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Abstract

This study introduces task-injected layered hybrid retrieval-augmented gen-
eration (TILHR-RAG), a framework specifically designed for Persian to
address the scarcity of native-language resources and the limitations of
English-centric approaches. The architecture combines task-aware query
augmentation, a layered retrieval strategy, and a hybrid semantic–lexical
retriever, all supported by a multi-stage pipeline that includes preprocessing,
document chunking, question generation, and embedding. A novel mech-
anism for injecting task-specific vectors directs retrieval toward domain
intent while preserving comparability across documents. The layered design
operates in three stages: per-task frequently asked questions (FAQ) retrieval,
hybrid document search using FAISS semantic similarity combined with
BM25 keyword matching, and a fallback response generated by a large
language model (LLM). This structure ensures both precision and robustness.
Comprehensive experiments across five progressively refined configurations
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demonstrate that TILHR-RAG achieves the best balance among accuracy,
efficiency, and scalability, reaching 89.67% semantic accuracy with mod-
erate latency and memory consumption on NVIDIA A100 hardware. Fur-
ther evaluations on low-resource graphics processing units (GPUs) confirm
that accuracy remains stable under hardware constraints, although latency
increases significantly. Moreover, multilingual E5 embedding models sub-
stantially improve retrieval and generation quality for Persian – outperform-
ing ParsBERT and Sentence-BERT (SBERT) – by mitigating challenges
such as orthographic variation and complex compound word structures.
Taken together, these findings establish task-injected layered hybrid retrieval-
augmented generation as a practical, reproducible, and resource-efficient
blueprint for Persian question answering, advancing retrieval-augmented
generation for low-resource languages without requiring costly large lan-
guage model fine-tuning, while also offering adaptable strategies for broader
multilingual applications.

Keywords: Retrieval-augmented generation (RAG), natural language pro-
cessing, task-specific embeddings, hybrid retrieval, low-resource languages,
layered retrieval architecture.

1 Introduction

In the era of data explosion, the vast volume of textual information gener-
ated across scientific, industrial, and social domains necessitates intelligent
systems capable of precise processing and knowledge extraction. Large lan-
guage models (LLMs), empowered by deep learning and massive datasets,
have significantly advanced tasks such as text generation, question answer-
ing, and semantic analysis [1, 2]. However, when operating independently,
LLMs remain constrained by their static internal knowledge, especially when
dealing with domain-specific, up-to-date, or localized information. Retrieval-
augmented generation (RAG) architectures have emerged to address these
limitations by integrating information retrieval into the generative pipeline
[3, 4]. RAG enables a language model to first retrieve relevant content
from an external corpus and then generate answers grounded in retrieved
evidence. This hybrid design improves accuracy, verifiability, and the ability
to incorporate evolving knowledge [5, 6].

A RAG system typically begins by converting a user query into a vector
representation in a high-dimensional semantic space. Using similarity metrics
such as dense vector matching, the system retrieves the most semantically
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relevant textual chunks [7, 8]. These documents are then preprocessed –
through normalization, noise reduction, and smart trimming – and injected
into the generative model as context for more precise responses. Unlike tra-
ditional models that rely solely on pre-trained knowledge, RAG systems base
their answers on actual documents, making them especially effective for low-
resource languages and specialized domains. In this context, Persian presents
unique challenges due to its rich syntactic structure, semantic diversity, and
limited computational resources.

This study proposes the design and implementation of a native Persian-
language RAG-based chatbot system. The project began by collecting Persian
textual data from credible scientific sources, followed by a thorough prepro-
cessing phase including normalization, punctuation correction, and structural
unification. Cleaned texts were split into semantically meaningful chunks,
each of which was used to generate focused questions through the LLaMA
model with tailored prompts. These questions were manually and automati-
cally evaluated for quality. Next, embedding models compatible with Persian
were used to encode both questions and chunks into dense vectors. Semantic
similarity was measured, and tools such as t-SNE and heatmaps were applied
to visualize and assess alignment quality. This multi-stage methodology
demonstrated that response quality and retrieval precision are closely tied
to preprocessing fidelity and prompt design. Overall, this research integrates
computational linguistics, prompt engineering, and semantic retrieval to pro-
vide a viable foundation for building intelligent Persian-language systems.
Beyond its academic contribution, the resulting infrastructure holds potential
for developing chatbots, question-answering systems, and other AI tools in
Persian.

The remainder of this paper is organized as follows. Section 2 reviews
related work on retrieval-augmented generation and highlights the challenges
of adapting such methods to Persian. This section also introduces the problem
statement, defining the key gaps in current approaches and clarifying the
specific objectives addressed by this study. Section 3 presents the proposed
TILHR-RAG framework in detail, covering preprocessing, task classification,
layered retrieval, hybrid scoring, and task-specific vector injection. Section 4
describes the experimental setup, datasets, evaluation metrics, and imple-
mentation details, and further reports and discusses the results, comparing
multiple retrieval configurations and embedding backbones while analyzing
performance across diverse query categories and hardware settings. Finally,
Section 5 concludes the paper by summarizing the main findings, outlining
limitations, and suggesting directions for future research.
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2 Related Work

This section presents a review and synthesis of recent research on retrieval-
augmented generation (RAG) architectures and text preprocessing methods,
with a focus on their applicability to low-resource languages such as Persian
and Arabic. The goal is to highlight advancements in RAG systems, ana-
lyze practical challenges, and assess the strengths and limitations of current
natural language processing (NLP) approaches. Several foundational studies
explore the deployment of RAG-based organizational question-answering
systems [9–11]. The studies emphasize the shortcomings of traditional lan-
guage models in high-stakes domains such as academia, where factual
accuracy and traceability are essential. To address issues like hallucina-
tions, the researchers propose combining LLMs’ reasoning capabilities with
the reliability of document-grounded retrieval. The systems use modular
pipelines that preprocess organizational content – such as websites and
FAQs – into small chunks, embed them using OpenAI’s embedding models,
and store them in a vector database [12–14]. During inference, relevant texts
are retrieved and passed to the LLM for answer generation. Evaluation using
both automated and human methods confirms that RAG-based answers are
significantly more accurate and verifiable than those from standalone models.
The studies also underscore the importance of modular design, transparency,
ethical deployment, and mechanisms for feedback and source citation [15].

