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ABSTRACT: Embeddings are fundamental to developing the reasoning of a Large Language Model (LLMs). By allowing 
raw input data to be represented in a vector space, embeddings enable LLMS to detect patterns and excel in a wide range of tasks, 
such as text classification or detecting semantic similarity. This paper presents a comparative analysis that aims to analyze the 
various embeddings that are proposed for building RAG models. Drawing from existing studies, we analyze and compare various 
embedding techniques. Then, their applications are demonstrated through empirical evaluation using the PAN-PC-11 plagiarism 
detection dataset. Furthermore, using a subset of embeddings in Azure, we will demonstrate how AI applications' performance 
can vary with embeddings, thus demonstrating the efficacy of embedding models. 
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�   Introduction
In the rapidly advancing field of Artificial Intelligence (AI), 

large language models (LLMs) have emerged as the future 
of Generative AI applications, containing the capability of 
understanding and reasoning with language. Over the next 
decade, these applications will become the new standard for 
innovation, becoming essential in fields from law to health-
care. Interwoven through the different fields that utilize these 
LLMs is a necessity for quality data. At the center of data 
representation lies embeddings; they allow LLMs to perform 
large-scale, complex downstream tasks by creating vectorized 
representations of texts.1 They act as a connection between raw 
input and machine reasoning, allowing for downstream tasks 
such as clustering, searching, and retrieval-augmented gen-
eration (RAG). RAG systems implement embeddings with 
other retrieval mechanisms in order to increase accuracy and 
decrease hallucinations. For example, OpenAI’s GPT-4 relies 
on advanced textual embeddings to understand nuances in 
meaning and context.2 Similarly, LLaMA models often em-
ploy specialized embedding models to enhance performance 
on domain-specific tasks, such as legal or biomedical question 
answering.3 Multi-modally, the popular image-generator ap-
plication DALLE-2 improves performance through CLIP 
embeddings.4

Over the past few years, embedding techniques have evolved 
and gone through significant transformations. Starting with 
count-based embeddings, Bag of Words (BoW) and Term 
Frequency-Inverse Document Frequency (TF-IDF) methods 
counted word occurrences or weighted them by rarity, ignoring 
word meaning.5 Then, static dense word embeddings such as 
Word2Vec and GloVe were developed, using fixed vector rep-
resentations for each word – capturing meaning but unable to 
adapt to polysemy (or a word changing meaning depending on 
context).6,7 Pioneering contextualized embeddings like ELMo, 

GPT, and BERT captured bidirectional context, allowing for 
more accurate downstream reasoning.8-10

However, embedding models are not perfect. As a conse-
quence, if these representations are not up to standard, the 
effectiveness of these extremely powerful applications may 
crash, leading to hallucinations and inaccurate knowledge. This 
limitation is especially evident in tasks that rely on detecting 
semantic similarity rather than exact text overlap, such as pla-
giarism detection, where meaning can be preserved despite 
substantial surface-level changes.11 This issue is particularly 
significant as LLM applications enter high-stakes domains, 
where misinformation/misinterpretations can have serious 
consequences. For example, LEGAL-BERT demonstrates the 
value of embeddings in legal settings for improving document 
classification and retrieval accuracy, yet similar context-specific 
approaches remain underexplored in other fields.12

This paper investigates the following research question: 
What are the strengths and limitations of various embedding 
techniques, and how do they affect the performance of infer-
ence using large language models across downstream tasks?

This question is significant because embeddings are import-
ant beyond low-stakes use cases such as keyword-based search 
or topic classification. Now, they are the bridge between knowl-
edge input and foundational model reasoning. High-stakes 
applications such as plagiarism detection, legal reasoning, and 
clinical decision support demand robust semantic represen-
tations and, subsequently, high-performance accuracy. In this 
context, this paper argues that the choice of embedding model 
is not just a technical factor, but a key factor in shaping the 
accuracy and reliability of RAG-based AI applications.

To explore this claim, this paper is organized into three main 
sections:

1. Learning Representations: This section surveys existing 
work on embedding techniques and compares their strengths 
and limitations for application in RAG frameworks.
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2. Discussion: This section interprets the results of our liter-
ature review and highlights the implications of these findings 
for developers building RAG models, emphasizing case-to-
case considerations. Then, it employs an embedding model 
directly on one such use case, highlighting an application’s re-
liance on embedding quality and discussing the results of the 
case study.

