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ABSTRACT 
Today, Large Language Models (LLMs) perform many tasks in the field of natural language processing 
with high success, from text generation to translation, semantic analysis to code writing. However, these 
models have some fundamental limitations that make their reliable use challenging. They can produce 
factual errors known in the literature as hallucinations and cannot directly access developments after 
their training period. They also sometimes reproduce biases present in the training data. The Retrieval-
Augmented Generation (RAG) approach aims to produce more up-to-date and verifiable outputs by 
dynamically feeding the model with external information sources, thereby reducing hallucination and 
temporal limitations. This study examines distributed learning approaches aimed at protecting data pri-
vacy and QLoRA-based fine-tuning strategies within a mathematical framework. It also addresses 4-bit 
NormalFloat (NF4) quantization techniques used to improve system efficiency. Furthermore, it details 
morphology-aware hybrid access methods and adaptive routing mechanisms that can make decisions 
based on query complexity to achieve results more suitable for Turkish. The study demonstrates that 
combining RAG-based systems with federated learning and homomorphic encryption creates a secure, 
decentralized architecture, and that LLM can be efficiently run on low-resource systems using the NF4-
QLoRA combination. However, limitations such as encryption latency, erroneous information from un-
trusted sources, and the inadequacy of standard evaluation methods for Turkish also exist. 
 
Keywords: Federated Learning, RAG, Turkish NLP, QLoRA, NF4 Quantization, Data Privacy. 

 
 
1. INTRODUCTION 
One of the most significant developments in the 
field of artificial intelligence in recent years has 
been the emergence of the Transformer archi-
tecture and the widespread adoption of Genera-
tive Pre-trained Transformers (GPTs) built 
upon this foundation [1]. These large language 
models, with billions of parameters, achieve re-
sults that approach or exceed human perfor-
mance in tasks such as text classification, sum-
marization, translation, code generation, and 
complex question-answering. When trained us-
ing extensive text corpora from the internet, 
these models gain the ability to learn the statis-
tical structure of language and world 
knowledge. However, the models' parametric 
memory, i.e., the information encoded in the 
neuron weights during training, is limited to the 

date when the training data set was created [2]. 
This prevents the models from having 
knowledge about events that occurred after 
training, real-time data, or internal organiza-
tional data. 
 
More critically, hallucination the tendency to 
generate statistically plausible but factually in-
correct outputs instead of acknowledging miss-
ing information is one of the biggest obstacles 
to the industrial adoption of reliable AI systems 
[3]. For example, a legal assistant referring to a 
non-existent law or a medical advisor recom-
mending incorrect drug interactions can lead to 
unacceptable consequences. The RAG ap-
proach has been developed in the literature to 
overcome these structural problems. This ap-
proach provides context to the generative 
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model, requiring that the generated response be 
based on evidence from an external information 
source [4,28]. Thus, the model generates re-
sponses using dynamic, up-to-date, and verifia-
ble data rather than outdated or incomplete in-
formation in its parametric memory. RAG elim-
inates the distinction between what the model 
knows and what it can access, ensuring the up-
datability of information without the need to re-
train the model. 
 
However, standard RAG architectures inher-
ently have a centralized structure. The require-
ment to fragment all corporate documents into 
vectors and collect them in a single centralized 
vector database poses unacceptable risks in 
terms of data security. Particularly in scenarios 
involving sensitive data, such as financial ser-
vices, healthcare organizations, and law firms, 
moving data to a centralized cloud is incon-
sistent with regulations such as the Personal 
Data Protection Law and the European Union 
General Data Protection Regulation and in-
creases the cyberattack surface. Data breaches 
can lead not only to financial penalties but also 
to irreversible damage to an organization's rep-
utation. 
 
At this point, the concept of Federated RAG, 
which combines the Federated Learning para-
digm with the RAG architecture, emerges as a 
strategic solution. Federated Learning protects 
privacy by moving computation to where the 
data resides, rather than moving the data to the 
model [5]. In this approach, raw data does not 
leave the local node; only model updates or en-
crypted intermediate representations are shared 
with the server. However, implementing Feder-
ated RAG architectures presents additional 
challenges, particularly in resource-constrained 
environments and with morphologically com-
plex languages such as Turkish. 
 
The agglutinative structure of Turkish causes 
word roots and suffixes to lose meaning and ac-
cess performance to decline when tokenization 
and embedding models developed for English 
are used [6]. For example, although the words 
“evden” and “eve” are semantically related, 
they can be mapped to completely different 
vectors in standard models. Furthermore, in-
stalling large language models on every branch 
or device is not cost-effective. 
 

This study will examine the RAG literature and 
its evolution starting from the fundamental 
components and will analyze different RAG 
paradigms comparatively. The study will then 
focus on the mathematical infrastructure of the 
system along with adaptive RAG mechanisms; 
in particular, the attention mechanism and vec-
tor similarity calculations, which are the corner-
stones of the Transformer architecture, will be 
detailed. 
 
Additionally, Turkish natural language pro-
cessing optimizations, federated learning strat-
egies, and security protocols will be discussed 
in depth. In this context, the mathematical foun-
dations of advanced quantization techniques 
such as QLoRA and NF4 and their applications 
in federated systems will be emphasized. Fi-
nally, solution proposals for existing problems, 
standards, and legal regulations will be dis-
cussed, and predictions about future develop-
ments will be shared. Thus, the study aims to 
shed light on individual and institutional appli-
cations in both academic and industrial fields. 
 
2. RAG ARCHITECTURE 
The RAG architecture is based on the principle 
of combining a static language model with a dy-
namic and external knowledge source [4,28]. 
RAG technology, which has evolved from a 
simple text matching mechanism to a complex, 
multi-layered cognitive architecture, is cur-
rently studied under three main paradigms: Na-
ive, Advanced, and Modular [7]. This evolution 
has brought with it mechanisms that enable the 
model not only to access correct information, 
but also to parse complex queries, synthesize 
from multiple sources, and validate its own an-
swers. 
 
2.1. Core RAG Components  
The original RAG architecture, introduced to 
the literature by Lewis and colleagues in 2020, 
consists of two main modules: Retriever and 
Generator [4]. This structure is designed to en-
hance the model's performance in knowledge-
intensive tasks. 
 
When a user query is submitted 𝑥𝑥, the Retriever 
model (𝜌𝜌𝜌𝜌) selects the k documents (𝓏𝓏) that are 
semantically most relevant to the query from a 
large document collection (𝒵𝒵). This selection 
process is typically performed using a "Nearest 
Neighbor" (ANN) search in vector space. Vec-
tor databases (ChromaDB, Milvus, etc.) use 
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indexing algorithms such as HNSW (Hierar-
chical Navigable Small World) to scan millions 
of documents in milliseconds and retrieve the 
closest vectors. Then, the generative model 
(𝜌𝜌𝜌𝜌) takes both the original query (𝑥𝑥) and the 
selected documents (𝓏𝓏) as context to generate 
the most probable answer (𝑦𝑦). 
 