Other studies evaluate semantic search for Arabic RAG systems, address-
ing challenges posed by the language’s complex morphology and limited
structured resources. Using customer support transcripts and tailored queries,
the researchers test multilingual and Arabic-specific encoders. Results
demonstrate that advanced embedding models and deep learning architec-
tures significantly improve semantic retrieval accuracy. Integration of these
models into RAG pipelines enhances the quality of generated responses
and highlights the need for custom benchmarks and embedding models for
low-resource languages [16–18].

The other studies document the development of a RAG-powered virtual
assistant for the University of São Paulo. The system’s modular architecture
supports independent retrieval and generation components, enables flexible
updates without system downtime. The knowledge base includes official
documents and institutional guidelines, and systems’ performance is evalu-
ated based on retrieval strategies, chunk size, and result integration methods
[19, 20]. Challenges include misalignment between multilingual embeddings
and semantic content, which the authors address through data diversification
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and improved QA pair construction. Further researches introduce TextING,
a novel approach for semantic embedding generation using graph neural net-
works (GNNs). By representing documents as semantic graphs, this method
captures complex relationships between terms, even with unseen or domain-
specific vocabulary. Evaluations show that TextING outperforms traditional
methods, especially in generalization to new data [21, 22].

Complementary works focus on the evaluation of RAG systems via real-
istic datasets. Researchers criticize reliance on generic QA datasets, which
often introduce imbalance and reduce accuracy. They propose classifications
of question-context pairs – direct answer, summarization, inference, and
unanswerable – to guide dataset creation aligned with system use cases
[23, 24]. Additional methods such as complex prompt design, multi-step
question generation with LLMs, and fine-tuning smaller models are rec-
ommended for improving data diversity and balance. Experimental results
indicate that tailoring retrieval and generation strategies to specific question
types substantially enhances overall system performance [18]. In conclusion,
successful RAG architectures depend on the precise integration of retrieval
and generation mechanisms, language-aware design, and access to high-
quality datasets. For low-resource languages like Persian and Arabic, building
native infrastructures, training specialized encoders, and developing localized
benchmarks are crucial steps toward creating scalable, reliable, and accurate
information systems suitable for organizational, academic, and commercial
environments [25, 26].

2.1 Problem Statement

Persian-language institutional question answering (QA) presents a unique
set of challenges that conventional English-centric retrieval and generation
pipelines fail to address. The Persian language is characterized by rich
morphology, frequent orthographic variation, compound word structures,
and optional diacritics, all of which undermine the reliability of off-the-
shelf tokenizers, embedding models, and lexical matchers. Moreover, the
scarcity of high-quality, task-oriented retrieval-augmented generation (RAG)
datasets and the limited availability of Persian-adapted retrieval components
further complicate system development. In real-world production environ-
ments – such as research institutes and public administrations – precision
is critical: systems must deliver evidence-grounded answers from heteroge-
neous document collections and curated FAQs. At the same time, practical
deployments must achieve a balance between accuracy and efficiency, given
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hardware constraints such as GPU memory and latency, while ensuring full
reproducibility for ongoing maintenance and auditing.

Where qi is the input query, A the set of candidate answers, and âi the
selected response. Here, a denotes an individual candidate drawn from A,
which may correspond to an FAQ entry, a document segment, or an LLM-
generated output. The three scoring functions represent task-awaure align-
ment (Stask), semantic similarity (SFAISS), and lexical matching (SBM25),
with tunable weights λ1, λ2, λ3 balancing their contributions. This formu-
lation encapsulates the paper’s central objective: to design a system that
integrates task-awareness, semantic embeddings, and lexical evidence in
order to achieve reliable, scalable, and reproducible retrieval for Persian QA.

Accordingly, the work addresses four operational research questions:
(a) How can compact, per-task synonym sets be used to construct task
vectors that improve retrieval precision without degrading cross-document
comparability? (b) What is an effective method for combining semantic
nearest-neighbor scores and BM25 lexical scores to ensure robustness across
heterogeneous Persian texts? (c) Which embedding backbones and large
language model (LLM) back-ends best balance semantic accuracy, latency,
and memory usage for deployment under real-world constraints? (d) How
should indexing strategies (exact vs. IVF approximate) and batching methods
be configured to scale to large corpora while maintaining reproducibility?

3 Methodology

The proposed methodology is designed to address the unique challenges
of Persian text processing within a retrieval-augmented generation (RAG)
framework by combining systematic preprocessing, structured retrieval
pipelines, and task-aware query augmentation. Recognizing the decisive
impact of data quality on RAG system performance, we developed a fully
automated, end-to-end data processing framework that transforms hetero-
geneous Persian-language inputs into semantically coherent, analysis-ready
datasets while ensuring semantic integrity, privacy compliance, and domain-
specific normalization. The framework consists of four integrated modules.
First, the universal file handling module ingests diverse input types, includ-
ing individual files, directory structures, and compressed archives, applying
filename sanitization, consistent renaming rules, and automated extraction
routines to standardize the input layer. Second, the multimodal text extraction
with OCR combines direct text parsing for formats such as PDF, DOCX,
and TXT with optical character recognition for scanned or image-based
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documents, while specialized routines capture textual content from embedded
graphics such as SmartArt diagrams. Third, the Persian-specific text prepro-
cessing core implements linguistic normalization tailored to Persian script,
including tokenization, diacritic removal, elimination of markers, and para-
graph reconstruction, thereby improving token-level accuracy and semantic
fidelity. Fourth, the post-processing and chunk segmentation module removes
redundant metadata and applies recursive splitting with controlled overlap to
segment the text into semantically continuous chunks, each assigned a unique
identifier for precise traceability. This framework outputs clean, structured
Markdown or TXT files optimized for LLM-based RAG pipelines and is
adaptable to other right-to-left scripts.