3. Conclusion: This section summarizes our findings and 
proposes directions for future research on embedding evalu-
ation.

�   Learning Representations
In this section, we will present different embedding tech-

niques that are critical and fuel the application development 
cycle using foundational models. We will divide them into two 
major categories – linguistic embeddings and multi-modal 
embeddings. For each family of embeddings, we will present 
the strengths and weaknesses of each embedding technique 
while also presenting some technical architectures of popular 
open source methods.

2.1. Linguistic Embeddings:
Linguistic embeddings transform raw text into numerical 

vectors that are able to capture semantic meaning, relation-
ships, and context. In turn, linguistic embeddings have become 
essential for LLMs to perform tasks such as retrieval and 
clustering. Originating from count-based methods like BoW 
and TF-IDF, today’s contextualized embeddings are built on 
transformer architectures and are able to adapt representations 
based on surrounding text. However, while modern models 
offer richer semantic representations, factors such as context 
window size or multilingual support still determine embed-
ding model suitability. The following subsections review key 
linguistic embedding models – E5, SFR-Embedding, GTE, 
BGE, and Jina – and evaluate their architectures, strengths, 
and tradeoffs.

2.1.1. E5 Models:
The E5 family of embedding models, developed by Micro-

soft, is a group of lightweight yet high-performing models for 
generating semantic representations of text. These models are 
built on Transformer-based encoder architectures, primarily 
using RoBERTa or XLM-RoBERTa as the backbone. Natu-
ral language instructions are input through a prefix of “query:” 
or “passage:” for the model to generalize across various tasks. 
Then, Contrastive Pre-training uses the InfoNCE contrastive 
loss function.13,14

Finally, fine-tuning is applied with curated datasets such as 
the MS MARCO or NQ for higher performance on semantic 
similarity, retrieval, and clustering tasks.15-17 This formula-
tion and finetuning ensure that the model learns fine-grained 
semantic distinctions between texts, rather than relying on 
surface-level overlap. These steps allow the models to have 
improved performance on retrieval and similarity tasks.

The English-only variant, E5-large-v2, is a 350 million pa-
rameter embedding model developed by Microsoft. The model, 
containing 24 layers, is able to capture complex relationships 
between words and ideas. And, leveraging weakly-supervised 
contrastive pre-training, it is able to learn semantic information 
from large amounts of unlabeled text. These features allow the 
model to deliver a strong, replicable performance in retrieval, 
semantic search, and textual matching, even surpassing models 
with up to 40x more parameters on the MTEB benchmark.14,18 
Its lighter size is commercially usable under the MIT license.

However, the embedding model, while highly effective, has 
certain constraints. Namely, it truncates inputs longer than 512 
tokens, and its required prefixes for inputs are more restrictive 
compared to instruction-friendly alternatives such as the Jina 
v2 or GTE-Qwen2. Moreover, the E5-large-v2 lacks multi-
lingual capabilities.

To address this, Microsoft released the Multilingual E5 
(mE5) models in mid-2023, using a similar training method. 
The models are trained on about 1 billion multilingual text 
pairs with contrastive learning and subsequently fine-tuned 
using labeled datasets.19 The instruction tune variant, mE5-
large-instruct, demonstrates strong performance in the MTEB 
benchmark, surpassing BGE-large-en-1.5 by 0.2 points.18,19

2.1.2. SFR-Embedding:
SFR-Embedding is a 7B parameter model, developed by 

Salesforce, that produces 4096-dimensional embeddings, 
designed for the purpose of research.20 In particular, the 
SFR-Embedding-Mistral fine-tunes the E5-mistral-7B-in-
struct across a wide range of tasks with a batch size of 2048. 
It delivers one of the highest MTEB scores of 67.6, excelling 
in diverse tasks such as retrieval, clustering, and classification 
– often matching or outperforming the GTE-Qwen2-7B in 
tasks centered around English.21,22 However, its massive size 
makes it less practical than lighter models such as the E5, 
BGE, or Jina v2. In addition, the model does not have com-
mercial usability due to its research-only license. While the E5 
offers a balance in performance and versatility, the SFR needs 
large amounts of GPU resources while lacking nuanced multi-
lingual capabilities, which the GTE excels at. In addition, the 
SFR is less nuanced than the E5 and is unable to understand 
context as well.