In the RAG-Sequence model proposed by 
Lewis and colleagues, the entire answer se-
quence is generated in one go based on the same 
set of accessed documents. Mathematically, the 
RAG-Sequence model is expressed as in Equa-
tion 1 [4]: 
 
𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅−𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝑦𝑦|𝑥𝑥) ≈                                                

� 𝑝𝑝𝜂𝜂(𝑧𝑧|𝑥𝑥)𝑝𝑝𝜃𝜃(𝑦𝑦|𝑥𝑥, 𝑧𝑧)
𝑧𝑧∈𝑡𝑡𝑡𝑡𝑡𝑡−𝑘𝑘�𝑝𝑝(.|𝑥𝑥)�

                           (1) 

 
The terms here are: 
𝑥𝑥: Input Query, 
𝑦𝑦: Generated Answer, 
𝑧𝑧: Retrieved Document, 

𝑝𝑝𝜂𝜂(𝑧𝑧|𝑥𝑥): Represents the probability that the re-
triever model selects document z for the query 
x. This value is typically the normalized form 
of the cosine similarity or inner-product score 
between the query vector and the document 
vector. 
 
𝑝𝑝𝜃𝜃(𝑦𝑦|𝑥𝑥, 𝑧𝑧): Represents the probability that the 
generator model produces the answer y given 
the query x and document z. This corresponds 
to the conditional probability of a standard 
seq2seq model. 
 
2.2. Comparative Analysis of RAG Para-
digms 
RAG technology has evolved in parallel with 
the challenges encountered and increasing user 
expectations. Initially a simple search-and-re-
trieval process, RAG has been enriched over 
time with layers such as query optimization, 
multi-stage access, and answer verification. Ta-
ble 1 summarizes the key features and differ-
ences of the three main RAG paradigms: 

 
Table 1. RAG Paradigms Comparison Table 

Feature Naive RAG Advanced RAG Modular RAG 
Fundemental Phi-
losophy Index, Access, Produce Pre/post processing to im-

prove access quality 
Flexible structure composed of inde-
pendent modules 

Access Method Simple Vector Search 
(Cosine Similarity) 

Hybrid Search (Dense + 
Sparse), Re-ranking 

Adaptive Routing, Subdivision into 
Subqueries, Iterative Access 

Query Processing Used as is Rewrite, Query Expansion Separation, Abstraction 

Context Manage-
ment 

The Top-K document is 
provided in raw format. 

Contextual Compression, 
Noise Filtering 

Memory module, Fusion-in-Decoder 
(FiD), Knowledge Graph Integration 

Flexibility Low (Fixed Pipeline) Medium (Optimized Pi-
pipeline) High (Programmable Flow) 

Integration Single Data Source Multiple Indexing Agents, Tool Use 

2.3. Modular RAG and Adaptive Mecha-
nisms 
The modular RAG approach transforms the 
RAG process from a fixed pipeline into a set of 
independent modules that can be activated as 
needed. With this flexibility, the system can dy-
namically adapt to different query types and 
difficulty levels. 
 
Specifically, the routing module decides which 
data source to go to based on the complexity, 
domain, or type of information required by the 
incoming query [8]. For example, for the query 

“What is the dollar exchange rate?”, the system 
directs to a finance API, while for the query 
“What is the company's internal leave policy?”, 
it directs to the local vector database. This rout-
ing decision can be made by an LLM-based 
classifier or simpler rule-based algorithms. 
 
Adaptive RAG ensures resource efficiency by 
using a classifier that analyzes the complexity 
of the query [9]. Running a full RAG process 
for every query is costly and slow. Adaptive 
RAG follows this strategy: 
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• Basic Queries: For information that is gener-
ally accepted or definitively stored in the mod-
el's parametric memory, such as “Hello” or 
“How are you?”, the costly access step is 
skipped, and the LLM produces the response 
directly. 
 
• Medium Complexity: The standard RAG 
flow is used for questions that can be answered 
based on a single document. 
 
• High Complexity: Iterative or multi-step ac-
cess strategies are used for questions that re-
quire analyzing and synthesizing multiple doc-
uments, such as “By what percentage did the 
company's revenue increase in 2023 compared 
to 2022?” 
 
This approach reduces the system's latency 
while increasing accuracy for difficult ques-
tions [9]. New theoretical frameworks such as 
ExpertRAG combine this routing with the Mix-
ture-of-Experts (MoE) architecture, directing 
the query to the most suitable expert model or 
data source [8]. In short, this mechanism can be 
likened to “smart traffic routing.” The aim is to 
optimize both speed and accuracy by sending 
the query to the most suitable processing path. 
 
2.4. Mathematical Framework: Attention 
and Cosine Similarity 
At the core of RAG systems lie two fundamen-
tal mathematical operations that enable both the 
language model's understanding capability and 
the retriever module's similarity calculation. 
This section examines the mathematical an-
swers to the questions “How are queries 
matched with documents?” and “Which words 
does the LLM pay attention to?” 
 
2.4.1. Attention Mechanism 
How does an LLM understand whether the pro-
noun “he” in the sentence “Ahmet went to the 
market yesterday, he was very tired” refers to 
‘Ahmet’ or “the market”? The answer is the at-
tention mechanism. In the Transformer archi-
tecture, attention is a mathematical mechanism 
that calculates the relationship between a word 
and other words in a sentence. Although there 
are many variants of attention (additive atten-
tion, multiplicative attention, etc.), the most 
common type used in the Transformer architec-
ture is Scaled Dot-Product Attention [1]. This 
mechanism forms the cornerstone of modern 
language models because it is superior in terms 

of computational efficiency and parallelizabil-
ity. 
 
In Transformer models, scores are calculated 
for each word that answer the question “How 
related is this word to all other words?” This 
process is performed across three matrices [1]: 
 
• 𝑸𝑸 (Query): It represents the question “Who 
am I? What am I looking for?” A query vector 
is created for each word.  
• 𝑲𝑲 (Key): It represents the question “Who am 
I related to? Which words should I match 
with?” Key vectors define the relationship of 
each word with other words.  
• 𝑽𝑽 (Value): It contains the actual information 
being transferred. After attention scores are cal-
culated, these value vectors are weighted to ob-
tain the final representation. 
Mathematically, the Scaled Dot-Product Atten-
tion formula is expressed as in Equation 2 [1]. 
 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝑄𝑄,𝐾𝐾,𝑉𝑉) = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 �
𝑄𝑄𝐾𝐾𝑇𝑇

�𝑑𝑑𝑘𝑘
�𝑉𝑉          (2) 

 
1. 𝑸𝑸𝑲𝑲𝑻𝑻  (Dot Product): The product of the 
transpose of the query and key matrices gives 
the “coincidence scores” of each word with 
other words. A high score indicates a strong re-
lationship between two words. For example, the 
query vector of the word ‘o’ may produce a high 
score with the key vector of the word “Ahmet”. 
 
2. �𝒅𝒅𝒌𝒌 (Scaling Vector): It prevents scores 
from growing too large (gradient stability). In-
ner product results can grow as the vector size 
increases, and the gradients of the softmax 
function can become very small. This scaling 
improves the training process by ensuring gra-
dient stability. 
 
3. Softmax: It converts raw scores into a prob-
ability distribution between 0 and 1. This deter-
mines how much “attention” each word will 
pay to other words. For example, the softmax 
output for the word “o” could be: 70% Ahmet, 
5% market, 20% others.  
 
4. Finally 𝑽𝑽 ile by multiplication: The weights 
obtained with Softmax are multiplied by the 
Value matrix. This process extracts the infor-
mation of the words with the highest scores and 
creates a weighted combination. Thus, the word 
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“o” primarily takes on the semantic representa-
tion of “Ahmet's.” 
 
In the RAG architecture, the Attention mecha-
nism comes into play at two critical points: 
 
• Query-Document Matching : The user 
query (Q) is matched with the key representa-
tions (K) of all documents in the document da-
tabase, and the most relevant document con-
tents (V) are retrieved. For example, in the 
query “credit interest rate,” the attention mech-
anism assigns a high score to documents con-
taining the words “interest,” “credit,” and 
“rate.” 
 
