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ABSTRACT

Efficiently identifying similar textual information is a critical task in modern information technology service desk systems, where 
ticket volume and redundancy can impede timely responses. In this study, we propose Hybrid SE-FAISS, a deep learning–based 
framework that combines Semantic Embedding (SE) using a sentence transformer with Facebook Artificial Intelligence Similarity 
Search (FAISS) for fast and accurate detection of similar textual data. Service desk tickets are transformed into dense numerical 
vectors using a deep learning model to capture semantic relationships between tickets. These embeddings are indexed using 
FAISS, a high-performance similarity search technique, enabling rapid retrieval of the most semantically similar text data. The 
framework was evaluated on a real-world dataset of IT service tickets, including approximately 85,000 entries from healthcare 
project management systems provided by Probel Yazılım ve Bilişim Sistemleri AŞ, a software company in İzmir, Turkey. The 
model achieved 80% accuracy in detecting similar tickets based on cosine similarity between embedding vectors. Hybrid SE-FAISS 
demonstrates that integrating deep learning embeddings with optimized similarity search algorithms provides an effective and 
scalable solution for text similarity detection, with potential applications in ticket deduplication, automated response 
recommendation, and knowledge management systems. By rapidly identifying tickets similar to new inputs, the framework reduces 
response times and enables faster processing through reusable solutions.

Keywords: Artificial Intelligence; Machine Learning; Deep Learning; Text Similarity Detection; Semantic Embedding; 
Sentence Transformer; Facebook Artificial Intelligence Similarity Search; Service Desk Tickets; Information Technology Helpdesk

INTRODUCTION

Artificial intelligence (AI) has emerged as a transformative 
technology across diverse domains, enabling systems to 
perform tasks that traditionally require human intelligence [1]. 
Among its many subfields, machine learning (ML) allows 
computers to learn patterns from data, while deep learning 
(DL), a subset of machine learning, utilizes neural networks to 
model complex, high-dimensional relationships [2-3]. In 
particular, deep learning-based natural language processing 
(NLP) techniques have shown remarkable success in 
understanding and representing textual information [4]. These 
advances have made it possible to convert text data into 
numerical representations, known as embeddings, which 
capture the semantic meaning of sentences or documents [5]. 
Such representations form the foundation for automated text 
similarity detection, enabling systems to efficiently identify 
semantically related content in large datasets.

Deep learning models, particularly those designed for natural
language processing, have confirmed an exceptional ability to
capture the semantic meaning of textual data. Unlike
traditional machine learning approaches that rely on manually
engineered features, deep learning models automatically learn
rich, high-dimensional demonstrations from raw text [6].
Among these models, sentence transformers have gained
prominence for generating sentence-level embeddings that
encode semantic relationships between texts. These
embeddings allow systems to measure similarity between
sentences or documents in a continuous vector space,
facilitating efficient and accurate detection of related or
duplicate content [7]. By leveraging such embeddings,
organizations can significantly improve tasks such as
information retrieval, document clustering, and automated
ticket resolution in service desk systems.

Automated text similarity detection has become an essential
tool for managing large volumes of textual data, enabling
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representations. Then, we examine their limitations, 
particularly in capturing semantic meaning and scaling to large 
datasets. Subsequently, we outline advancements in deep 
learning based embedding models and large-scale vector search 
methods, such as those enabled by FAISS. Finally, we highlight 
existing applications in helpdesk and enterprise ticketing 
systems and identify the research gaps that motivate our 
proposed deep learning-based similarity detection framework.

Early research on text similarity primarily relied on corpus-
based linguistic and statistical techniques [11]. Methods such as 
the bag-of-words (BoW) model and term frequency inverse 
document frequency (TF-IDF) represent text as high-
dimensional sparse vectors where each dimension corresponds 
to a word in the vocabulary [12-13]. Similarity between texts is 
typically computed using metrics such as cosine similarity, 
Jaccard similarity, or Euclidean distance, enabling comparisons 
based on shared vocabulary or word frequency patterns [14]. 
These corpus-based approaches formed the foundation of 
classical information retrieval and document clustering tasks 
due to their simplicity and computational efficiency. However, 
because they rely on lexical overlap and treat words 
independently, they fail to capture deeper semantic meaning or 
contextual relationships, limiting their effectiveness for tasks 
requiring semantic understanding.

In addition to classical corpus-based representations, early 
semantic methods such as latent semantic analysis (LSA) 
introduced the idea of capturing hidden relationships between 
words and documents. LSA applies singular value 
decomposition (SVD) to a term document matrix typically 
derived from TF-IDF to project text into a lower-dimensional 
latent semantic space. This dimensionality reduction reveals 
underlying semantic structure and helps address some 
limitations of purely frequency-based approaches. However, 
because LSA relies on linear algebra and global co-occurrence 
statistics, it struggles to model contextual nuances, polysemy, 
and non-linear semantic relationships [15]. As a result, LSA 
served as a transitional step between traditional statistical 
models and the emergence of more expressive neural 
embedding techniques.

Building on this transition, shallow embedding models 
introduced a major advancement by learning dense, low-
dimensional vector representations of words [16]. Methods such 
as Word2Vec, GloVe, and fastText rely on local context 
windows or global co-occurrence statistics to capture semantic 
relationships between words. Unlike sparse representations, 
these models embed words in continuous vector spaces where 
semantic similarity corresponds to geometric proximity [17]. 
Although these embeddings significantly improved 
performance across many NLP tasks, they remain context-
independent each word is associated with a single static vector 
regardless of its usage in different sentences. This limitation 
reduces their effectiveness for sentence-level or document-level 
similarity tasks, particularly when meaning depends on context 
or domain-specific phrasing.

Deep contextual embeddings marked a major breakthrough in 
text representation by enabling models to generate word vectors 
that dynamically depend on the surrounding context. Early 
models, such as embeddings from language models (ELMo),
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systems to efficiently identify semantically related content. 
Central to this process are semantic embeddings, numerical 
vector representations of text that capture contextual and 
semantic meaning beyond mere keyword matching. By 
transforming sentences or documents into high-dimensional 
vectors, embeddings allow for precise comparison between texts 
using mathematical similarity measures, such as cosine 
similarity. This approach aids rapid detection of similar entries, 
reduces redundancy, and improves decision-making in 
applications ranging from ticket management to knowledge 
retrieval in enterprise systems [8].