2.1.3. GTE Models:
The General Text Embedding (GTE) models, developed by 

Alibaba DAMO Academy, employ a dual-encoder architec-
ture built on top of deep Transformer encoder architectures, 
like BERT. Given a text input x = (x1, . . . , xn), the encoder first 
contextualizes token embeddings:2

Then, a simple mean pooling is applied over the token di-
mension to obtain a text representation:2

Similar to E5 models, GTE is trained using a contrastive 
loss objective with the InfoNCE loss function.13 Then, the 

DOI: 10.36838/IJHSR87.281

ijhighschoolresearch.org



	 283	

training follows a two-stage training process: 1. large-scale 
unsupervised pre-training on ~800 million naturally occurring 
text pairs and 2. supervised fine-tuning on smaller, curated 
datasets.2 The pre-training hones the model’s ability to learn 
general semantic relationships and to detect nuanced semantic 
similarities relevant to downstream tasks.

GTE supports a 32,000-token input window, far exceed-
ing E5’s 512-token limit and Jina’s 8192-token limit, making 
it ideal for long-context tasks. While previous GTE mod-
els contained multilingual restraints, the recently released 
GTE-Qwen2 models show excellent performance across lan-
guages.23 As of June 16, 2024, the GTE-Qwen2-7B-Instruct 
achieved number one on the MTEB leaderboards for both 
Chinese and English tasks.18 In comparison to the SFR, GTE 
stands out for its excellent multilingual performance and in-
struction-following ability. However, both have similarly high 
computational demands – making them impractical in low-re-
source environments.

2.1.4. BGE Models:
The BGE family was developed by the Beijing Academy 

of Artificial Intelligence and are text embedding model opti-
mized for dense retrieval, reranking, and semantic similarity. 
The architecture of BGE models is based on Transformer 
encoders and is often initialized from pretrained models such 
as Mistral-7B.24,25 They are trained using contrastive learning 
objectives and Low-Rank Adaptation (LoRA), for param-
eter-efficient fine-tuning.25,26 They are trained on a mix of 
retrieval, reranking, classification, clustering, and semantic tex-
tual similarity (STS) tasks across datasets.25 BGE models span 
a range of sizes, such as the bge-small, bge-base, and bge-large, 
and are multilingual. In addition, these models support con-
text windows of up to 8192 tokens and demonstrate a strong 
performance on the MTEB and C-MTEB benchmarks, out-
performing existing Chinese text embedding models by more 
than 10% as of September 24, 2024, while having relatively 
lightweight architectures.27 However, with extremely long or 
unstructured inputs, embedding performance drops signifi-
cantly. In addition, procedures to fine-tune the models may be 
technically complex.

2.1.5. Jina-Embeddings:
Jina-Embeddings: The Jina Embeddings family, developed 

by Jina AI, is designed to address semantic tasks and their nu-
merous versions geared towards varying tasks. Among these, 
Jina Embeddings v2 stands out as a lightweight yet high-per-
forming model built on the BERT architecture and fine-tuned 
using text pairs and hard negatives.28 Jina Embeddings v2 fea-
tured ~100 million parameters and was optimized to be able 
to run on consumer-grade hardware while rivaling OpenAI’s 
ada-002 on tasks such as classification and reranking, as eval-
uated on the MTEB.18,28 The model supports context lengths 
up to 8192 tokens, allowing better handling of longer docu-
ments, transcending the limit of the BERT architecture, and 
faster speeds due to an optimized parameter size. However, 
Jina v2 is not without limitations. Its relatively small size may 
constrain the depth of semantic nuance it can capture, and its 

large context-window may consequently dilute attention over 
extended passages.

�   Methodology
For this study, we selected the PAN-PC-11 dataset.11 This 

publicly available dataset offers an extensive and comprehen-
sive collection of both original or “source” documents and 
their corresponding “suspicious” counterparts, some of which 
are confirmed to be plagiarized directly or through semantic 
obfuscation. Out of all the datasets researched, PAN-PC-11 
stood out for its size, accessibility, and rich metadata, which 
includes plagiarism labels, source document references, de-
grees of obfuscation (low or high), and origin type (artificial 
or manual). Specifically, we narrowed down our data to the 
Source and Suspicious Documents within the “external” folder 
contained in Part 1 of the dataset, which provided the thor-
ough metadata. Each folder contains 23 parts or subfolders of 
500 documents, with no particular distinction between each 
part. Currently, we are encoding the first part (or first 500 
documents) from the source, and the same for the suspicious 
documents. For this initial empirical investigation and due to 
resource constraints, including embedding API costs and run-
time, we limited our analysis to the first 100 documents from 
each category (source and suspicious), all drawn from Part 1 
of the dataset.