• Context Integration: The selected docu-
ments are provided as context to the attention 
layers of the Generator model. By applying at-
tention to both the original query and the docu-
ment content, the model dynamically deter-
mines which pieces of information to use in 
generating the response. This allows the model 
to reduce the risk of hallucination by stating, “I 
obtained this information from the document.” 
With this mechanism, the model produces more 
accurate and up-to-date answers by paying at-
tention not only to its parametric memory but 
also to external sources. 
 
2.4.2. Cosine Similarity 
There are millions of documents in the vector 
database. The question “Which document is 
closest to the query?” must be answered quickly 
and accurately. To measure the semantic prox-
imity of two documents (or a query and a doc-
ument) in vector space, the cosine of the angle 
between the vectors is calculated. This method 
provides a robust similarity measure that is in-
dependent of text length, as it only considers the 
orientation of the vectors, regardless of their 
magnitude. This similarity measure is mathe-
matically expressed as in Equation 3 [10]. 
 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝐴𝐴,𝐵𝐵) = 𝑐𝑐𝑐𝑐𝑐𝑐(𝜃𝜃) =

𝐴𝐴.𝐵𝐵
∥ 𝐴𝐴 ∥. ∥ 𝐵𝐵 ∥

=
∑ 𝐴𝐴𝑖𝑖𝐵𝐵𝑖𝑖𝑛𝑛
𝑖𝑖=1

�∑ 𝐴𝐴𝑖𝑖2𝑛𝑛
𝑖𝑖=1  �∑ 𝐵𝐵𝑖𝑖2𝑛𝑛

𝑖𝑖=1  
                                       (3)

 

 
Here: 
• 𝐴𝐴 ve 𝐵𝐵: The two vectors being compared 
(e.g., query vector and document vector)  
• 𝐴𝐴 ⋅ 𝐵𝐵: The dot product of vectors  

• ∥ 𝐴𝐴 ∥ve ∥ 𝐵𝐵 ∥: Euclidean norms of vectors 
(magnitudes)  
• 𝜃𝜃: The angle between two vectors 
 
Value Ranges and Meanings: 
• Close to 1: The vectors point in the same di-
rection. High similarity (same topic). For exam-
ple, the cosine similarity between the query 
“credit interest rate” and the document “bank-
ing interest rates” could be 0.95. 
• Close to 0: Vectors are perpendicular          For 
example, the similarity between the query 
“credit interest rate” and the document “soccer 
match results” receives a very low value such 
as 0.02. 
• Close to -1: Vectors in opposite direc-
tions.Opposite meaning. For example, a nega-
tive score of -0.8 may appear between the ex-
pressions “good service” and “bad service.” 
 
 Advantages of the Cosine Similarity: 
1.Size Independence: Whether a document is 
100 words or 10,000 words makes no differ-
ence; only the orientation of the content mat-
ters. 
2.Computational Efficiency: Can be com-
puted in parallel with matrix operations, ena-
bling fast searches across millions of docu-
ments. 
3.Normalized Measure: Produces results 
within a standard range between -1 and +1, 
which facilitates the determination of threshold 
values. 
 
Use in RAG Systems: In the RAG architecture, 
after the embedding vector of the user query is 
created, the cosine similarity is calculated with 
all document vectors in the vector database. 
The k documents with the highest similarity 
scores (e.g., top-5) are selected and provided as 
context to the generator model. For example:  
Query: “What are the 2024 credit interest 
rates?” 
• Document 1 (score: 0.92): “2024 
mortgage interest rates fell to 2.5%...” 
• Document 2 (score: 0.87): “Consumer 
loan interest rates increased in 2024...” 
• Document 3 (score: 0.15): “Weather 
forecasts...” → This document falls below the 
threshold value and is eliminated. 
 
In summary, cosine similarity is the fundamen-
tal metric that answers the question “Which 
document should I retrieve?” for RAG systems. 
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While the attention mechanism manages the 
model's internal attention, cosine similarity en-
sures that the most relevant content is selected 
from external information sources. Together, 
these two mathematical operations form the 
backbone of RAG's information access and in-
tegration processes. 
 
3. CHALLENGES IN TURKISH NLP AND 
RAG 
Turkish differs significantly from English in 
terms of its agglutinative structure, vowel har-
mony rules, and free word order [6]. These 
structural differences can lead to serious perfor-
mance losses in the retrieval phase, which is the 
most critical component of RAG systems 
trained on English datasets. 
 
3.1. Tokenization and Morphological Seg-
mentation Problem 
Standard large language models typically use 
tokenization algorithms trained on English-
dominant data [11]. These algorithms create to-
kens by combining frequently occurring char-
acter sequences in the dataset. However, in lan-
guages with a high capacity for word deriva-
tion, such as Turkish, these algorithms tend to 
split words into meaningless fragments that do 
not follow morphological rules. 
 

Example: The word “Gözlükçü” (optician): 
• Ideal Morphological Analysis: Göz 
(Root/Noun) + -lük (Derivational Suffix/Noun 
from Noun) + -çü (Derivational Suffix/Occupa-
tion). Meaning: A person who sells or makes 
eyeglasses. 
• Standard BPE Tokenization: Frag-
ments that do not correspond to morphological 
reality, such as Göz + l + ük + çü or Gözl + 
ükçü, may be observed. 
 
This type of incorrect segmentation weakens 
the semantic connection between the word 
“Optician” and the concepts of ‘Eye’ or “See-
ing” in the vector space, leading to a decrease 
in the quality of the embedding vector. In RAG 
systems, this situation leads to documents con-
taining “gözlükçü” having a low semantic sim-
ilarity score and becoming inaccessible in a sce-
nario where the user searches for “eye health 
specialist.” Furthermore, Turkish's rich inflec-
tional suffixes (possessive, tense, person) can 
cause words derived from the same root (e.g., 
“geliyorum,” “geleceğim,” “gelmişlerdi”) to 
drift apart in the vector space [12]. 
 
 
 

Table 2. Turkish Tokenization Issues and Comparative Analysis 

Word Correct Morphological 
Analysis 

GPT/Llama BPE To-
kenization Result 

gözlükçü göz + lük + çü göz + l + ük + çü “göz” (eye) connection is weak 

geliyorum gel + iyor + um geli + yor + um root “gel” (come)  is missing 

kitaplarımdan kitap + lar + ım + dan ki + tap + lar + ım +dan root “kitap” (book) is broken 
çalıştırmak çalış + tır + mak ça + lış + tır + mak root is corrupted 

okuyamadım oku + ya + ma + dım oku + yama + dım partially correct 
computer [single token] comput + er optimal for English 

• Vector quality decreases: The search 
for “optician” gives a low score to “eye doctor” 
documents (“göz” => “gözlükçü”) 
• Token count increases: Turkish texts 
use more tokens than English texts = Cost in-
creases 
• Meaning is lost: he contrast that 
should exist between “I'm coming” and “to go” 
is not captured in the vector space (geliyorum / 
gitmek) 
 

3.2. The Effect on Stemming and Embedding 
Models 
The use of morphological analysis tools in the 
preprocessing stage of Turkish RAG systems is 
critical for morphological normalization. Com-
prehensive morphological analyzers and natu-
ral language processing tools stand out in this 
field [13]. 
 
Studies in the literature emphasize the im-
portance of root finding in Turkish information 
retrieval. In traditional word matching-based 
algorithms, root finding can improve perfor-
mance. However, there are also findings that 
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root finding does not always improve perfor-
mance in dense access models. In some cases, 
the semantic nuances added by inflectional suf-
fixes play a critical role in determining the 
meaning of the vector. For example, only con-
text and suffixes determine the difference be-
tween a negative command and a noun-verb. 
 