Efficient retrieval of similar texts from large datasets requires 
more than just high-quality embeddings; it also demands 
optimized similarity search algorithms. Facebook artificial 
intelligence similarity search (FAISS) is a high-performance 
methodology designed to handle large-scale vector searches, 
enabling rapid identification of nearest neighbors among 
millions of embeddings [9]. By indexing embeddings and 
performing similarity searches using methods such as inner 
product or cosine similarity, FAISS meaningfully reduces query 
time compared to naive pairwise comparisons [10]. Integrating 
FAISS with deep learning–based embeddings offer a practical 
solution for applications where real-time or near-real-time text 
similarity detection is critical, such as in IT service desk systems 
managing thousands of incoming tickets.

Building upon the strengths of deep learning embeddings and 
FAISS, we propose Hybrid SE-FAISS, a novel framework 
implemented for efficient detection of similar text entries in IT 
service desk systems. In this approach, service desk tickets are 
first transformed into dense semantic embeddings using the 
sentence transformer model, catching the contextual meaning 
of each ticket. These embeddings are then indexed using 
FAISS, allowing rapid retrieval of the most semantically similar 
tickets when a new ticket is submitted. By leveraging this 
combination, SE-FAISS not only identifies redundant or 
related tickets quickly but also supports faster response times, 
automated knowledge retrieval, and potential ticket 
deduplication, making it highly suitable for healthcare project 
management systems with large volumes of textual data.

The remainder of this paper is organized as follows: Section 2 
reviews related works on text similarity detection, deep learning 
embeddings, and large-scale similarity search. Section 3 details 
the dataset, preprocessing procedures, and the proposed Hybrid 
SE-FAISS framework, including semantic embedding 
generation and FAISS-based similarity retrieval. Section 4 
presents the experimental setup, evaluation metrics, and 
results. Section 5 discusses the practical implications of the 
framework for IT service desk systems and knowledge 
management. Finally, Section 6 concludes the paper and 
highlights avenues for future research.

Related Works

The growing need to automatically identify semantically similar 
text has led to significant research across natural language 
processing, information retrieval, and deep learning. This 
section reviews the major methodological directions relevant to 
the proposed SE-FAISS framework. We first discuss traditional 
text similarity approaches that rely on lexical or statistical
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approaches fail to capture contextual meaning, while shallow 
embeddings cannot fully represent sentence-level semantics. 
Deep contextual embeddings improve semantic representation 
but require efficient retrieval mechanisms when applied to large 
datasets. Other deep learning–based semantic text matching 
models, such as DSSM, CDSSM, ARC-I, and ARC-II, can 
model sentence or document interactions but are often limited 
in generalization. Similarly, large-scale vector search methods 
like Annoy, HNSW, and KD-trees provide efficient nearest 
neighbor retrieval but may not fully exploit the rich semantic 
information encoded in modern embeddings. The proposed 
Hybrid SE-FAISS framework addresses these gaps by integrating 
transformer-based sentence embeddings with FAISS, a high-
performance similarity search library, enabling fast, accurate, 
and scalable detection of semantically similar text. This 
integration allows the framework to handle real-world, large-
scale ticket datasets while preserving semantic precision, 
making it particularly suitable for applications such as IT 
service desk ticket management in healthcare project 
management systems.

MATERIALS AND METHODS

The Proposed Hybrid SE-FAISS Framework

This section presents the methodology underlying the proposed 
hybrid semantic embedding with Facebook AI similarity search 
(SE-FAISS) framework for similar text detection. The approach 
integrates deep learning–based sentence embeddings with high-
performance vector indexing and retrieval, enabling efficient 
and semantically meaningful comparison of large volumes of 
textual data. As illustrated in Figure 1, the framework consists 
of seven sequential layers: (1) raw text acquisition, (2) text 
preprocessing, (3) semantic embedding generation, (4) 
geometric distance modeling, (5) vector indexing and retrieval,
(6) similarity decision-making, and (7) system integration and
presentation. Each layer is designed to progressively transform
unstructured text into a searchable semantic representation,
allowing fast and accurate identification of similar records.

The SE-FAISS architecture begins by cleaning and normalizing 
the input text to remove noise such as HTML tags, special 
characters, and language inconsistencies. The preprocessed text 
is then converted into dense numerical embedding vectors 
using a multilingual sentence transformer model, which 
captures contextual and semantic relationships between words 
and sentences. To quantify similarity, embeddings are 
compared using cosine similarity within a high-dimensional 
vector space, following the geometric interpretation of angular 
distance between text representations. For large-scale retrieval, 
the embeddings are indexed using Facebook AI similarity 
search, which enables efficient exact nearest-neighbor search 
through optimized inner-product computations. The final 
layers of the framework implement similarity thresholding, 
ranking of retrieved candidates, and integration into an 
operational healthcare IT service management environment for 
decision support.
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introduced this paradigm by leveraging deep bidirectional long 
short-term memory (LSTM) networks to produce context-
sensitive representations rather than fixed static vectors [18-19]. 
The introduction of transformer-based architectures further 
advanced the field, with models like bidirectional encoder 
representations from transformers (BERT) and robustly 
optimized BERT pre-training approach (RoBERTa) using multi-
head self-attention to simultaneously capture local and global 
dependencies within a sentence. These models significantly 
improve semantic understanding by distinguishing between 
different senses of the same word and encoding richer syntactic 
and semantic structures. Building upon BERT, sentence-BERT 
(SBERT) adapts the architecture specifically for semantic 
similarity tasks by learning fixed-length sentence embeddings 
optimized for retrieval and matching [20]. As a result, deep 
contextual embeddings have become the dominant foundation 
for modern NLP, particularly in tasks involving semantic 
similarity, sentence classification, and clustering.

Other deep learning based semantic text matching models 
include deep-structured semantic models (DSSM), 
convolutional deep structured semantic model (CDSSM), 
Architecture-I for matching two sentences (ARC-I), and 
Architecture-II of the convolutional matching model (ARC-II), 
which learn distributed representations for sentence or 
document pairs and model interactions for similarity 
assessment [21,22,23]. DSSM relies on fully connected neural 
networks to map queries and documents into a shared semantic 
space. CDSSM leverages convolutional layers to capture local 
context features, while ARC-I and ARC-II focus on modeling 
interactions between sentence pairs using different architectural 
strategies. While effective in smaller-scale or controlled settings, 
these models are often limited in scalability and generalization 
compared to modern transformer-based sentence embeddings 
combined with high-performance similarity search, as adopted 
in our proposed Hybrid SE-FAISS framework.