To demonstrate the importance of embeddings in detect-
ing semantic similarity, we designed a pipeline that evaluates 
overlap between original source documents and potentially 
plagiarized counterparts using embedding-based retrieval. 
The ultimate goal wasn’t to measure or benchmark specific 
embedding models, but to show how the application’s overall 
success depends on the embeddings it operates on.

2.2. Multi-Modal Embeddings:
In the field of multi-modal large language models, encoders 

play a central role in converting raw information, often in the 
form of images, audio, or video, into a compact format that 
can be understood. Rather than training these encoders from 
scratch, many multi-modal LLMs employ pretrained encoders 
that have already been aligned. Because these encoders signifi-
cantly impact downstream LLM performance, it is necessary 
to understand the strengths and limitations of each encoding 
technique and select an encoder that is well-suited for integra-
tion with the LLM.29 The following subsections will evaluate 
the performance of key multi-modal embeddings, including 
CLIP-ViT-L/14, EVA-CLIP-VIT-G/14, Open-CLIP-ViT-
bigG/14, HuBERT, and CLAP.

2.2.1. CLIP-ViT-L/14:
CLIP-ViT-L/14 is a widely used vision encoder that has 

been pretrained on a dataset of approximately 400 million text 
pairs. Because of this alignment, zero-shot performance across 
a wide range of downstream tasks is enabled. Because CLIP 
is widely used and has a strong initial alignment, it is often 
favored as the base encoder for many LLMs. However, the 
CLIP operates at relatively low resolutions (224/336), which 
can hinder performance on downstream tasks, as previous 
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in zero-shot audio classification and demonstrates excellent 
performance in text-to-audio retrieval, while also performing 
competitively in fully supervised settings.39 However, CLAP 
relies on the quality of text captions, allowing low-quality de-
scriptions to degrade model performance. In addition, CLAP’s 
contrastive learning stage is resource-consuming and requires 
substantial memory.

�   Discussion 
3.1. Analysis:
In this section, we synthesize insights from our analysis of 

embedding techniques and our empirical evaluation on pla-
giarism detection. While embedding techniques are often 
compared on the basis of standardized benchmarks, we employ 
an approach that captures the nuances of real-world applica-
bility, taking into account system-level constraints or ethical 
consequences. By contrasting low-stakes applications such 
as homework assistance tools with high-stakes applications 
such as clinical diagnostics, we highlight how model capabil-
ities must be evaluated in context. In addition, our empirical 
case study demonstrates how embedding quality directly af-
fects downstream performance on both a technical level and 
a moral or societal one. Overall, these findings underscore the 
importance of holistically selecting an embedding model with 
consideration of both the technical demands and ethical stakes 
of the application.

Choosing an embedding model is often determined by the 
constraints and goals of the application. We present two use 
cases of embedding models on opposite ends of the spectrum 
and explain how different models would suit one or the other.

In the first case, consider the development of a lightweight 
homework assistance app that helps high school students 
with homework through summarizing texts or explaining cer-
tain concepts. A requirement for this system is usability on 
devices with limited processing power and accessibility with 
minimal latency. Therefore, in this scenario, lightweight em-
bedding models such as Jina Embeddings v2 or E5-large-v2 
are well-suited. On the other hand, models based solely on per-
formance, such as the GTE-Qwen2-7B or SFR-Mistral, may 

studies cite an improvement in performance with higher reso-
lution.29-33 Moreover, an analysis of CLIP’s performance across 
a variety of different datasets found that it still falls well below 
the overall state of the art, and that its zero-shot performance 
is inadequate on several types of tasks.34 Compared to EVA-
CLIP-ViT-G/14 and Open-CLIP-ViT-bigG/14, CLIP is 
smaller and more computationally efficient, making it suitable 
for resource-constrained environments, though at the cost of 
lower maximum accuracy.