Therefore, in the proposed architecture, the root 
finding process is used not before vectorization, 
but in the sparse access leg of hybrid search, 
i.e., keyword matching. Thus, both the general 
search power of the root word and the specific 
meaning provided by the suffixes are utilized. 
 
Table 3. Hybrid Search vs. Dense-Only Retrieval 

Quantitative Performance Comparison 
Metric Dense

-Only 
Hybrid 

BM25+Den
se 

Improve-
ment 

MRR@3 0.351 0.433 +23.4% 
Recall@5 0.587 0.695 +18.4 % 

NDCG@10  0.466 0.551 +18.2% 
 
Table 3 shows that there is a significant differ-
ence in search efficiency between various hy-
brid search strategies and dense vector-based 
search strategies. Combining the BM25 sparse 
search method with dense vector search via the 
Reciprocal Row Fusion (RRF) mechanism 
yields more consistent results compared to 
when either method is used alone. The hybrid 
BM25+Dense system outperforms the dense 
vector-based BM25 search system alone, 
achieving an improvement of 23.4% in 
MRR@3 (0.433) and an improvement of 18.4% 
in Recall@5 (0.695). This improvement was 
achieved by running T2-RAGBench on a base-
line of 23,088 queries across 7,318 financial 
documents. Additionally, the NDCG@10 score 
increased from 0.466 to 0.551. This represents 
an 18.2% improvement compared to the dense 
search method alone [14]. In this context, 
achieving a significant performance improve-
ment is particularly important given the mor-
phological complexity of Turkish. Turkish is an 
agglutinative language, and the semantic shift 
that occurs during the tokenization process is a 
common issue for standard vector models. 
However, BM25’s accurate keyword matching 
restores the connections between documents. 
This morphological sensitivity thus serves as a 
crucial balancing mechanism in semantic vec-
tor search and provides a level of search quality 
that dense models alone cannot achieve. 

3.3 Turkish Hallucination Detection: Turk-
LettuceDetect 
Hallucination detection is critical for the relia-
bility of Turkish RAG systems. Detection mod-
els developed for English are insufficient be-
cause they cannot adapt to the grammatical 
structure of Turkish. Recently developed Turk-
LettuceDetect is the first hallucination detec-
tion model suite specifically designed for Turk-
ish RAG applications [15]. This model uses en-
coders customized for Turkish to analyze, at the 
token level, how well the generated response 
matches the given context. Trained on machine-
translated Turkish datasets, this model scores 
the reliability of the RAG system's generated 
response, alerting the user in suspicious cases 
or triggering re-generation. 
 
4. FEDERATED LEARNING AND PRI-
VACY-FOCUSED RAG ARCHITECTURE 
In scenarios where data privacy and data local-
ity must be preserved, Federated Learning, 
which offers the ability to process data without 
transferring it to a central server, is a critical 
complementary technology for RAG systems 
[5]. 
 
4.1. Federated Learning Architectures and 
RAG Integration 
Federated learning is essentially a learning par-
adigm that enables distributed data owners to 
train models collaboratively without requiring 
data to be pooled in a central repository. This 
paradigm is based on the principle of training 
models on local devices and sending only 
weight updates to the server, rather than collect-
ing training data on a central server [5]. This 
preserves data privacy and ensures compliance 
with regulatory requirements. Federated learn-
ing architectures are addressed under three 
main headings based on the data distribution 
among data owners and the nature of the partic-
ipants [5]. The relevant architectures are shown 
in Figure 1. 
 

 
Figure 1. Federated Learning Architectures 
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Horizontal Federated Learning: Horizontal 
Federated Learning is suitable for scenarios 
where participants share the same space but 
have different sample sets [5]. For example, alt-
hough banks operating in different geographic 
regions each record similar customer features 
(transaction amount, transaction frequency, 
credit history, etc.), customer prototypes 
largely do not overlap. The fundamental goal of 
this architecture is to improve the model's gen-
eralization performance by increasing the sam-
ple diversity obtained from distributed data 
sources [5]. In the context of RAG, each partic-
ipating institution can run a local retrieval com-
ponent on its own document collection or 
knowledge base. The common model trained 
through federated learning learns the signals 
from these different information sources holis-
tically, while the documents themselves do not 
leave the institution. This situation can offer 
critical advantages, especially for multi-branch 

banking, retail chains, and regional public insti-
tutions. 
Vertical Federated Learning: Vertical feder-
ated learning is used when participants share 
largely the same sample space but have differ-
ent feature sets [5]. A typical scenario involves 
collaboration between institutions that hold 
data on the same individuals but of different 
types (e.g., a hospital and an insurance com-
pany). The fundamental challenge in this archi-
tecture is incorporating different features into a 
common learning process while preserving 
their privacy. Cryptographic techniques such as 
secure multi-party computation and homomor-
phic encryption are used for this purpose [5]. 
From the perspective of RAG systems, vertical 
FL enables the use of complementary pieces of 
information from different institutions (e.g., 
clinical notes and financial risk indicators) to 
enhance the contextual richness of a single gen-
erative model. Thus, the model can produce 
more holistic and context-aware outputs. 

 

 
Figure 2. Federated RAG Architecture Comparisons 

 
Federated Transfer Learning: Federated 
transfer learning targets scenarios where both 
the sample space and feature space are signifi-
cantly different [5]. In such cases, classical hor-
izontal or vertical federated learning ap-
proaches are insufficient. FTL enables repre-
sentations learned from partially overlapping 
datasets to be transferred to other domains [5]. 
In terms of RAG integration, FTL is particu-
larly prominent in applications requiring cross-
domain knowledge transfer. For example, 
among institutions operating in different coun-
tries and holding documents in different 

languages, information retrieval and production 
processes can be improved by learning a com-
mon semantic representation space. This ena-
bles the indirect transfer of institutional 
knowledge without direct data sharing.  
 
4.2. Federated RAG Architectures: 
FedE4RAG, C-FedRAG, and RAFFLE 
Federated RAG approaches do not start from 
the assumption that information must be col-
lected in a central pool, unlike classical RAG. 
Instead, they adopt a structure where infor-
mation sources are stored in distributed and 
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local environments, and training and infor-
mation retrieval processes are carried out ac-
cording to federated learning principles. In this 
respect, federated RAG aims to meet privacy 
and security requirements, especially in areas 
where sensitive data is processed and subject to 
regulation (finance, healthcare, law) [16,17]. 
As shown in Figure 2, the prominent architec-
tures in the literature differ in terms of where 
the data/access components are located and 
how the security layer is established. 
 
FedE4RAG (Federated Embedding Learn-
ing for RAG): FedE4RAG is based on running 
local RAG components on the private and sen-
sitive data owned by clients and improving 
these components in a federated manner. Each 
client hosts a local access point on its own doc-
ument collection; raw data or document content 
is not shared with the central server. On the 
server side, only model updates are combined 
within the federated learning flow [16]. In the 
FedE4RAG diagram in Figure 2, it is clearly 
visible that the “local embedding model” and 
“local retrieval” components are located close 
to the local data on the client side. 
 
One of the distinguishing features of 
FedE4RAG is that it establishes an indirect in-
formation transfer between the client and the 
server through information distillation mecha-
nisms. Thus, while clients contribute the repre-
sentation information they learn from local data 
to the central model, the risk of privacy viola-
tion is minimized. In the RAG context, this de-
sign aims to improve the quality of local acces-
sors, enabling the retrieval of more relevant 
documents for the query and enhancing the con-
textual accuracy of the generative model [16].  
 