Efficient retrieval of semantically similar text in large-scale 
datasets is a major computational challenge, especially when 
using high-dimensional embeddings from deep contextual 
models. Naive pairwise comparison is prohibitively expensive 
for millions of entries. This challenge makes approximate 
nearest neighbor (ANN) methods crucial, as they drastically 
reduce search time and maintain high retrieval accuracy [24]. 
ANN approaches include locality-sensitive hashing (LSH), k-
dimensional (KD)-trees, hierarchical navigable small world 
graphs (HNSW), product quantization (PQ), and annoy 
[22-29]. FAISS has emerged as a high-performance library for 
similarity search in large embedding collections. It offers 
multiple indexing strategies, such as exact search, inverted file 
index (IVF), and PQ-based compressed indices, enabling rapid 
and scalable retrieval. Integrating transformer-based sentence 
embeddings, such as SBERT or RoBERTa embeddings, with 
FAISS allows efficient retrieval of semantically similar texts. 
This integration forms the foundation of large-scale 
applications like the SE-FAISS framework.

Despite significant advancements in text similarity detection, 
existing methods often face limitations in either semantic 
understanding or scalability. Traditional corpus-based 
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Figure 1: Overall architecture of the proposed Hybrid SE-
FAISS framework

The following subsections describe each stage of the SE-FAISS 
methodology in detail, including the dataset used, 
preprocessing procedures, embedding generation, similarity 
computation, and retrieval mechanism.

Dataset Description

The dataset employed in this study consists of 85,243 service 
desk tickets collected from a large-scale healthcare information 
management system. Each record represents a real operational 
ticket submitted, processed, and resolved within the 
institutional project management platform. The dataset 
includes nine fields, covering structured attributes, categorical 
information, timestamps, and unstructured textual 
descriptions. A summary of the dataset fields is provided below:

• TICKET_ID: A unique numeric identifier assigned to each
ticket.

• TICKET: A free-text description of the reported issue. This
field contains 83,651 non-null entries, indicating that a
small portion of tickets were submitted without textual
content.

• TICKET_CREATOR: The staff member who created the
ticket.

• TICKET_SOLVER: The individual responsible for
resolving the issue.

• RELATED_TYPE and RELATED_TICKET_ID: Optional
relational attributes indicating whether a ticket is associated
with another case (e.g., duplicates, follow-ups, linked
incidents). Together, these fields contain 3,167 non-null
entries, suggesting that only a limited subset of tickets has
explicit relational connections.

• TICKET_START_DATE and TICKET_END_DATE:
Timestamps capturing the creation and closure times of the
ticket, enabling analysis of service duration and workflow
dynamics.

• TICKET_TYPE: A categorical variable representing the
type of ticket (e.g., bug, request, change).

• Overall, the dataset combines structured metadata with rich
unstructured textual content, making it suitable for
developing semantic similarity models for IT service
management. Since the primary objective of this study is to
retrieve semantically similar historical tickets, the TICKET
field serves as the core input for the proposed framework,
while the remaining fields provide contextual metadata for
system integration and evaluation.

Text Preprocessing

Accurate semantic similarity retrieval requires clean, noise-free 
textual input, particularly in service desk environments where 
ticket descriptions often contain HTML fragments, encoding 
artifacts, mixed casing, and non-standard characters [30]. 
Therefore, a comprehensive preprocessing pipeline was 
implemented to normalize textual variability and ensure 
consistent input for the embedding model. The pipeline begins 
with Unicode normalization and encoding correction, where 
erroneous UTF-8 sequences and mojibake are repaired using 
the “FTFY” library. This step resolves issues resulting from 
system exports, browser-generated characters, or copy–paste 
distortions. Following this, robust HTML cleansing is 
performed using the “BeautifulSoup” technique, which 
removes script, style, meta, noscript, and iframe tags, strips 
remaining HTML markup, and decodes HTML entities (e.g., 
“ ”, “&”). This prevents structural HTML noise from 
contaminating the semantic content of ticket descriptions.

Because the dataset consists entirely of Turkish-language 
support tickets, a dedicated Turkish character normalization 
step is applied before lowercasing. Characters such as “İ/ı”, “Ş/
ş”, “Ö/ö”, and “Ğ/ğ” are mapped to their correct lowercase 
forms to avoid distortions produced by standard “lower” 
functions that do not handle Turkish diacritics properly. After 
safe lowercasing, a regex-based character filtering operation 
removes all remaining symbols, punctuation, and non-Turkish 
alphabetic characters, preserving only Turkish letters, digits, and 
whitespace. Whitespace is then canonically normalized to 
ensure consistent token boundaries.

To further reduce noise, “Stopword” filtering is optionally 
applied using the Turkish stop word list from the “NLTK” 
library. This step removes high-frequency function words that 
do not contribute meaningfully to semantic similarity 
computations. Additionally, stray single-character Latin tokens 
often artifacts of encoding or “HTML” cleanup are removed 
unless they represent meaningful characters (e.g., “i”) or 
numeric values. A final normalization pass consolidates 
whitespace and ensures each cleaned ticket description is 
syntactically stable, semantically representative, and ready for 
downstream embedding. This preprocessing pipeline ensures 
that the input to the sentence transformer model is both 
linguistically normalized and free from structural noise. By 
preserving semantically important Turkish characters while 
removing distortions originating from HTML formatting, 
encoding inconsistencies, or user interface artifacts, the 
pipeline enhances the quality of learned embeddings and 
ultimately improves the accuracy of similarity retrieval 
within the proposed Hybrid SE-FAISS framework.

Embedding Layer

The embedding layer transforms the preprocessed textual input 
into fixed-length dense vector representations that capture 
semantic similarity and contextual meaning. In this study, we 
employ a sentence transformer based semantic embedding 
model, which maps each query, document, or sequence into a 
high-dimensional vector space where semantically similar texts 
lie closer together [31].
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• Contextual semantics: Words are interpreted according to
their surrounding context.

• Long-range dependencies: Transformer attention
mechanisms link semantically related terms.

• High-dimensional structure: Similar sequences form
coherent manifolds in vector space.

• Language-specific nuances: Leveraging its BERT-based
transformer backbone, the embedding model captures
Turkish-specific morphological richness, agglutinative
structure, and syntactic dependencies.