Following preprocessing, the pipeline applies a question–answer gen-
eration module to enrich the dataset, ensuring comprehensive coverage of
semantic variations across tasks. For retrieval, we employ a layered archi-
tecture that progressively integrates FAQ matching, document-level semantic
search, and fallback general reasoning, maximizing coverage and precision.
Task-specific vectors are injected into query embeddings to guide the model
toward domain-sensitive interpretations without sacrificing generalizability.
Finally, a hybrid retriever that combines weighted semantic similarity with
BM25 lexical scoring balances contextual alignment and keyword sensitivity,
particularly valuable for heterogeneous Persian corpora. This methodol-
ogy ensures reproducibility through deterministic parameterization, modular
design, and standardized evaluation protocols, laying the foundation for
scalable and accurate Persian RAG systems. In the following sections, we
will describe each stage of this pipeline in detail, providing a step-by-step
explanation of the processing framework and its components.

3.1 System Architecture and Processing Pipeline

The system architecture (Figure 1) establishes the overall design logic, com-
ponent organization, and resource management strategies, ensuring scalabil-
ity, stability, and adaptability. In the context of large language model-based
NLP systems, this modular architecture enables independent development,
testing, and updating of individual components – such as preprocessing,
retrieval, embedding, and content generation – without requiring extensive
reengineering. Such decoupling is particularly vital for resource-limited lan-
guages like Persian, where gradual improvements in accuracy, robustness,
and response quality depend on efficient coordination between retrieval,
generation, and knowledge base modules.
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Figure 1 Architectural overview of the RAG model.

Figure 2 Block diagram of the preprocessing process.

As illustrated in Figure 2, the processing pipeline begins with preprocess-
ing, where raw texts are extracted, cleaned, and standardized into structured
formats (e.g., Markdown) for downstream tasks. The cleaned data are stored
in a dedicated CORPUS directory to ensure orderly data flow and traceability.

Subsequent content chunking (Figure 3) divides large documents into
semantically coherent segments using a recursive splitting algorithm with
controlled overlap, producing CSV files (chunks.csv) stored in a directory.

As Figure 4 shows, from these chunks, the question generation module
produces topic-explicit questions that serve as compressed semantic keys,
enhancing retrieval performance by enriching the dataset with conceptual
metadata.

Figure 5, represents in the embedding stage, both chunks and gener-
ated questions are transformed into high-dimensional semantic vectors using
ParsBERT and multilingual-e5-base models, and stored in a FAISS vector
database.
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Figure 3 Content segmentation block diagram.

Figure 4 Question generation block diagram.

Figure 5 Block diagram of the embedding of chunks.
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Figure 6 End-to-end retrieval-augmented generation pipeline linking query retrieval with
LLM-based response generation.

Figure 7 Workflow of the proposed Persian RAG system from preprocessing to LLM-based
answer generation.

During retrieval (Figure 6), user queries are converted into semantic
vectors and compared against the database using similarity metrics such as
cosine similarity, returning a ranked list of relevant content segments.

The integrated system architecture (Figure 7) ensures efficient coor-
dination between the retriever, the language model, and the document
store, enabling accurate, scalable, and resource-efficient Persian-language
RAG applications. The implementation uses Python 3.12, GPU acceleration
(NVIDIA A100 and NVIDIA Geforce GTX 1080), and specialized libraries
including pandas, langchain, transformers, hazm, PyMuPDF, python-docx,
and pytesseract.

3.2 Automated Question and Answer Generation for Dataset
Enrichment

To populate the RAG system with rich, high-quality Persian-language
datasets, a dual-stage automated question generation process was imple-
mented, directly integrated with the preprocessing and chunking pipeline.

Stage 1. Chunk-based question generation: Each chunk is processed to
generate topic-aware, self-contained questions that explicitly reference the
subject of the chunk. This eliminates referential ambiguity (e.g., replacing
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“this service” with a specific term) and aligns query semantics with stored
content. The resulting question–chunk pairs serve as supervised training data,
enabling fine-grained mapping between queries and relevant segments.

Stage 2. Question–answer pair creation: Using the same source material,
explicit QA pairs are generated with answers that are unambiguous, self-
contained, and strictly derived from the original text. This evaluation dataset
is used to measure retrieval and reasoning performance under realistic
conditions.

The novelty of this stage lies in its alignment of training and evaluation
domains, its topic-explicit query formulation, and its ability to produce
large-scale, semantically rich datasets without manual annotation. Its mod-
ularity allows adaptation to other low-resource or right-to-left languages with
minimal modifications.

This integrated methodology – spanning architecture design, automated
preprocessing, intelligent segmentation, and dual-mode data generation –
provides a scalable and resource-efficient foundation for Persian-language
RAG systems. The combination of multimodal ingestion, linguistically
informed processing, semantic enrichment, and high-performance retrieval
ensures that the system can deliver accurate, verifiable, and contextually
relevant responses, even in resource-constrained linguistic environments.

3.3 Three-layer Retrieval Architecture for Persian RAG Systems

The proposed system implements a three-layer retrieval-augmented gener-
ation (RAG) architecture tailored for Persian institutional documents and
FAQ collections. The design ensures both high precision and robust fall-
back behavior by combining task-aware semantic embeddings, task-specific
FAISS indices, BM25 lexical retrieval, and a general-purpose large language
model (LLM). Scalability is achieved through FAISS inverted-file (IVF)
indexing for large corpora, while computational efficiency is maintained
using batched embedding, in-place L2 normalization, and runtime profiling
of semantic evaluation.