C-FedRAG (Confidential Federated Re-
trieval-Augmented Generation): C-FedRAG 
takes confidentiality a step further in a feder-
ated RAG scenario by leveraging hardware-
based security mechanisms. A critical ad-
vantage of this architecture is that it aims to pro-
vide a stronger layer of protection not only 
against federation participants but also against 
the central server infrastructure and operating 
system. This provides a more robust defense 
against threat models such as the “honest but 
nosy server.” Figure 2, which shows C-Fe-
dRAG with a central server located within the 
TEE, visually supports the fundamental claim 
of this architecture (isolation of the processing 

environment) [17]. For this reason, C-FedRAG 
is considered a particularly suitable option for 
finance, defense, and public applications with 
high security requirements. 
 
RAFFLE (Retrieval-Augmented Few-Shot 
Federated Learning): The RAFFLE architec-
ture combines federated learning and retrieval-
augmented learning with the few-shot para-
digm. In this approach, the federated learning 
process is performed on publicly available da-
tasets that do not pose privacy risks. The result-
ing shared model is distributed to clients; cli-
ents use this model only during the inference 
stage on their own private data [18]. Figure 2 
shows the separation of the RAFFLE flow into 
training on public data and inference on private 
data, directly highlighting the privacy ad-
vantage of the architecture. 
 
This design offers a strong privacy advantage 
because local data is not directly included in 
training; however, the limited contribution of 
client data to the federated training process may 
constrain the model's contextual richness spe-
cific to the domain/institution. In the RAG con-
text, RAFFLE offers a practical solution, espe-
cially for clients with limited data; however, it 
may show more limited performance compared 
to approaches such as FedE4RAG or C-Fe-
dRAG in highly customized enterprise scenar-
ios [18]. 
 
4.3. Security Mechanisms: Homomorphic 
Encryption and Differential Privacy 
Although federated learning and federated 
RAG architectures provide a significant privacy 
advantage by preventing raw data from being 
transferred to a central server, this alone does 
not guarantee absolute security. Studies in the 
literature show that, under certain conditions, 
the original data can be partially or completely 
re-estimated through model updates, gradients, 
or vector representations shared by clients. 
Therefore, additional security mechanisms are 
needed to strengthen privacy in federated sys-
tems. 
 
In this context, three fundamental security ap-
proaches commonly used in federated RAG ar-
chitectures stand out: Homomorphic Encryp-
tion, Secure Aggregation, and Differential Pri-
vacy. 
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Homomorphic Encryption: Homomorphic 
encryption is a cryptographic approach that al-
lows operations to be performed on encrypted 
data. While classical encryption methods re-
quire decryption before operations can be per-
formed on the data, homomorphic encryption 
eliminates this requirement. Thus, computa-
tions can be performed without ever revealing 
the content of the data. 
 
In the Federated RAG scenario, this approach 
is particularly important in terms of query pri-
vacy. For example, a query vector created by a 
user and document vectors stored on the server 
can be kept encrypted. The server can calculate 
the similarity between these vectors without de-
crypting the data. This prevents the server from 
learning what the user is searching for or the 
content of the documents. 

The total homomorphic encryption feature can 
be expressed mathematically in a simplified 
form as in Equation 4 [19]. 
 
𝐸𝐸(𝑥𝑥).𝐸𝐸(𝑦𝑦) = 𝐸𝐸(𝑥𝑥 + 𝑦𝑦)                                   (4) 
 
This feature ensures that operations performed 
on encrypted values correspond to operations 
on plaintext data. However, the most significant 
disadvantage of homomorphic encryption is its 
high computational cost. Especially in RAG 
systems involving large vectors and heavy 
query traffic, delays can reach the order of sec-
onds. For this reason, HE is generally used with 
limited or hybrid solutions in practical systems 
[19]. 

 
Table 4. Homomorphic Encryption Computational Overhead vs. Plaintext Inference 

Task / Scenario Plaintext Time Encrypted (HE) Time Overhead Factor 

BERT-base (128 tokens, CKKS) ~0.02 s ~1,103 s ~55,000x 

CNN ResNet-20 / CIFAR-10 
(CKKS, GPU) 

~0.001 s ~1.4 s ~1,400x 

2-layer NN inference (CKKS, 
CPU) 

~0.1 s ~2.4 s ~24x 

CNN 1.2M params 
(Paillier/CKKS, CPU) 

~13 s 24–81 min ~110–370x 

Selective HE Baseline ~10x overhead 90% faster than full 
FHE 

The processing speed results in Table 4 demon-
strate the additional overhead that homomor-
phic encryption imposes on operations. As 
seen, performing everything with full HE is 
much slower compared to doing so with nor-
mal, plaintext data [20]. Although the CKKS 
(Cheon-Kim-Kim-Song) method should be 
faster at processing the floating-point numbers 
required by AI models due to its approximate 
computational advantage, it is actually complex 
and significantly slows down operations.  
 
For example, in a complex transformer system 
like BERT-base, finding the answer to a 128-
segment problem takes up to 1.103 seconds 
when the data is encrypted, which is 55,000 
times longer than when using unencrypted data 
[21]. Even in simpler CNN tasks and on the 
fastest graphics cards, the time remains around 
1.4 seconds. On a smaller computer without a 
graphics card, the delay is 24 to 370 times 
longer [22]. 

When all these factors are considered together, 
it becomes clear that using full FHE directly or 
obtaining real-time responses in RAG on de-
vices with limited processing power poses a 
significant speed issue. However, Table 4 also 
shows that by encrypting only the most critical 
data segments, the total computational load for 
FHE can be reduced by 90%. To strike a bal-
ance between ensuring data security and contin-
uing to use a RAG system, a combination of 
these methods emerges as the most reasonable 
and feasible option [20]. 
 
Secure Aggregation: Secure aggregation is a 
protocol that prevents the server from seeing in-
dividual client updates in federated learning 
systems. In this approach, the server only ob-
tains the sum or average of the updates from the 
clients; information belonging to individual cli-
ents remains confidential. 
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This method, proposed by Bonawitz and col-
leagues, is based on cryptographically masking 
client updates. Each client hides its own update 
with random noise or masks. These masks can-
cel each other out when the clients are evalu-
ated collectively, and the server can only obtain 
the total result. Secure federated learning is par-
ticularly critical in scenarios such as multi-
branch banking, corporate information systems, 
or public institutions. This ensures that no par-
ticipating institution or branch's contribution to 
the model is individually revealed; only the col-
lective learning outcome is shared [23]. 
 
Differential Privacy: Differential privacy is a 
mathematical privacy framework that guaran-
tees that a system's output is not meaningfully 
affected by the presence or absence of a single 
data record. This approach is based on the prin-
ciple of adding a controlled amount of random 
noise to gradients or vector representations sent 
from the client to the server. In federated RAG 
systems, differential privacy is used specifi-
cally to prevent potential data leaks through 
model updates. The added noise makes it diffi-
cult to distinguish individual data points while 
largely preserving the model's ability to learn 
general patterns. 
 
The main advantage of this approach is its rela-
tively low computational cost and easy integra-
tion into scalable systems. However, as the 
noise level increases, model performance may 
decline, so the privacy-accuracy trade-off must 
be carefully balanced [24]. 
 