These embeddings act as the foundation for the subsequent 
geometric distance modeling layer, where similarity metrics are 
applied to analyze relationships between texts in the 
constructed semantic space.

Cosine Similarity

Cosine similarity [32] is employed as the primary metric for 
quantifying semantic closeness between the embedding vectors 
generated by the sentence transformer model. Given two text 
embeddings as Equation 3:

Cosine similarity measures the angle between them in the high-
dimensional semantic space rather than their absolute 
magnitudes. This makes it particularly suitable for text 
representation, where meaning is encoded directionally in the 
vector space. Formally, cosine similarity is defined as Equation 
4:

here, u.v denotes the dot product as Equation 5:

Also, ‖u‖2 and ‖v‖2 represent the L2-norms as Equation 6: 

Cosine similarity returns values in the interval [−1, 1], where:

• 1 indicates perfectly aligned vectors (identical semantic
meaning),

• 0 indicates orthogonality (no semantic relationship),
• −1 indicates opposite directions (contradictory meaning;

rarely occurs in transformer embeddings).

In the Hybrid SE-FAISS pipeline, cosine similarity plays a 
central role by enabling both efficient similarity search and 
effective semantic ranking. FAISS leverages cosine-based nearest 
neighbors to quickly identify semantically related ticket 
descriptions at scale, while the retrieved candidates are ranked 
according to their cosine similarity scores to ensure that the 
top-matching historical tickets are contextually relevant. Cosine 
similarity is preferred over Euclidean distance because it is 
invariant to sentence length and embedding magnitude, 
properties that are particularly important when comparing 
normalized transformer-based text embeddings.

FAISS Indexing

After obtaining L2-normalized embeddings from the sentence 
transformer model, the SE-FAISS pipeline leverages Facebook 
AI similarity search (FAISS) to enable efficient, large-scale 
similarity search. FAISS is specifically designed for indexing 
high-dimensional vectors and performing fast nearest-neighbor 
queries while maintaining high accuracy.

• Index construction: The normalized embeddings Ê=[ê1,ê2,
…,ên ], with êi∈Rd, are stored in a Flat Inner Product 
(IndexFlatIP) FAISS index. Since the embeddings are L2-
normalized, the inner product between vectors is equivalent 
to cosine similarity, as indicated in Equation 7:

where q ̂ is a normalized query embedding. This index allows 
exact nearest neighbor retrieval with high accuracy, supporting 
large-scale datasets of ticket embeddings

• Querying and top-k retrieval: For a new ticket query q, the
retrieval process consists of embedding, normalization, and
searching the FAISS index. The top-k neighbors are
identified and ranked based on their cosine similarity
through Equation 8:

where si=cos(q ̂,êi ) represents the similarity between the query
and retrieved ticket embeddings. This ensures that the most
semantically relevant tickets are returned

• Evaluation of retrieval quality: The efficacy of the FAISS
index can be assessed using the average cosine similarity of
top-k neighbors for a random sample of tickets, as displayed
in Equation 9:
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Following preprocessing, each normalized text segment x is 
passed to the embedding model. Sentence transformers use a 
bi-encoder architecture built on top of transformer encoders, 
enabling efficient large-scale retrieval, clustering, and similarity 
search. The encoder processes the input token sequence and 
produces contextualized token embeddings. A “pooling” 
operation typically means pooling aggregates token states into a 
single sentence-level vector.

The mathematical expression follows as:

Token-level contextual embeddings, represented in Equation 1:

H=Transformer(x)=[h1,h2,…,hn ] 

Mean-pooling to obtain a sentence embedding, shown in 
Equation 2:

The resulting embedding e∈R^d is a dense vector of dimension
d (e.g., 384 depending on the chosen model). These vectors 
preserve semantic relationships, enabling geometric distance–
based operations such as cosine similarity, nearest-neighbor 
search, and cluster formation in downstream layers.

The embedding model captures:
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• Ranking and aggregation: When multiple candidates exceed
the threshold, they are ranked by their cosine similarity
scores, ensuring that the top-ranking tickets are the most
contextually similar. In some implementations, weighted
aggregation can be applied if additional features such as
ticket recency, frequency, or category similarity are available
via Equation 12:

  Scorei=α.si+β.fi

Where fi represents additional relevance features, α and β are 
weighting coefficients

• Decision output: The final output of the similarity decision
stage is a ranked set of historical tickets that exhibit the
highest semantic relevance to the query. These ranked
results serve multiple operational purposes within the
system; they enable the automatic suggestion of similar past
tickets to end-users, support service agents in accelerating
the ticket-resolution process by providing contextually
aligned examples, and supply relevant inputs to downstream
analytical pipelines such as predictive maintenance models
or failure-mode classification frameworks

highly relevant historical tickets influence the subsequent 
stages of the Hybrid SE-FAISS pipeline, maintaining 
both accuracy and efficiency.

Integration layer

The Integration Layer represents the final stage of the SE-FAISS 
framework, responsible for bridging the similarity engine with 
the existing IT service desk platform and delivering actionable 
outputs to end-users. Once FAISS retrieves and ranks the top-k 
semantically similar historical tickets, this layer manages the 
communication between the backend similarity model and the 
front-end interface used by support agents or automated 
ticketing systems. Through a lightweight API or microservice 
architecture, each newly submitted ticket is encoded, searched, 
and processed in real time, after which the integration layer 
returns the top-k most relevant historical cases. These results 
are then displayed within the service desk environment as 
automated “similar ticket suggestions”, thereby boosting 
operational efficiency. By seamlessly embedding the SE-FAISS 
pipeline into the existing ITSM ecosystem, the integration layer 
ensures low-latency retrieval, consistent user experience, and 
practical deployment of semantic similarity insights for 
improved resolution quality and decision support.

Novelty of the Proposed Framework

The primary novelty of the proposed Hybrid SE-FAISS 
framework lies in its system-level integration of transformer-
based semantic embedding models with a high-performance 
approximate nearest neighbor search engine (FAISS) for 
scalable text similarity detection in IT service desk 
environments. Unlike prior studies that combine transformer-
based embeddings with FAISS primarily for generic semantic 
similarity search tasks, the proposed framework is explicitly 
designed and evaluated for structured IT service desk ticket 
deduplication under real enterprise constraints. The system 
integrates semantic representation learning with efficient vector 
indexing to enable both high-quality semantic matching and 
low-latency retrieval. In addition, it is validated on a large-scale 
real-world IT service ticket dataset, demonstrating its 
applicability to high-volume operational environments where 
both accuracy and efficiency are critical.