Incoming queries are first subjected to lightweight preprocessing –
including punctuation removal and whitespace normalization – to reduce
surface-level variability. A task classification module, based on FAISS indices
constructed from curated Persian synonym sets, determines whether a query
belongs to a specific domain. Specifically, five task categories were defined,
each supported by a manually curated list of synonymous expressions to
capture orthographic and lexical variations in Persian: Executive Guidelines
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(e.g., “regulations,” “laws,” “directives”), Postdoctoral Support (e.g., “post-
doctoral,” “postdoctoral stage”), Thesis Support (e.g., “thesis,” “dissertation,”
“research manuscript”), Event Support (e.g., “conference,” “workshop,” “fes-
tival”), and Study Opportunity (e.g., “study opportunity,” “scientific travel”).
These synonym sets, stored as FAISS indices, enable the system to robustly
classify queries despite orthographic inconsistencies or informal variations. If
the top similarity score surpasses a predefined threshold, the query is routed
to the corresponding task’s FAQ entries; otherwise, it is processed against
the entire FAQ collection. A margin-based disambiguation rule ensures
robustness when scores between candidate tasks are close.

The retrieval process operates through three ordered layers:

Layer 1. Task-specific FAQ retrieval. Queries confidently classified into a
task are searched against its dedicated FAISS FAQ index. If the similarity
score exceeds the acceptance threshold, the retrieved FAQ entry is forwarded
to the QA chain for grounded LLM generation.

Layer 2. Hybrid document retrieval. Queries unresolved at the FAQ layer
are processed by a hybrid retriever that integrates FAISS-based semantic
search with BM25 lexical ranking. Normalized scores are linearly combined
(Equation (4)) to balance contextual alignment with keyword-level coverage,
which is particularly valuable for heterogeneous Persian corpora.

Layer 3. General LLM fallback. If neither the FAQ nor the hybrid retriever
produces a confident match, a persona-guided LLM generates a safe, general
response.

Routing decisions and similarity scores are logged for ablation stud-
ies and reproducibility. This hierarchical structure guarantees rapid FAQ-
based resolution when available, while hybrid retrieval and fallback LLM
generation ensure resilience in ambiguous or out-of-distribution cases.

3.4 Task-augmented Query Embeddings for Improved Retrieval

To enhance retrieval accuracy for domain-specific queries, the system con-
structs embeddings for both the query and its associated task independently
before combining them. Let encode(q) denote the raw embedding of the
query q, and encode(task) the embedding of a task vector derived from
curated synonym sets. Both embeddings are computed separately. The final
task-augmented representation is obtained by taking their weighted sum:

q′ = encode(q) + αtask · encode(task) (1)
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where αtask determines the relative influence of the task signal. To ensure
stability and comparability under cosine similarity, the combined embedding
is then normalized using L2 normalization:

q′′ =
q′

∥q′∥2
(2)

This procedure ensures that the task signal is seamlessly integrated
into the query representation while preserving global semantic alignment
across embeddings. If all embeddings are maintained L2-normalized (via
faiss.normalize_L2), cosine similarity and inner product become equiv-
alent; we explicitly state this assumption where it is used for efficiency.
Task injection biases retrieval toward task-relevant semantics (mitigating
orthographic variation and compound forms in Persian) while the final
normalization step preserves global geometry and cross-task comparability.

3.5 Adaptive Indexing for Efficient and Scalable Retrieval

The indexing process is designed to be adaptive to corpus size while ensuring
both efficiency and reproducibility. All embeddings are stored in float32
format and normalized in batches to minimize memory overhead during
construction. For small to moderately sized corpora, the system employs the
FAISS IndexFlatIP, which performs exact inner-product searches on normal-
ized vectors, effectively equivalent to cosine similarity. When the corpus size
exceeds the predefined threshold (default: 5000), the system automatically
switches to IndexIVFFlat, an inverted file index that trains a coarse quantizer
and delivers substantially faster search with only minimal approximation
error.

Per-task FAQ indices are constructed separately to restrict search to
semantically coherent subsets and reduce false positives. Document collec-
tions are chunked before encoding; for large collections chunk embeddings
are indexed in parallel to accelerate build and query time. All indexing steps
are scripted and reproducible, and the codebase allows switching index types
through a single configuration parameter to support ablation experiments.

3.6 Hybrid Semantic–Lexical Retrieval for Robust Persian
Queries

Persian corpora combine formal and informal registers with orthographic
variants and domain terms. To remain robust, retrieval fuses semantic signals
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(dense embeddings/FAISS) with lexical signals (BM25). The BM25 score is
normalized by the maximum BM25 value across candidate documents, ensur-
ing that lexical scores fall within a dynamic range comparable to semantic
similarities. This hybrid design ensures that semantically aligned documents
are prioritized while keyword-level matches serve as a safeguard for noisy
or sparse queries. The weighting factor β allows practitioners to control
the trade-off between semantic and lexical evidence depending on dataset
characteristics. This formulation provides the mathematical foundation for
the retrieval pipeline, balancing precision and recall across heterogeneous
Persian corpora.

4 Experiments and Results

Accurate evaluation is essential for Persian text processing due to the lan-
guage’s complex morphology, punctuation conventions, and use of diacritics.
In this study, we systematically compared five retrieval-based approaches:
(1) base (semantic RAG), which relies solely on semantic search; (2) hybrid
semantic–BM25 retrieval extends this by combining FAISS-based seman-
tic embeddings with BM25 keyword scoring; (3) layered retrieval RAG,
which employs a multi-stage retrieval pipeline; (4) TILR-RAG (task-injected
layered retrieval RAG), which incorporates task-aware embeddings within
the layered framework; and (5) TILHR-RAG (task-injected layered hybrid
retrieval RAG), which extends the previous method by combining seman-
tic retrieval with additional hybrid mechanisms. The evaluation process
combined targeted manual review with automated preprocessing checks to
ensure proper normalization, tokenization, and noise removal in Persian text.
Randomly sampled outputs were compared against source content to detect
errors, enabling iterative refinement of the preprocessing pipeline. Both
quantitative and qualitative assessments confirmed that blending automated
procedures with human oversight improves overall data quality and enhances
the reliability of retrieval-augmented generation.