2.2.1. EVA-CLIP-ViT-G/14:
Used in models like MiniGPT-4, EVA-CLIP-ViT-G/14 is 

a ViT-based encoder enhanced through improved pretraining 
strategies.35 With more than 1 billion parameters, the encoder 
offers more nuanced representations of complex visual inputs. 
In addition, some EVA models demonstrate higher zero-shot 
top-1 accuracy than CLIP models while having lower training 
costs than Open-CLIP.36 However, the EVA-CLIP-ViT-G/14 
encoder contains lower resolution (224), which may affect the 
performance of downstream tasks.29 EVA offers a middle 
ground: more nuanced than CLIP but more resource-efficient 
than Open-CLIP.

2.2.2. Open-CLIP-ViT-bigG/14:
Open-CLIP-ViT-bigG/14 is trained on the LAION-

2B dataset of almost 2 billion image-text pairs and features 
a significantly larger parameter size of 1.8B +, allowing it to 
capture high-level semantic features effectively.37 However, the 
encoder’s large parameter size makes it consequently extreme-
ly memory and resource-intensive, making it less practical for 
certain applications. Compared to CLIP and EVA, it offers 
the highest maximum accuracy but the lowest efficiency.

2.2.3. HuBERT:
HuBERT is a self-supervised audio encoder designed to 

address three challenges in speech representation learning: 
the presence of multiple units per unit of input utterance, the 
lack of a predefined lexicon, and the changing lengths of au-
dio segments.38 Rather than relying on high-quality cluster 
labels, HuBERT starts with basic k-means clustering and re-
fines over multiple iterations. In other words, it depends on the 
quality of the clustering process itself. With a 1 billion param-
eter model, HuBERT outperforms or matches wav2vec 2.0 
across benchmarks like LibriSpeech and Libri-Light, along 
with achieving up to 19% relative WER reduction on difficult 
datasets.38 However, even with HuBERT's performance, due 
to its reliance on cluster consistency, poor initial clustering can 
still degrade downstream performance. In addition, HuBERT 
has a speech-only focus, not supporting other audio modalities 
such as background sounds or music.

2.2.3. CLAP:
CLAP applies contrastive learning to align audio and natu-

ral language into a shared representation space.39 It is trained 
on the LAION-Audio-630K dataset, including over 630,000 
audio-text pairs, allowing it to connect these signals to textu-
al descriptions. CLAP achieves state-of-the-art performance 
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ant internally, but can become a single, critical point of failure. 
If an embedding fails to capture nuance between two texts, 
downstream performance may be significantly degraded. With 
the plagiarism detection case study, this dependency becomes 
visible – when the embeddings successfully capture semantic 
similarity, the model succeeds; and when they don’t, it fails.

Moreover, plagiarism detection demonstrates the 
ethical stakes of embeddings. Academic integrity and intel-
lectual property protection are foundational principles that 
reach across the fields of education and innovation, meaning 
they must be enforced. If an application cannot reliably flag 
plagiarized content, these principles may be broken. A model 
needs to understand that meaning itself can be stolen. And 
embeddings are a key part in aiding that ability. Therefore, this 
use case evaluates the actual role of embeddings in high-stakes 
applications that need thorough, complex language under-
standing.

3.2.1. Methodology:
For this study, we selected the PAN-PC-11 dataset.11 This 

publicly available dataset offers an extensive and comprehen-
sive collection of both original or “source” documents and 
their corresponding “suspicious” counterparts, some of which 
are confirmed to be plagiarized directly or through semantic 
obfuscation. Out of all the datasets researched, PAN-PC-11 
stood out for its size, accessibility, and rich metadata, which 
includes plagiarism labels, source document references, de-
grees of obfuscation (low or high), and origin type (artificial 
or manual). Specifically, we narrowed down our data to the 
Source and Suspicious Documents within the “external” folder 
contained in Part 1 of the dataset, which provided the thor-
ough metadata. Each folder contains 23 parts or subfolders of 
500 documents, with no particular distinction between each 
part. Currently, we are encoding the first part (or first 500 
documents) from the source, and the same for the suspicious 
documents. For this initial empirical investigation and due to 
resource constraints, including embedding API costs and run-
time, we limited our analysis to the first 100 documents from 
each category (source and suspicious), all drawn from Part 1 
of the dataset.