RESULTS

Hyperparameter Tuning

In this study, we systematically tuned hyperparameters across all 
stages of the SE-FAISS framework to optimize retrieval 
performance and computational efficiency. The pipeline 
consists of four main stages: text preprocessing, embedding 
generation, FAISS indexing, and retrieval. Each stage includes 
multiple parameters that directly affect the quality of ticket 
representations and the accuracy of nearest neighbor search. In 
the following, we discuss the hyperparameters for each stage in 
detail, the rationale behind their selection, and the range of 
values explored. These results provide a foundation for 
understanding the trade-offs between accuracy and efficiency in 
our experimental setup as follows:
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where is the number of sampled tickets and êij are the top-k 
neighbors of ticket i. A higher AvgSimtop-k value indicates 
strong semantic coherence among retrieved neighbors, 
reflecting effective indexing and embedding quality

By combining normalized embeddings with a FlatIP FAISS 
index, the SE-FAISS pipeline ensures accurate similarity search, 
enabling rapid retrieval of contextually relevant historical 
tickets. This forms the backbone for downstream semantic 
ranking and ticket matching in the proposed framework.

Similarity Decision

Once the top-k most similar ticket embeddings are retrieved 
from the FAISS index, the SE-FAISS pipeline performs a 
similarity decision to determine which historical tickets are 
sufficiently relevant to the input query. The decision process is 
primarily based on cosine similarity scores, which quantify the 
semantic closeness between the query embeddingand each 
candidate ticket embedding as shown in Equation 10:

Threshold-based relevance: A similarity threshold can be 
defined such that only candidates at si≥τ are considered relevant 
through Equation 11:

This ensures that retrieved tickets meet a minimum semantic 
alignment with the query. The threshold τ can be determined 
empirically based on historical data or through validation on a 
labeled set of ticket similarities.
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• Text preprocessing: The first stage of our pipeline focuses
on cleaning and normalizing the ticket texts to ensure high-
quality embeddings. Several hyperparameters influence this
stage, including stopword removal, HTML cleaning
strength, token filtering rules, and Turkish normalization
rules. In our experiments, we selected the following settings
based on preliminary experiments that yielded the best
retrieval performance: stopword removal enabled
(remove_stopwords=True), strict HTML cleaning to remove
scripts, style tags, and other extraneous content, regex
filtering to retain only Turkish letters, single-letter token
removal enabled, and fixed Turkish normalization rules.
These carefully chosen hyperparameter values produced
cleaner and more consistent text representations, which
directly improved the quality of downstream embeddings.
Alternative configurations such as disabling stopword
removal, skipping HTML cleaning, retaining punctuation,
or adjusting normalization rules were also explored but
resulted in slightly lower similarity accuracy. Fine-tuning
these preprocessing parameters allowed us to balance text
fidelity and noise reduction, establishing a strong
foundation for the embedding and retrieval stages.

• Embedding model: In the second stage, each cleaned ticket
is transformed into a dense vector representation using a
pre-trained multilingual sentence embedding model. The
choice of model and associated hyperparameters
significantly affects the semantic quality of the embeddings.
In our pipeline, we selected paraphrase-multilingual-
MiniLM-L12-v2 as the base embedding model, which
provided the best balance between retrieval accuracy and
computational efficiency for Turkish text among the
candidates tested. The candidates are distiluse-base-
multilingual-cased-v1, sentence transformers/paraphrase-
xlm-r-multilingual-v1, and all-mpnet-base-v2. These
alternative models were evaluated, but either offered lower
semantic precision or required substantially higher

computation time. We used a batch size of 64 during
encoding and applied L2 normalization to the embeddings
before FAISS indexing to enable cosine similarity search.
These hyperparameter selections maximized semantic
similarity capture between tickets while keeping the system
computationally efficient, confirming that this
configuration was optimal for our pipeline.

• FAISS index: The third stage of our pipeline focuses on
efficient nearest neighbor search over the ticket
embeddings. We evaluated multiple FAISS index
configurations, including exact search (IndexFlatIP and
IndexFlatL2), inverted file (IVF) indexes, and graph-based
hierarchical navigable small world (HNSW) indexes. IVF
indexes partition embeddings into clusters (nlist) and search
only a subset of them (nprobe) for faster approximate
retrieval, while HNSW indexes organize embeddings in a
multi-layer graph for efficient navigation. In HNSW, M
controls the number of neighbors per node (graph density),
and efSearch controls search depth, allowing a tunable
balance between speed and accuracy.

• The hyperparameter tuning results are summarized in Table
1, and the corresponding query times are visualized in
Figure 1. Exact indexes (IndexFlatIP) achieved the highest
accuracy and competitive speed (0.050 seconds (s) per
query), and were therefore selected as the optimal
configuration for our real-world Turkish ticket dataset. IVF
indexes validated a speed–recall balancing effect: larger nlist
improved clustering precision, while higher nprobe
increased recall with moderately higher query times (e.g.,
IVF (nlist = 128, nprobe = 16) → 0.148 s). HNSW indexes
were memory-efficient and fast at low settings, but query
times grew considerably as M and efSearch increased (e.g.,
HNSW (M = 32, efSearch = 128) → 8.918 s). These results
provide a clear basis for selecting the most appropriate
FAISS configuration depending on accuracy, speed, and
memory constraints.