5. QLORA AND NF4 QUANTIZATION 
One of the key factors limiting the practical use 
of large language models in real-world systems 
is their high memory and computational re-
quirements. Especially in federated learning 
and privacy-focused RAG scenarios, it is often 
not feasible for every client to have high-capac-
ity hardware. In this context, quantization 
methods that aim to reduce the memory foot-
print of models play a critical role. 

Quantization is the process of converting nu-
merical values from high-precision representa-
tions (e.g., FP32 or BF16) to representations 
with lower bit width. This conversion reduces 
memory consumption and memory bandwidth 
requirements while resulting in limited perfor-
mance loss when appropriate methods are used. 
The QLoRA approach, one of the most effective 
methods in this field, enables large-scale mod-
els to be trained even on a single processor [25]. 
QLoRA's fundamental contribution relies on 
storing a pre-trained large base model in 
memory in a low-bit format while only updat-
ing small, trainable adapter layers with high 
precision. This approach provides a significant 
advantage for decentralized learning processes, 
especially in federated systems considering 
hardware heterogeneity and resource con-
straints. 
 
5.1. Quantization Theory and NF4  
Traditional quantization methods typically map 
weights to integer levels at equal intervals. 
However, when examining the weights of large 
pre-trained language models, it is observed that 
these values mostly exhibit an approximate nor-
mal distribution. Equal-interval quantization 
can cause more errors in information-critical re-
gions because it assigns the same sensitivity to 
regions where the distribution is dense and to 
regions where it is sparse. 
 
To address this issue, NF4 is proposed as a 
quantization data type optimized from an infor-
mation theory perspective for data with a nor-
mal distribution [25]. NF4 is based on the quan-
tile-based quantization principle and adapts the 
quantization intervals according to the distribu-
tion of the data. Thus, representation error is 
minimized by creating narrower intervals in re-
gions where weights are densely concentrated 
and wider intervals in sparse regions. This fea-
ture makes NF4 more effective than classical 4-
bit quantization methods, especially for long-
tailed weight distributions seen in large lan-
guage models.

Table 5. NF4 (QLoRA) vs. BF16: Memory Requirements and Task Performance Comparison 
Model Size BF16 VRAM NF4 VRAM Memory Reduction 

7B parameters ~14 GB ~3.5 GB 4x 
13B parameters ~26 GB ~6.5 GB 4x 
33B parameters ~60 GB ~19 GB ~3.2x 
65B parameters >780 GB <48 GB >16x 

Non-English languages (4-bit 
avg.) 

Baseline — — 
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Table 5 clearly shows that NF4 quantization 
uses significantly less memory than traditional 
16-bit models and illustrates how this affects 
speed. Specifically, it reduces GPU memory us-
age by a factor of four to sixteen in models with 
7 billion to 65 billion parameters [25]. This 
makes it possible for people to actually fine-
tune massive models on ordinary consumer-
grade computers. When looking at English tests 
(such as MMLU and Elo), studies show that 
NF4, with its double quantization feature, per-
forms nearly as well as BF16, with a difference 
of only 1 point. However, while memory effi-
ciency is greatly improved, recent studies high-
light significant trade-offs in specific applica-
tions. Experiments show that using BNB-NF4 
results in an average accuracy drop of 6.9% for 
standard tasks and up to 23% for tasks involv-
ing long-text retrieval [26]. Therefore, it is es-
sential to thoroughly test NF4 models, and if 
setting up a Turkish RAG system, additional 
tuning for Turkish may be necessary. Neverthe-
less, NF4-QLoRA remains the most logical and 
efficient choice for systems utilizing a large 
number of diverse, yet not particularly power-
ful, hardware components. 
 
5.1.1. NF4 Mathematical Formulation 
In order for a language model to run using less 
memory, its weights must be represented by a 
more limited number of values. One of the most 
common ways to achieve this is through quan-
tization. Quantization stores the continuous 
weight values learned by the model during 
training by rounding them to a smaller number 
of “permitted” values. The aim is to signifi-
cantly reduce memory usage. 
 
In NF4 normalization, weights are first scaled 
appropriately to approximate [−1,1] represent-
ing within a range and then mapping each value 
in that range to one of a limited number of lev-
els. In a 𝑘𝑘-bit quantization, the total representa-
tion consists of 2𝑘𝑘 representation levels. For ex-
ample, in NF4 (k=4), weights are represented 
by only 16 different values. The distinguishing 
feature that sets NF4 apart from the classic 4-
bit approach is that these 16 levels are not se-
lected at equal intervals. This is because in large 
language models, weights often resemble a 
roughly normal (Gaussian) distribution. In a 
Gaussian distribution, most values cluster 
around 0, with very few values at the extremes. 
Equal-interval quantization can cause 

unnecessary information loss precisely in the 
most dense region around 0. 
 
For this purpose, NF4 utilizes the statistical 
structure of the standard normal distribution 
when determining quantile levels. To do this, 
the quantile function 𝑄𝑄𝑋𝑋(⋅), which is the inverse 
of the CDF function of the standard normal dis-
tribution, is used.  
 
Furthermore, it is particularly important that the 
value 0 can be fully represented. Since “being 
0” sometimes carries a special meaning in op-
erations such as masking and padding, NF4 
practically arranges the levels to allow for this 
[25]. 
 
The theoretical basis of NF4 quantization levels 
is mathematically defined as in Equation 5. 
 
𝑞𝑞𝑖𝑖 =

1
2
�𝑄𝑄𝑋𝑋 �

𝑖𝑖
2𝑘𝑘 + 1

� + 𝑄𝑄𝑋𝑋 �
𝑖𝑖 + 1

2𝑘𝑘 + 1
��                   (5) 

 
Here 𝑄𝑄𝑋𝑋(⋅), the inverse CDF function of the 
standard normal distribution, 0 ≤ 𝑖𝑖 < 2𝑘𝑘 repre-
sents the level index within the interval. This 
approach reduces quantization error by ensur-
ing that each quantization level represents the 
center of its own quantile interval. 
 
Block-Based Quantization: 
Instead of quantizing the entire weight tensor as 
a single piece, NF4 typically applies it by divid-
ing the weights into small blocks (e.g., 64-ele-
ment blocks) [25]. The reason for this is that if 
there are outlier values (very large/small) in a 
block, their effect should not spread to the en-
tire tensor but remain limited to that block. 
 
For each block, the scaling factor for that block 
is calculated by taking the weight with the larg-
est absolute value, as shown in Equation 6: 
 
𝑐𝑐 = 𝑚𝑚𝑚𝑚𝑥𝑥(|𝑊𝑊|)                                                 (6) 
 
Then the weights within the block are first nor-
malized by dividing them by this value, then 
rounded to NF4 levels as expressed in Equation 
7: 
 
𝑊𝑊𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 = 𝑁𝑁𝑁𝑁4 �

𝑊𝑊
𝑚𝑚𝑚𝑚 𝑥𝑥(|𝑊𝑊|)�                                  (7) 

 
We can intuitively think of this as “scale first, 
then convert to 4-bit.” During computation, 
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dequantization is performed to convert back 
from quantized values to approximate actual 
values, and the scale is reapplied as shown in 
Equation 8: 
 
𝑊𝑊𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 𝑐𝑐.𝑊𝑊𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞

𝑁𝑁𝑁𝑁4                                                (8) 
 
Here �𝑊𝑊𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞

𝑁𝑁𝑁𝑁4 � The quantized weights selected 
from the NF4 levels represent the scale factor 
of the relevant block. 
 
