of accuracy of 72.2 even
after 30 minutes of delay. This means that the
hybrid architecture is not reliant on the occurrence
of real-time feature updates in order to be
functional. Rather it can withstand moderate delays
without much performance loss. Figure 2 thus
establishes the fact that hybrid RAG systems do not
require strict real-time consistency, thus, enabling
them to work effectively even in a partially fresh
environment.

5. Conclusion

This research demonstrates that integrating
enterprise feature stores with Retrieval-Augmented
Generation (RAG) architectures  significantly
enhances knowledge retrieval effectiveness in
contemporary organizational environments.
Although conventional semantic-only RAG systems
are good in language, they do not consider such
important contextual elements as user profiles,
behavioral patterns, and document-specific
attributes. The proposed architecture provides more
precise and personalized as well as context-sensitive
responses by integrating a hybrid similarity
framework between semantic embeddings and
structured feature-based relevance signals.
Experiments based on simulations with 10,000
documents and 500 users prove that the Top-K
accuracy, the overall ranking quality, the user
satisfaction, and the decrease of follow-up queries
increase significantly.

Notably, these gains are obtained at a relatively
small increase of the latency that all fall within the
enterprise performance ranges and the system can
hold steady accuracy in feature updates even in
staleness scenarios. This hybrid RAG architecture
represents a viable and scalable advancement in
enterprise knowledge management, providing a
foundation for future deployments of intelligent,
adaptive and user-centric systems of information
retrieval systems.
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