To demonstrate the importance of embeddings in detect-
ing semantic similarity, we designed a pipeline that evaluates 
overlap between original source documents and potentially 
plagiarized counterparts using embedding-based retrieval. 
The ultimate goal wasn’t to measure or benchmark specific 
embedding models, but to show how the application’s overall 
success depends on the embeddings it operates on.

offer higher accuracy or semantic understanding for home-
work summaries or explanations but are significantly heavier 
in terms of computing and memory requirements. These mod-
els would be ill-suited for lightweight applications due to their 
size and longer response times, which can degrade usability 
for students. In addition, designing this app for commercial 
purposes may not allow for access to many of these embedding 
techniques, as certain models like SFR-Mistral are restricted 
to research use only (Table 1). Therefore, model selection must 
include not only performance goals, but also the system’s con-
straints and user context.

On the other side of the spectrum, consider a high-stakes 
medical diagnostics system supporting oncologists, which 
must detect subtle patterns in X-rays while considering patient 
histories. Here, visual encoders like Open-CLIP-ViT-G/14 
or EVA-CLIP-ViT-G/14 are better suited for these scenari-
os, offering better alignment of textual and visual information 
while also allowing for a more fine-grained representation of 
medical imagery. For the text-processing component, models 
like GTE-Qwen2-7B, though computationally taxing, can 
provide long-context reasoning and instruction-following 
ability, which are well-suited to synthesize long medical re-
cords or research literature. In contrast, lighter models like Jina 
v2 or E5-large-v2 are insufficient in this context because they 
contain limited context windows and lower representational 
capacity (Table 1), meaning they are at a higher risk of losing 
critical clinical details. In medical systems where misclassifi-
cation or inaccuracy may have life-threatening consequences, 
performance trade-offs are unacceptable.

3.2. Empirical Evaluation:
In the era of large language models, embeddings have be-

come the basis for downstream applications. They compress 
text into a summary of its meaning and structure, which al-
lows systems to make fast and efficient judgments about 
language-based tasks. However, this reliance on embeddings 
introduces a critical assumption that the embedding contains 
enough information to support the downstream task. If these 
embeddings are too shallow or insensitive to deeper meaning, 
then many downstream models could likely fail. This empirical 
study investigates that statement by isolating and evaluating 
the role of embeddings in a concrete, high-stakes application 
– plagiarism detection.

Plagiarism, especially in the era of generative AI, is more 
than just keyword matching. Instead, it asks whether a mod-
el can understand when two texts express the same ideas in 
different forms. This makes it a compelling lens for exploring 
how LLM systems rely on embeddings. The task comes in two 
main levels: surface-level plagiarism, where copied content is 
nearly identical, and semantic plagiarism, where the idea is sto-
len but reworded to avoid detection. Surface-level plagiarism 
can often be caught through n-gram comparisons or cosine 
similarity of token vectors. But detecting semantic plagiarism, 
especially with high obfuscation, requires embedding tech-
niques. Most modern applications built on LLMs don’t run on 
raw input each time. Instead, they run on fixed embeddings to 
make judgments. Therefore, the embedding is not just import-
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We designed a preprocessing and embedding-based retrieval 
pipeline to detect plagiarism by measuring semantic similarity 
between documents.

Preprocessing (Figure 1): In the first step of the pipeline, all 
source and candidate documents undergo a uniform prepro-
cessing stage to ensure consistency in downstream analysis. 
Text is converted to lowercase, punctuation and stop words are 
removed, whitespace is normalized (e.g., replacing newlines 
with spaces), and excess spacing is trimmed. This cleaning 
stage reduces noise and enforces a standardized text represen-
tation so that irrelevant formatting differences are prevented 
from affecting similarity scores.

Chunking and Batching (Figure 1): After preprocessing the 
data, the RecursiveCharacterTextSplitter is employed to split 
each document into semantically meaningful chunks. Unlike 
naive splitting, which may fragment meaning, recursive split-
ting preserves coherence within each chunk, which is necessary 
for meaningful embeddings. Then, the resulting chunks are 
batched in order to stay under the total token length limit of 
Azure OpenAI embedding API (text-embedding-3-large) to 
prevent truncation or errors. Batching size was set to 20 chunks 
per API call, and retries were configured for up to 3 attempts 
with a 10-second delay.

Embedding (Figure 1): Each batch is transformed into a 
1536-dimensional vector using the pretrained Azure Ope-
nAI embedding model text-embedding-3-large. These dense 
embeddings are able to capture semantic meaning and enable 
vector similarity comparisons.