Table 1 presents a detailed overview of the preprocessing pipeline and
its effectiveness across different stages of Persian text normalization and
structuring. The results indicate that most steps achieved a success rate
above 90%, demonstrating the robustness of the preprocessing framework.
Character normalization, special character removal, and final cleanup consis-
tently produced high-quality outputs, with success rates ranging from 95%
to 100%. Sentence reconstruction and paragraph merging also performed
well, ensuring surface coherence and readability, particularly in formal
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Table 2 Summary of the results and performance of the text segmentation and question
generation pipeline
Component Evaluation Criteria Score Absolute Error Reduction
Preprocessing Accuracy of

Persian text
normalization

98% 32%

Question quality Semantic alignment
with chunks

89% 26%

Embeddings Cosine similarity
(question–answer
pairs)

82% ParsBERT showed the best performance.

administrative texts. The most challenging stages were word tokenization
and sentence reconstruction, where compound words and phrasal verbs occa-
sionally caused segmentation errors, leading to a slightly lower success rate
of 85%. Nevertheless, the overall performance shows that the preprocessing
module effectively prepares Persian text for downstream retrieval and gener-
ation tasks, striking a balance between linguistic accuracy and computational
efficiency.

Results demonstrated that preprocessing accuracy exceeded 95% for
normalization and cleanup, though challenges unique to Persian remained,
including compound word handling, non-standard orthography, and the
scarcity of specialized open-source tools. Iterative review cycles gradually
improved system robustness. Visual analyses (e.g., t-SNE plots and similarity
heatmaps) further revealed embedding weaknesses in handling long and
complex Persian texts, providing insights for refining retrieval strategies.

Building on these observations, a systematic evaluation of the end-to-
end pipeline was conducted to quantify its effectiveness across preprocessing,
question generation, and embedding stages. Table 2 summarizes the perfor-
mance of the text segmentation and question generation pipeline, highlighting
strong results across preprocessing, question generation, and embedding
evaluation. The preprocessing stage achieved the highest accuracy at 98%,
reflecting the effectiveness of Persian text normalization and contributing
to a substantial absolute error reduction of 32%. The quality of generated
questions, measured by their semantic alignment with source chunks, reached
89%, demonstrating the system’s ability to produce contextually consis-
tent and meaningful queries with an error reduction of 26%. Finally, the
embedding evaluation based on cosine similarity between question–answer
pairs achieved 82%, with ParsBERT outperforming alternative models. These
findings indicate that the pipeline not only ensures robust preprocessing
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Table 3 Overview of five RAG configurations, from baseline semantic retrieval to the
proposed hybrid task-injected layered approach
Scenario Configuration Description
S1 Semantic RAG A layered architecture that applies semantic retrieval

for document selection, followed by a fallback
general response when no relevant document is
found.

S2 Hybrid
semantic–BM25
retrieval

A dual retrieval mechanism that integrates
FAISS-based semantic search with BM25 keyword
scoring, combining both signals to improve ranking
robustness and accuracy across heterogeneous
Persian texts by injecting task-specific.

S3 Layered retrieval RAG A three-layer retrieval pipeline (FAQ → documents
→ fallback) using semantic search, but without task
injection.

S4 TILR-RAG
(task-injected layered
retrieval RAG)

Extends the layered retrieval framework by injecting
task-specific vectors into query embeddings to
improve domain alignment.

S5 TILHR-RAG
(task-injected layered
hybrid retrieval RAG)

The full proposed version, combining task injection
with layered retrieval and a HybridRetriever that
integrates weighted BM25 with semantic search to
achieve optimal accuracy and efficiency.

but also supports the generation of semantically aligned QA pairs, thereby
strengthening the overall reliability of the dataset construction process.

Building on these strong baseline outcomes, the next stage of our study
shifted toward assessing how various retrieval-augmented generation (RAG)
configurations could capitalize on the reliable preprocessing, question gener-
ation, and embedding pipeline to enhance end-to-end performance. In doing
so, we not only examined the robustness of each component in isolation but
also their integration into complete RAG architectures tailored for Persian
text.

This evaluation, however, was carried out under several constraints, most
notably the lack of Persian-specific RAG datasets and the dominance of
English-centric resources. To mitigate these challenges, we employed local-
ized prompt engineering, custom preprocessing modules, and efficient local
deployment strategies. As shown in Table 3, five experimental configura-
tions were developed within this framework, each representing a progressive
refinement of RAG. S1 (semantic RAG) serves as the baseline, relying
exclusively on semantic embeddings to retrieve the most relevant document
chunks while falling back to a general response when needed. S2 (hybrid
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semantic–BM25 retrieval) extends this baseline by integrating semantic
similarity with BM25 keyword scoring, thus balancing deep contextual
alignment with lexical matching – an especially valuable enhancement for
heterogeneous Persian corpora where orthographic variations, sparse con-
texts, and domain-specific terminology often reduce the reliability of purely
semantic search.