Index Type Configuration Query Time (s) Observations

Exact IndexFlatIP 0.05 Highest accuracy

Exact IndexFlatL2 0.055 Slightly slower

IVF nlist = 32, nprobe = 1 0.123 Fastest IVF

IVF nlist = 64, nprobe = 8 0.141 Good balance speed/recall

IVF nlist = 128, nprobe = 16 0.148 Recommended IVF

IVF nlist = 256, nprobe = 32 0.207 Max clusters/probes

HNSW M = 8, efSearch = 16 3.074 Fast, low memory

HNSW M = 16, efSearch = 64 5.233 Medium recall

HNSW M = 32, efSearch = 128 8.918 High recall, slowest

Table 1: FAISS hyperparameter tuning results for different 
index types on our real-world text ticket dataset
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Figure 2: Query times for different FAISS index configurations 
on our real-world text ticket dataset

• Retrieval hyperparameters: The final stage of our pipeline
controls how candidate tickets are selected from the FAISS
index. Two key hyperparameters govern this process: top_k,
which specifies the number of nearest neighbor tickets

retrieved for each query, and the similarity threshold τ,
which filters candidates based on their semantic similarity
to the query. In our experiments, we evaluated top_k values
of 3, 5, 10, 15, and 20, and τ values ranging from 0.50 to
0.85. As shown in Table 2, lower thresholds (τ ≤ 0.80)
generally allow the system to return all top_k tickets, while
higher thresholds (τ = 0.85) reduce the number of retrieved
tickets (e.g., only 8 tickets returned when top_k ≥ 10),
reflecting stricter relevance filtering. This demonstrates an
interaction between recall (returning more candidates) and
precision (ensuring higher similarity). By tuning these
parameters, the retrieval stage can be adapted to operational
needs, such as emphasizing highly relevant tickets or
providing a broader candidate set. Overall, our results
suggest that a moderate threshold (τ ≈ 0.70–0.80) combined
with top_k = 10 provides an effective balance between
relevance and coverage for Turkish ticket similarity retrieval

top_k Τ Returned Tickets Observations

3 0.50 3 Full retrieval, low threshold

3 0.85 3 All three tickets still retrieved

5 0.85 5 Full retrieval maintained

10 0.85 8 High threshold reduces tickets

15 0.85 8 Only most relevant tickets returned

20 0.85 8 Only most relevant tickets returned

Table 2: Retrieval hyperparameter evaluation for a sample 
ticket by varying the number of nearest neighbors (top_k) and 
similarity threshold (τ), showing the effect on the number of 
returned tickets

Evaluation Metrics

To systematically assess the performance of the SE-FAISS 
framework, we employed several complementary evaluation 
metrics that measure both the accuracy of semantic retrieval 
and the computational efficiency of the pipeline. These metrics 
are particularly suitable for nearest-neighbor search tasks over 
textual embeddings, as they quantify the relevance of retrieved 
tickets, ranking quality, similarity distribution, and latency.

Cosine similarity of retrieved neighbors: For each query ticket, 
the average cosine similarity is computed between the query 
embedding eq and its top retrieved neighbors. Formally, for a 
query embedding and the embeddings of its Ncs closest 
neighbors et1 ,et2,…,etNcs the metric is defined in Equation 13:

This metric captures how semantically close the retrieved tickets 
are to the query. To avoid confusion with the retrieval 
parameter top_k, we denote by the number of neighbors used 
exclusively for computing this cosine-similarity metric. Using 
our normalized embeddings and setting Ncs=3, we compute the 
average cosine similarity between each query ticket and its three 
highest-similarity neighbors. Over 2,000 sampled tickets, the 

resulting average cosine similarity is 0.8000, indicating that the
closest retrieved neighbors are highly semantically aligned with
the query content.

• Query/time latency: The computational efficiency of the
retrieval system is measured using query latency, which
represents the average time required to process a single
ticket query. Formally, latency is defined as Equation 14:

Here, the total query time is the cumulative time required to
execute all queries in the evaluation set, and the number of
queries is the total count of queries executed. In our
experiments, we measured the total retrieval time over a
representative set of queries. Dividing this total time by the
number of queries yielded an average latency of 0.050 seconds
per query (best case, as discussed in Table 1), meaning that each
query was processed in roughly 50 milliseconds. This low
latency proves that the system can efficiently handle semantic
retrieval tasks in real-world settings, providing near-instance
responses for users while maintaining high-quality nearest-
neighbor search performance.

• Number of returned tickets: The number of returned tickets
depends on both the maximum number of candidates, 
top_k, and the similarity threshold τ. Mathematically, for a 
query , the metric is defined as Equation 15:
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• Precision and recall: For queries with known relevant
tickets, the retrieval accuracy can be quantified using
precision and recall, defined as Equation 16 and Equation
17, respectively:

In this formulation, ∣Retrieved∣ corresponds to the number of
tickets returned by the retrieval system for a given query, while
∣Relevant∣ is the number of ground-truth relevant tickets. Table
2 reports the number of returned tickets for a representative 
query under varying top_k (maximum candidates retrieved) 
and similarity threshold τ values. These returned ticket counts 
directly determine the denominators for precision and recall 
calculations:

Precision: The numerator is the number of returned tickets
that are also relevant (i.e., ∣Retrieved∩Relevant∣), and the
denominator is the total number of returned tickets as listed in 
Table 2.

Recall: The numerator is identical (∣Retrieved∩Relevant∣), but
the denominator is the total number of relevant tickets in the 
ground truth set.

The interaction between top_k and τ controls the strictness of 
retrieval. For instance, increasing τ reduces the number of 
returned tickets (as observed in Table 2, where only 8 tickets are 
returned for top_k = 10 and τ = 0.85), which can lead to higher 
precision but may decrease recall. Conversely, lower thresholds 
or higher top_k values increase the number of returned 
candidates, potentially improving recall while reducing 
precision due to the inclusion of less relevant tickets. This 
formal relationship determines how Table 2 can be used to 
estimate retrieval effectiveness and provides a clear, quantitative 
basis for evaluating mutual constraints between retrieval 
relevance and retrieval coverage in semantic search tasks.

Experimental Results 

The experimental evaluation of the proposed Hybrid SE-FAISS 
retrieval framework was conducted on a real-world Turkish 
ticket dataset containing 81,046 entries after preprocessing. 
The objective of this section is to summarize the final 
performance outcomes of the system after completing 
hyperparameter tuning and metric-based assessment introduced 
in subsections 4.1 and 4.2, respectively. Rather than repeating 
intermediate parameter exploration, the current subsection 
highlights the best-performing configuration, the resulting 
retrieval quality, and the overall system efficiency.

Final selected configuration: Based on the comprehensive 
hyperparameter analysis in Table 1, the IndexFlatIP exact search 
index was selected as the optimal configuration due to its 
combination of highest semantic accuracy, stable retrieval 
behavior, and low query latency. This configuration used 
normalized cosine similarity as the distance metric and was 
evaluated under the recommended semantic filtering threshold 
of τ = 0.85.

Retrieval quality: The retrieval quality was assessed through 
three complementary measures, including:

• Cosine similarity of neighbor embeddings: Using the closest
neighbors for each query, the system exhibited a mean
cosine similarity of 0.8000 across 2,000 randomly sampled
tickets. This indicates that the retrieved neighbors are
semantically coherent and well aligned with the query
embeddings.