5.2. Double Quantization 
QLoRA does not merely reduce weights to 4 
bits using NF4 to further reduce memory usage; 
it also focuses on the space occupied in memory 
by the constant values required during quanti-
zation. Block-based quantization requires stor-
ing additional information such as a scaling fac-
tor for each block. When these factors are 
stored with high precision (e.g., with more bits), 
the total memory load becomes significant as 
the number of blocks increases with model size. 
This is where the idea of Double Quantization 
comes in: “We quantized the weights, so what 
if we also compress these constants we store to 
scale the weights back correctly into a smaller 
form?” Thus, the constants are quantized a sec-
ond time, reducing the storage cost. 
 
This process is mathematically expressed as in 
Equation 9: 
 
𝑊𝑊𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑�𝑐𝑐2, 𝑐𝑐1

𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞�.𝑊𝑊𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞       
𝑁𝑁𝑁𝑁4           (9) 

 
Here 𝑐𝑐1

𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞, The quantized form of the con-
stants (e.g., block scales) that emerge during the 
initial quantization stage; (c_2) is the second-
level quantization information used to restore 
these constants to their approximate values 
when needed. In summary, the system signifi-
cantly reduces the average memory cost per pa-
rameter by both storing weights at the 4-bit 
level and additionally compressing the “side in-
formation required to scale these weights back 
to the correct scale” [25]. 
 
5.3. Paged Optimizers and Memory Man-
agement 
Paged optimizers are a memory management 
approach developed to reduce OOM (out-of-
memory) issues that arise when GPU memory 
fills up quickly due to the additional memory 
held by the optimizer, especially in methods 
such as Adam/AdamW. The logic is quite 

practical: when GPU memory is nearing capac-
ity, instead of keeping all optimizer states con-
tinuously in VRAM, the unused portions are 
automatically moved to RAM using paging 
logic; when needed, they are brought back to 
the GPU. 
 
This allows the training or fine-tuning process 
to proceed more stably, even when memory us-
age spikes suddenly. This approach offers prac-
tical advantages, particularly in long-context 
scenarios (where cache pressure increases due 
to long sequences) and in federated learning, 
where memory load accumulates during local 
training steps. Of course, there is a cost: some 
speed loss may be observed due to the addi-
tional data transfer between the GPU and RAM. 
Nevertheless, when properly configured, it sig-
nificantly facilitates experimentation by ena-
bling larger batch/sequence trials [25]. 
 
5.4. Fine-Tuning the Mathematical Model 
with QLoRA 
The starting point for QLoRA is quite simple: 
Instead of retraining all the parameters of a 
large language model, the model's main weights 
are kept fixed and low-order adapters are added 
to the model. During training, only these small 
adapter layers are updated. This significantly 
reduces memory usage, while the resulting per-
formance is often very close to full fine-tuning 
[27]. 
 
This approach is based on the idea of “adding a 
low-order correction on top of frozen weights.” 
Let the pre-trained weight matrix in a layer be 
expressed by Equation 10: 
 
𝑊𝑊0 ∈ ℝ𝑑𝑑×𝑘𝑘                                                                (10) 
 
When LoRA is used, the model's effective 
weights take the form given in Equation 11: 
 
𝑊𝑊 = 𝑊𝑊0 + 𝐵𝐵𝐵𝐵                                                         (11) 
 
Here, 𝑊𝑊0 represents the frozen weights of the 
base model. In the QLoRA context, these 
weights are stored in memory in NF4 format, 
i.e., compressed with 4-bit precision. The 𝐵𝐵 ∈
ℝ𝑑𝑑×𝑘𝑘 matrices are trainable LoRA adapters and 
are typically stored in a higher-precision format 
such as BF16. The rank value r determines the 
size of these matrices and is usually quite small 
compared to the values of d and k. As the rank 
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decreases, the number of trained parameters 
also decreases significantly. 
 
Thanks to this structure, the weights of the base 
model remain unchanged. The model's adapta-
tion to new tasks is learned solely through low-
rank updates, expressed by the BA term. This 
keeps both computational and memory costs 
under control. 
 
During forward propagation, the output calcu-
lated for an input x can be written in general 
terms as in Equation 12: 
 
ℎ = 𝑊𝑊0𝑥𝑥 + 𝐵𝐵𝐵𝐵𝐵𝐵                                                       (12) 
 
This process occurs step by step as follows. 
First, the input matrix X is typically in BF16 
format. Since the frozen base weights W₀ are 
stored in memory in NF4 format, they are con-
verted from NF4 to BF16 during computation 
(dequantization). Then, the XW₀ multiplication 
is computed via the main path. In parallel, the 
XBA operation is performed on the adapter 
path; the adapter's contribution is multiplied by 
a scaling factor defined by the α/r ratio, and fi-
nally, the outputs from the main path and the 
adapter path are summed. The final operation 
for QLoRA is shown in Equation 13: 
 
𝑌𝑌 = 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑊𝑊𝑁𝑁𝑁𝑁4)𝑋𝑋 +

𝛼𝛼
𝑟𝑟
⋅ 𝑋𝑋𝑋𝑋𝑋𝑋                      (13) 

 
There are several key reasons why this ap-
proach works in practice. First, storing the core 
weights in 4-bit NF4 format dramatically re-
duces VRAM usage, especially in large models. 
Second, since only the A and B matrices are up-
dated during training, learning is performed 
with far fewer parameters compared to full fine-
tuning. This enables both a faster and more ac-
cessible training process. 
 
In summary, QLoRA enables adapting large 
language models to new tasks without the need 
for complete retraining. While the base model 
remains compressed and fixed, the learning 
process is executed through LoRA adapters. 
With these features, QLoRA offers an ex-
tremely suitable fine-tuning approach for feder-
ated or local systems with limited hardware re-
sources [25,27]. 
 

6. QUANTITATIVE SYNTHESIS OF KEY 
FINDINGS 
This section synthesizes quantitative findings 
related to the Federated RAG architecture, 
memory efficiency, and encryption. 
 
6.1. Literature Review on NF4-QLoRA 
Memory Efficiency and Privacy 
NF4 quantization (QLoRA) has been shown to 
enable the use of large models on consumer-
grade hardware by reducing GPU VRAM usage 
for a 7-billion-parameter model from approxi-
mately 14 GB to 3.5 GB a reduction of nearly 
fourfold thanks to NF4 compression [25]. How-
ever, as a result of this compression, 4-bit quan-
tization causes an average accuracy drop of 
6.9% in languages other than English, including 
Turkish, and this drop emerges as a disad-
vantage, reaching up to 23% in long-context 
search tasks [26]. The second option, selective 
homomorphic encryption strategies, reduces 
the computational load by up to 90% compared 
to full FHE, making them a practical choice for 
federated RAG. Here, the architectural privacy 
advantage stems from the structure itself. Raw 
data never leaves the local node. Thus, natural 
compliance with GDPR/KVKK is achieved 
without the need for procedural controls [20]. 
 
6.2. Search Accuracy Between Hybrid 
Search and Vector-Only Search in Turkish 
Looking at Table 3 in Section 3.2, we can see 
how well results were obtained when compar-
ing a hybrid search that understands Turkish 
word structure with vector or exact-match 
searches. From these comparisons, it is clear 
that the hybrid search that understands Turkish 
performs much more reliably and effectively 
than the vector approach. In particular, in the 
T2-RAGBench tests, the MRR@3 score im-
proved by 23.4% from 0.351 to 0.433, while the 
Recall@5 score improved by 18.4% from 0.587 
to 0.695. For NDCG@10, the results have also 
improved from 0.466 to 0.551. This represents 
an 18.2% increase compared to vector search 
alone. Since Turkish is a language where nu-
merous suffixes are added to words to change 
their meaning, typical vector models require ex-
act matches of word parts to identify documents 
that would otherwise become meaningless 
when broken down into individual words. 
Therefore, these results demonstrate that for 
Turkish, a search system designed with Turkish 
in mind is not just a nice-to-have but an 
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absolute necessity in a RAG system that pulls 
information from multiple sources. 
 