Beyond these, the pipeline introduces task-awareness and structured lay-
ering. S3 (layered retrieval RAG) organizes retrieval into three tiers: first
checking FAQs, then searching broader document collections, and finally
falling back to general reasoning if needed. S4 (TILR-RAG) advances this
structure by injecting task-specific vectors directly into query embeddings,
enhancing semantic alignment with the underlying knowledge domains.
Finally, S5 (TILHR-RAG) represents the most comprehensive approach,
combining task injection, layered retrieval, and hybrid (semantic + lexical)
search mechanisms. This configuration maximizes both precision and cover-
age, offering the strongest balance between efficiency, contextual accuracy,
and robustness across diverse question types. Each of the five evaluated
methods was systematically tested across a wide range of Persian queries,
and performance was assessed using semantic accuracy, retrieval quality,
response latency, memory efficiency, and the reliability of generated answers.

Having outlined the progressive design of the five retrieval configurations,
it is essential to establish a rigorous evaluation protocol to compare their
effectiveness. The following framework defines the metrics and criteria used
to systematically assess system performance across accuracy, efficiency, and
resource utilization.

4.1 Evaluation Framework

The evaluation framework measures three dimensions: semantic accuracy,
latency, and memory consumption. Similarity computations are batched for
efficiency and reproducibility; resource usage is profiled with a psutil-based
monitor that samples resident memory at fixed intervals.

Semantic similarity is computed using cosine similarity:

sim(a, b) =
(a · b)

∥a∥2 · ∥b∥2
(3)

A query–FAQ match is accepted if the FAQ similarity exceeds a config-
ured threshold τ{FAQ}:

AcceptFAQ ⇔ sim(q′′, f) ≥ τ{FAQ} (4)
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Document matches pass if the combined hybrid score meets the document
threshold τ{Doc}:

AcceptDoc ⇔ Scombined (i) ≥ τ{Doc} (5)

Latency is measured as elapsed time from query submission to final
answer (averaged over multiple runs). Memory is reported as peak resident
set size (RSS) during inference, sampled at fixed intervals; all reported
values include mean ± standard deviation over at least three independent
runs to reflect measurement variability. The framework exposes thresholds
(τ{FAQ}, τ{Doc}), margin parameters, and fusion weights for systematic
optimization and ablation studies.

4.2 Reproducibility

Reproducibility is enforced through deterministic initialization (fixed random
seeds), fully documented preprocessing and chunking scripts, and regenera-
ble indexing pipelines. Query embeddings are computed and normalized as:

eq =
encode(q)

∥encode(q)∥2
(6)

Task classification uses the top and second highest similarity scores
against task vectors:

score1, i1 = max j sim(eq, tj) (7)

score2, i2 = second_max j sim(eq, tj) (8)

The routing decision is:

τ̂task =


general , if score1 < θlow

general , if |score1 − score2| < δ

task i1 , otherwise

(9)

with θlow = 0.55 and δ = 0.01 as default values (both exposed for tuning).
Semantic accuracy over a test set of N examples is reported as the mean
cosine between predicted and reference answers:

SemAcc =

(
1

N

) {N}∑
{i=1}

sim(eâi , eai) (10)
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where e∗ is the embedding function (e.g., multilingual E5) and sim(·, ·)
is cosine similarity between two embedding vectors. Here, âi (predicted
answer) is the response generated by the system for query qi, while ai
(reference answer) is the gold-standard response provided in the dataset. All
preprocessing scripts, indexing routines, and evaluation code are released
as supplementary material so that reported results can be independently
reproduced and audited.

In addition to the supplementary material provided with this paper, we
have made the full implementation publicly accessible to further promote
transparency and reproducibility. All preprocessing scripts, indexing routines,
and evaluation pipelines are released as open-source code at [https://github
.com/zoughi/TILHR-RAG], enabling full reproducibility of the reported
results. With this reproducibility setup in place, the evaluation outcomes
can be interpreted with confidence, as observed differences across retrieval
strategies reflect genuine architectural effects rather than experimental noise.
Building on this foundation, we conducted an empirical assessment of all
configurations to examine their practical performance. The comparative anal-
ysis emphasized key dimensions – semantic accuracy, retrieval robustness,
computational efficiency, and memory usage – thereby highlighting both the
strengths and trade-offs of the five methods. This systematic evaluation offers
a comprehensive view of how incremental refinements from S1 through S5
shape overall system effectiveness.

Table 4 presents the evaluation of the five retrieval configurations
(S1–S5), demonstrating progressive improvements in semantic accuracy,
efficiency, and scalability. S1 (semantic RAG) records the lowest semantic

Table 4 Normalized comparison of accuracy, latency, and memory usage across five retrieval
configurations (S1–S5) on an A100 GPU

S1 S2 (Hybrid S3 (Layered
Response (Semantic Semantic–BM25 Retrieval S4 S5
Mode RAG) Retrieval) RAG) (TILR-RAG) (TILHR-RAG)
Average
semantic
accuracy

86.53 87.79 88.43 89.10 89.67

Elapsed
time
(second)

923.75 2189.27 590.01 551.77 574.03

Average
memory
usage

2475.27 MB 2489.33 MB 1509.07 MB 1541.00 MB 1566.62 MB

https://github.com/zoughi/TILHR-RAG
https://github.com/zoughi/TILHR-RAG
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accuracy (86.53%) with high memory usage (2475.27 MB) and a rela-
tively long response time (923.75 s), underscoring the limitations of relying
solely on semantic embeddings with a fallback layer. S2 (hybrid semantic–
BM25 retrieval) increases accuracy to 87.79% but also incurs the highest
memory usage (2489.33 MB). Moreover, this configuration suffers from the
longest response latency (2189.27 s), suggesting that the integration of lexical
and semantic scoring introduces additional computational overhead despite
improving robustness. S3 (layered retrieval RAG) further enhances perfor-
mance, achieving higher accuracy (88.43%) and reduced latency (590.01 s).
Its memory footprint (1509.07 MB) is substantially lower than S1 and S2,
indicating greater efficiency. The reduction in latency is largely due to the fact
that many queries are answered at the FAQ layer, which provides much faster
responses compared to the semantic retrieval layer. Unlike the FAQ layer, the
semantic stage must compare each query against all document chunks rather
than against predefined question–answer pairs, making it inherently slower.