• Returned ticket count under thresholding: Thresholding at
τ = 0.85 resulted in an average of 8 returned tickets for
representative queries when top_k was set to values between
10 and 20. This behavior reflects a well-balanced retrieval
regime in which overly broad, low-similarity results are
filtered out while sufficiently relevant neighbors remain
accessible. Table 2 illustrates this behavior on a sample
query.

• Precision and recall (ground truth–based evaluation): For
the subset of queries with known relevant tickets, precision
and recall were computed based on the overlap between
retrieved and ground-truth relevant items. The resulting
values followed expected trends: lower τ produced higher
recall but lower precision, and higher τ improved precision
at the expense of recall. This demonstrates the tunability of
the retrieval system depending on application requirements.

• Retrieval efficiency: The system exhibited strong
computational efficiency. Using the exact IndexFlatIP
index, the average latency per query was 0.050 seconds (50
milliseconds), which maintains real-time retrieval
capabilities in an operational environment.

Summary of final experimental outcomes: Table 3 consolidates
the final performance metrics achieved by the Hybrid SE-FAISS
framework under the selected configuration

Metric Value Interpretation

Retrieval latency 0.050 s/query Real-time semantic retrieval capability

Avg. cosine similarity () 0.8000 High semantic coherence among nearest neighbors

Avg. returned tickets 8 Stable result count under τ = 0.85 filtering

Ghasemkhani B, Ozdemir A, Ekinci M, Kilinc D

Here, eq is the embedding of the query, etj are the embeddings 
of the top-k candidate tickets, and τ is the minimum similarity 
required for a ticket to be included in the results. This metric 
indicates how restrictive the retrieval criteria are: a low τ returns 
more tickets, including less similar ones, while a high τ returns 
fewer tickets, prioritizing highly relevant neighbors. In our 
experiments, Table 2 reports the number of returned tickets for 
a sample query when varying top_k = {3, 5, 10, 15, 203, 5, 10, 
15, 203, 5, 10, 15, 20} and τ = {0.50, 0.60, 0.70, 0.80, 0.85, 
0.50, 0.60, 0.70, 0.80, 0.85, 0.50, 0.60, 0.70, 0.80, 0.85}.
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aligned with the query. This behavior is consistent with
findings reported for transformer-based embedding models that
typically yield cosine similarity values in the 0.75–0.85 range
for validated neighbors [33,34]. Compared with TF–IDF or
keyword-based baselines, which often produce lexically similar
yet semantically irrelevant matches, the embedding-based
retrieval used in SE-FAISS captures both contextual and
domain-specific nuances. Third, although precision and recall
were evaluated at a sample level (due to absence of full
relevance annotations), the results Precision ≈ 0.82, Recall ≈
0.87 fall squarely within the ranges documented in prior
duplicate-detection, incident retrieval, and IT service
management (ITSM) studies, where precision typically ranges
from 0.70 to 0.85 and recall from 0.75 to 0.90, depending on
annotation quality and fine-tuning depth [40,41]. This suggests
that, under broader annotation availability, the Hybrid SE-
FAISS framework could likely achieve performance comparable
to or exceeding state-of-the-art retrieval baselines. Fourth, the
latency and scalability behavior observed in our experiments
aligns closely with guidance in recent retrieval research [37–
39,42]. Exact search remains the optimal configuration for
datasets up to approximately 100k–200k vectors, delivering the
highest accuracy with manageable query times. As shown in
Table 4, our corpus (≈81k tickets) resides comfortably within
this regime. Prior work recommends transitioning to IVF,
HNSW, or PQ-compressed ANN indexes beyond this scale due
to non-linear increases in computation cost [37,39,42]. These
observations support the recommendation that the current
configuration is optimal for the present data volume but
should evolve toward approximate search structures as the
corpus expands. Finally, from an operational standpoint, SE-
FAISS satisfies key usability criteria highlighted in ITSM
automation studies: sub-100-millisecond responsiveness,
consistent top-k outputs, and returned candidate sets of
manageable size (≈8 tickets after thresholding) [35,43]. These
characteristics make the system well-suited for integration into
real-world support workflows, enabling customer-service
analysts to leverage semantically coherent past cases without
incurring computational overhead. Overall, the results indicate
that combining sentence-transformer embeddings with FAISS
exact-search indexing yields an effective balance between
semantic accuracy, retrieval quality, and system speed.
Compared with state-of-the-art alternatives, SE-FAISS offers a
more favorable speed–accuracy equilibrium, making it
particularly suitable for latency-sensitive retrieval applications
in production-scale ticketing environments.

Dimension SE-FAISS Representative literature
findings

Interpretation

Embedding quality
(AvgCosSim, N_cs=3)

0.8000 Transformer-based retrieval
studies report cosine
similarities in 0.75–0.85 for
validated neighbors [33,34]

SE-FAISS embedding quality
aligns with state-of-the-art
multilingual transformer
encoders.

Returned set size (post-
threshold)

≈8 tickets (top_k ≥ 10, τ = 0.85) Practical ITSM systems return
5–10 candidates for analyst
review [35,36]

SE-FAISS produces a candidate
volume suitable for manual
inspection and triage.
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Table 3: Summary of final experimental results under the 
selected FAISS configuration (IndexFlatIP, τ = 0.85).

Although the Hybrid SE-FAISS framework is evaluated for IT 
service desk ticket similarity detection in the current study, its 
architecture is domain-independent and can be applied to 
broader semantic retrieval tasks. By combining transformer-
based embeddings with FAISS-based nearest neighbor search, 
the framework supports efficient similarity retrieval over large-
scale unstructured text data. In addition, the use of 
transformer-based semantic models enables the framework to 
support multilingual applications when multilingual pre-
trained embedding models are employed. The framework can 
therefore be extended to applications such as customer support, 
incident management, and enterprise knowledge retrieval, 
where semantic matching enables duplicate detection, case 
linking, and improved information access. While the overall 
architecture can be transferred to different domains without 
fundamental modifications, domain-specific fine-tuning may 
further enhance retrieval performance in specialized contexts. 
Overall, Hybrid SE-FAISS provides a generalizable retrieval 
pipeline applicable to diverse real-world text similarity 
scenarios.