7. CONCLUSIONS AND RECOMMENDA-
TIONS 
While artificial intelligence technologies are 
advancing rapidly, large language models are 
delivering impressive results in many areas, 
from text generation to solving complex prob-
lems. However, these models have two funda-
mental limitations. First, they cannot naturally 
access current information released after their 
training date. Second, in some cases, they can 
produce factual errors or baseless answers. 
These two issues are critical for developing re-
liable artificial intelligence systems. 
 
The RAG approach discussed in this study 
comes into play precisely at this point. RAG dy-
namically feeds the language model with exter-
nal knowledge sources, combining what the 
model knows with the latest information it can 
access. This allows the system to generate both 
more accurate and more up-to-date answers. In 
short, RAG bridges the gap between the LLM's 
parametric memory and verifiable knowledge 
in the outside world. However, the weakest 
point of traditional RAG architectures is this: In 
most applications, all documents must be col-
lected in a central vector database. In sensitive 
areas such as finance, healthcare, and law, this 
situation poses serious risks in practice. Moving 
data to a central location increases the attack 
surface; it can also create compliance issues in 
terms of regulations such as KVKK/GDPR. 
Therefore, the question “RAG is good, but how 
can we do it without centralizing data?” be-
comes critical. In this context, combining fed-
erated learning with RAG offers a strategic so-
lution. The fundamental principle of the feder-
ated approach is clear: data stays where it is, 
computation goes to the data. Organizations can 
contribute to a shared learning process without 
sharing their raw data. This preserves privacy 
while enabling the creation of a more powerful 
system fueled by diverse data sources. The con-
cept of “Federated RAG” combines this collec-
tive learning advantage with RAG's infor-
mation access capability. 
 
In the case of Turkish, there is an additional 
layer of difficulty. Since Turkish is a morpho-
logically rich and agglutinative language, to-
kenization and embedding tools developed with 
English in mind do not always deliver sufficient 

performance. Standard tokenization methods 
may split words in a way that does not conform 
to Turkish's morphological structure; this can 
reduce embedding quality and lead to perfor-
mance loss during retrieval. Furthermore, the 
dense inflectional suffixes in Turkish can cause 
words derived from the same root to be unnec-
essarily distant from each other in the vector 
space. Therefore, in Turkish RAG design, mor-
phological analyzer integration, hybrid search 
(sparse + dense) strategies, and Turkish-spe-
cific embedding solutions become particularly 
important. 
 
Another practical requirement is this: It is not 
always possible to run such systems on power-
ful servers. Quantization techniques play a crit-
ical role in enabling the use of LLMs in re-
source-constrained environments. Methods 
such as QLoRA and NF4 reduce memory re-
quirements by reducing weights to 4-bit levels, 
enabling fine-tuning processes even on single 
consumer-grade hardware. This is even more 
important in federated scenarios, as clients' 
hardware is often heterogeneous and limited. 
Memory management approaches also stabilize 
the process by reducing potential OOM issues 
during training. 
 
The security component is indispensable for the 
industrial applicability of Federated RAG. 
Techniques such as homomorphic encryption, 
secure aggregation, and differential privacy re-
duce the risk of data leakage that could occur 
through shared updates or intermediate repre-
sentations. However, these techniques often in-
troduce additional computational cost and la-
tency. Therefore, in future work, “hybrid” de-
signs that balance performance without com-
promising security emerge as a critical area of 
research. 
 
Another aspect that increases system efficiency 
is adaptive RAG mechanisms. Not every query 
has to be processed at the same cost. Skipping 
the access step for simple queries, using the 
standard RAG flow for medium-level queries, 
and engaging iterative access for queries requir-
ing multi-step reasoning increases scalability 
and cost-effectiveness. Additionally, routing 
approaches such as router modules and MoE 
can further improve performance by ensuring 
the query goes to the most appropriate expert or 
data source. 
 



Toy and Süzen /INTERNATIONAL JOURNAL OF 3D PRINTING TECHNOLOGIES AND DIGITAL INDUSTRY 10:2 (2026) 300-317 

315 

One of the significant gaps in the development 
of Turkish RAG systems lies in the evaluation 
aspect. While existing datasets are useful for 
measuring the general language proficiency of 
models, they are not sufficient on their own to 
measure the end-to-end performance of a RAG 
system (access quality, context integration, hal-
lucination control, etc.). Therefore, the devel-
opment of Turkish-specific RAG benchmarks, 
metrics, and evaluation protocols is a critical 
need for the field to mature. 
 
Furthermore, hallucination detection remains 
important even in RAG systems. RAG reduces 
hallucinations but does not eliminate them en-
tirely. Hallucination detection models devel-
oped for Turkish should be positioned not only 
as a final check but as a natural part of the pro-
duction process. For example, when the model 
detects a suspicious situation, alerting the user, 
triggering re-access/re-generation, or providing 
output with a confidence score opens the door 
to more reliable systems. How these detection 
models will be trained and kept up-to-date in a 
federated environment is also a topic that needs 
further research. One of the most significant 
technical bottlenecks of federated RAG is the 
latency problem, particularly due to encryption 
and network communication. Strong security 
approaches such as homomorphic encryption 
can incur high processing costs. To mitigate 
this, methods such as vector quantization at the 
access stage, asynchronous communication 
protocols, and edge computing integration can 
be evaluated. Vector quantization can both re-
duce communication costs by decreasing data 
size and speed up access. 
 
On the other hand, the Modular RAG approach 
transforms the system from a single fixed pipe-
line into an expandable structure that can be 
scaled according to need. Knowledge graphs, 
multi-document synthesis, tool usage, and 
agent-based components can be added in a 
modular fashion. The development of modules 
specific to Turkish and how these modules will 
be coordinated in a federated environment is a 
natural direction for future work. 
 
From an industrial perspective, technical infra-
structure alone is not enough. Organizational 
and legal frameworks are also required. Clear 
standards and protocols are needed for issues 
such as inter-institutional update sharing, data 
ownership, fair evaluation of contributions, 

performance monitoring, and auditing. It is crit-
ically important to design federated RAG in 
compliance with regulations, especially in areas 
with a high regulatory burden. 
 
The open-source ecosystem is also decisive in 
this area. The increase in open source tools, da-
tasets, and pre-trained models for Turkish NLP 
and RAG both accelerates academia and facili-
tates industrial adoption. The open sourcing of 
Turkish tokenization, morphological analysis, 
embedding, and hallucination detection compo-
nents is an important lever for the growth of the 
ecosystem. 
 
In conclusion, the approaches discussed in this 
study demonstrate that addressing privacy re-
quirements and the need for access to up-to-
date and verifiable information simultaneously 
is crucial for developing reliable artificial intel-
ligence systems. Combining distributed learn-
ing principles, memory-efficient quantization 
techniques, Turkish morphology-aware re-
trieval methods, and adaptive query routing 
mechanisms yields solutions that are both more 
secure and more operationally efficient. For this 
to be implemented sustainably in the field, 
however, collaboration between academia, in-
dustry, and the public sector, the establishment 
of common standards, the maturation of evalu-
ation frameworks, and the development of ap-
plication practices compliant with data protec-
tion legislation are of critical importance. 
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