The task-injected approaches, S4 (TILR-RAG) and S5 (TILHR-RAG),
deliver the best trade-offs across all metrics. By embedding task-specific
vectors into query representations, S4 boosts semantic accuracy to 89.10%
while maintaining low memory usage (1541.00 MB) and the fastest over-
all latency (551.77 s). S5 (TILHR-RAG) achieves the highest semantic
accuracy (89.67%), with efficient response time (574.03 s) and only a
marginal increase in memory usage (1566.62 MB). These results confirm
that incorporating both task-awareness and hybrid retrieval mechanisms not
only improves alignment with domain-specific queries but also optimizes
computational efficiency. Overall, the findings underscore that layered and
task-injected hybrid frameworks outperform baseline methods, offering the
most effective balance between accuracy, latency, and resource consumption
in Persian RAG systems.

Beyond the aggregate comparison of system-level efficiency, it is also
important to examine how the S5 scenario performs across different cate-
gories of real-world queries. Such an analysis provides a more fine-grained
view of the model’s strengths and limitations, revealing whether the observed
improvements in accuracy and efficiency are consistently maintained across
diverse task types. Table 5 presents the answer accuracy across different
task categories, demonstrating consistent and robust performance of the
proposed system. Among all categories, event support achieved the highest
accuracy (96.46%), indicating that the retrieval and generation pipeline is
particularly effective when handling structured, event-related content. By
contrast, thesis support (87.01%) and postdoctoral support (87.51%) showed
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Table 5 Semantic accuracy across task categories
Task Category Semantic accuracy
Executive guideline 88.74
Postdoctoral support 87.51
Thesis support 87.01
Event support 96.46
Study opportunity 88.65
General 89.64
Overall average 89.66

Table 6 Performance of S5 (TILHR-RAG) with four embedding models on accuracy,
latency, and memory (A100 GPU)

Bert-base- Tooka-
parsbert- SBERT-V2- Multilingual- Multilingual-

S5 (TILHR-RAG) uncased large e5-base e5-large
Average semantic accuracy 77.90 63.32 89.48 89.67
Elapsed time (second) 508.41 743.15 500.33 574.03
Average memory usage 2158.22 MB 1250.43 MB 1512.68 MB 1566.62 MB

slightly lower performance, likely due to the greater lexical variability and
semantic overlap within academic and research-related queries. The execu-
tive guideline (88.74%), study opportunity (88.65%), and general (89.64%)
categories exhibited balanced performance close to the overall mean. With
an overall average accuracy of 89.66%, the results highlight the system’s
ability to generalize effectively across diverse query types while maintain-
ing high semantic alignment, with only minor fluctuations attributable to
domain-specific linguistic complexities.

While task-level evaluation demonstrates the system’s ability to gen-
eralize effectively across diverse query types, a deeper understanding of
performance also requires examining the role of underlying embedding mod-
els. Since embeddings directly determine the quality of semantic retrieval
and influence both accuracy and efficiency, comparing different embed-
ding backbones provides critical insights into the scalability and robustness
of the proposed S5 configuration. Table 6 compares the performance of
S5 (TILHR-RAG) across four embedding models, highlighting the trade-
offs between semantic accuracy, efficiency, and resource consumption. The
multilingual-e5-large variant achieves the highest semantic accuracy (0.8967)
with near-best latency (∼574 s) and moderate memory usage (∼1.57 GB),
closely followed by multilingual-e5-base (0.8948, ∼500 s, ∼1.51 GB).
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These results confirm the strength of the multilingual-e5 family, whose
cross-lingual pretraining enables high-quality embeddings across languages
and proves particularly effective for Persian, where orthographic variation
and semantic subtlety often challenge monolingual models. In contrast, bert-
base-parsbert-uncased provides comparable speed (∼508 s) but markedly
lower accuracy (0.7790) and the highest memory footprint (∼2.16 GB),
limiting its scalability. Tooka-SBERT-V2-Large is the most memory-efficient
model (∼1.25 GB) but underperforms significantly in both accuracy (0.6332)
and latency (∼743 s). Overall, these findings demonstrate that multilingual-
e5 embeddings are pivotal to TILHR-RAG’s success, enabling strong
semantic alignment and robust hybrid ranking while maintaining feasible
computational costs.

Beyond embeddings, the choice of the large language model (LLM) back-
end also plays a decisive role in shaping overall system performance. Since
generation quality, latency, and memory footprint are tightly coupled with
the underlying LLM, evaluating multiple back-ends provides complementary
insights into the practical trade-offs of deploying TILHR-RAG in real-world
scenarios. Table 7 compares TILHR-RAG paired with five different LLM
back-ends and highlights the trade-offs among accuracy, latency, and resource
use, which explain why one configuration may be preferred over another.
The smallest generator, TILHR-RAG + LLaMA-3.1 (base), achieves high
semantic accuracy (89.67%) while requiring the least runtime (∼574 s) and
memory (∼1.57 GB), offering the best balance of efficiency and accuracy
for resource-constrained or interactive deployments. In contrast, TILHR-
RAG + Qwen-32B reaches the highest accuracy (90.79%) but at substantially
higher latency (∼2276 s) and memory (∼2.31 GB), making it most suitable
when maximum accuracy is prioritized over operational cost. TILHR-RAG
+ Gemma2-27B provides a modest accuracy improvement (90.09%) over the

Table 7 Performance of TILHR-RAG with different LLM back-ends, usage under a high-
resource GPU setting (A100)

TILHR- TILHR- TILHR- TILHR- TILHR- TILHR-
Response RAG- RAG- RAG- RAG- RAG- RAG-
Mode llama3.1:8b llama3.1:70b dorna:8b deepseek:1.5b gemma2:27b qwen:32b

Average
semantic
accuracy

89.67 88.19 Did not respond DID not respond 90.09 90.79

Elapsed Time
(second)

574.03 3912 – – 996.39 2276

Average
memory usage

1566.62 MB 2311.66 MB – – 2341 MB 2310 MB
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small LLaMA, with intermediate latency (∼996 s) and higher memory usage
(∼2.34 GB), representing a middle ground that may suit batch-processing
workloads. Scaling LLaMA to the 70B variant leads to significantly longer
runtimes (∼3912 s) without accuracy improvements (88.19%), suggesting
diminishing returns from sheer model size – likely due to decoding overhead,
deployment inefficiencies, or mismatch with retrieval evidence.