DISCUSSION

The experimental findings indicate that the proposed semantic 
retrieval framework achieves competitiveand in several 
dimensions superior performance relative to existing 
approaches for text-based similarity search in service ticketing 
contexts. When interpreted alongside recent studies in the 
literature and summarized in Table 4, several key insights 
emerge [33–43]. First, the system demonstrates strong 
computational efficiency, achieving a retrieval latency of 0.050 
s/query, which is substantially faster than deep neural 
architectures such as Bi-LSTM, dual-encoder models, or cross-
encoder ranking pipelines that typically require 0.15–0.30 s/
query for inference [33,34]. Even compared with approximate 
nearest neighbor (ANN) structures studied in prior retrieval 
work (e.g., IVF-Flat or HNSW), the proposed exact FAISS 
IndexFlatIP maintains near real-time responsiveness while 
preserving accuracy an essential characteristic for enterprise 
environments where tens or hundreds of support inquiries may 
be issued per minute [35,36]. Second, the embedding quality 
achieved by the model quantified through an average cosine 
similarity of 0.8000 across three closest neighbors indicates that 
retrieved tickets are semantically cohesive and contextually
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Retrieval latency 0.050 s/query (50 ms) FAISS exact-search baselines on 
50k–200k vectors report 20–70 
ms latencies [37,38]

Latency is competitive and
suitable for interactive use.

Index type behavior Exact (IndexFlatIP) highest
accuracy; IVF/HNSW trade
speed and recall

Literature reports similar
accuracy–speed trade-offs; ANN
recommends for > 100k–200k
vectors [37,39]

Confirms exact index as
optimal for current corpus size;
ANN becomes necessary as
data grows.

Precision and recall (sample-
level)

Precision ≈ 0.82, Recall ≈ 0.87 Duplicate-report studies show
P/R in 0.75–0.90 depending
on annotation quality [40,41]

Sample results fall within
expected ranges; full-scale
evaluation needs labeled
datasets.

Scalability guidance Corpus size ≈ 81k — flat index
feasible

Guidance suggests flat indexes
up to ~100k–200k vectors;
transition to IVF/HNSW/PQ
beyond that [37,42]

SE-FAISS is within the flat-
index regime; a roadmap to
ANN is needed as data grows.

Operational suitability Real-time retrieval with stable
outputs

ITSM literature recommends 
sub-100 ms latency and 
manageable candidate sets [35,43]

SE-FAISS meets operational
criteria for deployment in
support or triage workflows.

Table 4: Comparison of Hybrid SE-FAISS with representative 
studies in the literature.

LIMITATIONS OF THE CURRENT STUDY

While the proposed Hybrid SE-FAISS framework demonstrates 
strong performance in semantic similarity detection for IT 
service desk tickets, several considerations should be 
acknowledged regarding the scope of this study. First, the 
system’s performance is influenced by the choice of similarity 
threshold (τ), which acts as a configurable parameter controlling 
the trade-off between precision and recall. Rather than being a 
limitation of the model itself, this reflects a standard 
characteristic of threshold-based retrieval systems and allows 
flexibility depending on application requirements. Second, the 
evaluation is conducted on a large-scale real-world dataset; 
however, fully annotated ground-truth labels for semantic 
similarity are partially available, which limits the extent of very 
large-scale supervised benchmarking. This is a common 
challenge in real-world IT service datasets, where manual 
labeling is costly and time-consuming. Third, the current 
configuration using a flat FAISS index is appropriate for the 
dataset scale considered in this study and provides strong 
accuracy and low latency. For significantly larger-scale 
deployments, approximate indexing structures such as IVF or 
HNSW may be considered as a natural extension of the current 
system design. In addition, certain challenges were observed in 
semantically ambiguous tickets, particularly when different 
incidents shared similar wording but represented distinct 
operational contexts, as well as in short or minimally descriptive 
tickets containing limited contextual information. Finally, the 
framework relies on pre-trained sentence transformer models 
for semantic encoding. While these models provide strong 
generalization capabilities, performance may further benefit 
from domain-specific fine-tuning in specialized industrial or 
organizational contexts.

CONCLUSION AND FUTURE WORKS

This study introduced a semantic retrieval pipeline for Turkish

service tickets, integrating sentence-transformer embeddings 
with FAISS-based nearest neighbor search. The proposed novel 
hybrid semantic embedding with Facebook artificial 
intelligence similarity search (SE-FAISS) approach was 
evaluated through a comprehensive set of retrieval metrics, 
including cosine similarity quality, returned-ticket analysis 
under varying thresholds, and query-time measurements, 
providing a complete empirical characterization of its 
performance. The experimental results verify that:

• SE-FAIS delivers real-time performance, with an average
query latency of 0.050 seconds, outperforming both
approximate and graph-based alternatives tested in our
hyperparameter study.

• Semantic retrieval quality is high, with AvgCosSim of
0.8000 across 2,000 sampled queries using normalized
embeddings.

• Returned-ticket behavior is stable under stricter similarity
thresholds; for example, at τ = 0.85, the system consistently
retrieves around 8 highly relevant tickets.

• Optional relevance-based evaluation indicates promising
performance, attaining 0.82 precision and 0.87 recall for
test queries with known relevant items. The overall
architecture remains computationally lightweight,
interpretable, and easily deployable in enterprise
environments requiring rapid and contextually accurate
ticket retrieval.

Building on the strong retrieval performance demonstrated in 
this study, several research directions can further enhance the 
capabilities, adaptability, and operational robustness of the 
proposed Hybrid SE-FAISS framework. First, incorporating a 
two-stage retrieval pipeline with a cross-encoder re-ranking layer 
may substantially improve precision for semantically dense or 
ambiguous tickets by performing deeper contextual 
comparisons on a narrowed top-k candidate set. Additionally, 
domain-specific fine-tuning of the underlying transformermodel 
using a larger corpus of Turkish customer-support interactions 
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could strengthen semantic grounding and yield more context-
sensitive embeddings. Another promising direction is the 
development of dynamic similarity thresholding strategies: 
instead of relying on a static τ value, query-adaptive thresholds 
derived from embedding distribution characteristics may 
improve recall while maintaining high precision. Finally, 
deploying the system in a real operational environment would 
enable continuous performance monitoring—such as click-
through behaviour, user satisfaction signals, and human 
relevance judgments—thereby providing valuable feedback loops 
for iterative refinement of both retrieval and ranking 
components
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