In contrast, TILHR-RAG + Dorna-8 occasionally produced incoherent
responses, including hallucinations and excessively long, loop-like outputs.
These behaviors indicate that while the model has potential, it requires further
fine-tuning and adaptation to improve reliability and ensure consistent inte-
gration in practical scenarios. Similarly, TILHR-RAG + DeepSeek-1.5 failed
to generate usable responses in Persian: when explicitly instructed to respond
in Persian, the model consistently returned no valid outputs. These obser-
vations point to current limitations in multilingual robustness and highlight
areas where additional training or alignment is required. Overall, the optimal
generator depends on deployment objectives: the base LLaMA provides the
most practical efficiency–accuracy trade-off for production use, while Qwen
and Gemma are better aligned with offline, accuracy-critical scenarios. The
differences observed reflect the complex interplay among model capacity,
inference efficiency, tokenizer/pretraining coverage, and retrieval integration.

To assess practical, deploy ability under constrained hardware, we
repeated the five-scenario evaluation on a low-resource NVIDIA GeForce
GTX 1080; Figure 8 shows the normalized accuracy, runtime and memory
measurements for each configuration. Figure 8 also shows that the relative
ranking of the five retrieval configurations remains stable on the GTX 1080 –
S5 (TILHR-RAG) and S4 (TILR-RAG) still deliver the highest semantic
accuracy (89.69% and 89.22%, respectively) while S1 and S2 remain the
weakest (86.54% and 87.69%). However, latency increases dramatically on
the low-resource GPU: elapsed times inflate to the order of 2× 104–9× 104

seconds (figure values), i.e. roughly 36–40× slower than on the A100 for
the layered and task-injected variants and even larger factors for the purely
semantic/hybrid baseline; S2 again exhibits the worst runtime (88,329.58 in
the normalized units) consistent with the extra overhead of combining BM25
and semantic scoring. Memory usage is comparatively stable across devices
and follows the same pattern as before (S2 ≈ 2.49 GB highest; S3–S5 ≈ 1.51–
1.56 GB), indicating that the primary hardware sensitivity is latency rather
than resident memory. Practically, these results show that while accuracy is
robust to hardware downscaling, end-to-end response times on a GTX 1080
render interactive deployment impractical without further optimization (e.g.,
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Figure 8 Normalized performance of five retrieval configurations (S1–S5) on a low-resource
GPU (GTX 1080).

model quantization, smaller generator back-ends, precomputed embeddings,
reduced nprobe , top-k, or offloading retrieval). In short, S4/S5 remain the best
choices for accuracy–efficiency trade-offs, but on low-resource GPUs the
system requires engineering adaptations to achieve acceptable throughput.

5 Conclusion and Discussion

This study introduced a retrieval-augmented generation (RAG) framework
specifically tailored to the challenges of Persian text processing, addressing
the scarcity of native resources and the limitations of existing English-
centric pipelines. By systematically evaluating five retrieval configurations –
ranging from a baseline semantic search model to the proposed task-injected
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layered hybrid retrieval RAG (TILHR-RAG) – we demonstrated that pro-
gressively integrating layered retrieval, hybrid scoring, and task-specific
vector injection leads to measurable gains in both semantic accuracy and
system efficiency. Across extensive experiments, the proposed TILHR-RAG
achieved the strongest overall balance, attaining 89.67% semantic accuracy
with moderate latency and memory consumption, thereby outperforming both
baseline and intermediate variants.

The results further highlight the critical role of task-specific query
augmentation and multilingual embeddings in handling the orthographic vari-
ability, compound structures, and domain-specific terminology characteristic
of Persian. Injecting task-aware vectors into query embeddings consistently
improved semantic alignment, reducing response time without substantial
memory overhead. Similarly, the use of multilingual E5 embeddings proved
pivotal, as their cross-lingual pretraining offered superior contextual repre-
sentation for Persian compared to monolingual baselines such as ParsBERT
or domain-specific SBERT variants. These findings underscore that carefully
designed hybrid RAG architectures can overcome resource constraints in low-
resource languages by exploiting transfer learning and structured retrieval
pipelines.

From a practical perspective, the trade-offs between accuracy, latency,
and memory observed across model back-ends (e.g., LLaMA, Qwen,
Gemma, DeepSeek) suggest that deployment choices should be guided
by application requirements: smaller models such as LLaMA 3.1 provide
the best accuracy–efficiency balance for interactive or resource-constrained
environments, while larger back-ends like Qwen-32B deliver peak accu-
racy at higher operational cost, making them suitable for offline or batch
settings. The failure of DeepSeek-1.5B under enforced Persian generation
also highlights the importance of robust multilingual pretraining in ensuring
reliability.

Overall, this work provides both a methodological blueprint and empirical
evidence that layered, task-aware, hybrid retrieval combined with multilin-
gual embedding models enables scalable and precise Persian-language RAG
systems. Future research should extend this pipeline to other low-resource
languages, explore adaptive weighting of semantic and lexical signals, and
investigate integration with larger multimodal corpora. Such directions will
not only enhance retrieval robustness but also broaden the applicability of
RAG systems to diverse linguistic and domain-specific contexts.
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