Storage in Vector Database (Figure 1): The resulting vectors 
are stored in ChromaDB under the corresponding source doc-
ument, which enables efficient similarity search at scale and 
preserves metadata. With ChromaDB’s metadata handling, we 
can identify not only which document it came from but also 
where in the document it stemmed from. Because documents 
vary in length, a single document may correspond to multiple 
embeddings. This vector database acts as the retrieval backend 
for future similarity queries.

Retrieval (Figure 1): Then, each batch of embeddings for the 
candidate documents is queried against the ChromaDB using 
similarity search. Cosine similarity is employed as the similar-
ity metric, as it normalizes for vector magnitude and is widely 
used in high-dimensional embedding spaces. For each batch, 

the top five nearest neighbors are retrieved, and the neighbor 
with the highest similarity is selected as the closest match.

Similarity Scores (Figure 1): To summarize document-lev-
el similarity, both the maximum and average similarity scores 
are computed across all batches. These metrics address two 
different levels of plagiarism: the maximum similarity score 
capturing potential moments of direct copying, while the av-
erage reflects the overall semantic similarity between the texts. 
This process is repeated for both genuine source documents 
and known plagiarized texts.

This allows us to capture both local overlaps and broader 
semantic similarity, providing a nuanced view of potential pla-
giarism.

3.2.2. Results:

After embedding and comparing each from the source and 
suspicious, or potentially plagiarized, documents, our empir-
ical evaluation revealed a clear distinction in the maximum 
similarity scores between the original source documents and 
the known plagiarized texts, demonstrating the effectiveness 
of embeddings in plagiarism detection. Source documents, 
when compared to themselves, produced maximum simi-
larity scores tightly clustered between 0.90 and 0.97, with a 
peak around 0.94 (Figure 2). On the other hand, plagiarized 
documents, even with obfuscation, demonstrated consistently 
lower maximum similarity scores, clustering between 0.74 and 
0.83, while peaking near 0.80 (Figure 2). This non-overlapping 
bimodal distribution suggests that, even with heavy obfusca-
tion or paraphrasing, textual embeddings preserved enough 
meaning in their vector representations to be able to distin-
guish plagiarized texts from source materials. However, even 
with a clear distinction between plagiarized and source mate-
rials, the embedding model still produced semantic similarity 
scores that were detectably high for copied content. These re-
sults demonstrate that embedding quality directly influences 
the downstream performance of high-stakes language systems 
such as plagiarism detection. When embeddings are able to 
encode nuanced semantic meanings, these tasks demonstrate 
higher accuracy. Our findings support the idea that embed-
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Figure 1: This figure details the pipeline that was designed when employing 
embedding models and receiving similarity scores for the plagiarized and 
source documents.

Figure 2: This figure shows the distribution of maximum similarity scores 
between two different types of documents – source documents, shown in blue, 
and plagiarized documents, shown in orange. The minimal overlap between 
the two distributions indicates strong discriminative power between the 
categories.

ijhighschoolresearch.org



	 287	

dings deserve explicit attention when designing applications, 
especially with Generative AI.

3.2.3. Limitations:
While this study highlights the role of embeddings in de-

tecting plagiarism, its findings are constrained to the dataset 
and models evaluated. Computational constraints restricted 
the sample size, which may reduce the generalizability and 
robustness of the results. The evaluation was also limited to 
text-based plagiarism, leaving out other modalities such as 
code or multimedia content.

�   Conclusion 
In conclusion, this study has explored different types of 

embedding models – linguistic and multi-modal – and demon-
strated that they are components of an application that can 
significantly influence the ethical and functional performance 
of AI applications. Benchmarks like MTEB can offer sur-
face-level comparisons, but our analysis shows that embedding 
effectiveness is deeply tied to application-specific constraints 
and consequences. We examined two theoretical use cas-
es – lightweight educational tools and high-stakes medical 
diagnostics – and conducted an empirical investigation into 
plagiarism detection. With our empirical evaluation, source 
documents, when compared to themselves, produced maximum 
similarity scores between 0.90 and 0.97, while plagiarized doc-
uments, even with high obfuscation, clustered around 0.74 and 
0.83, demonstrating high overlap but a clear distinction be-
tween original and copied. Our results, with a non-overlapping 
bimodal distribution, suggest that high-quality embeddings 
are essential for nuanced tasks such as identifying plagiarized 
documents, a task that requires complex representations that 
capture semantic meaning. Our analysis of different embed-
ding models aims to provide a clear rationale for selecting the 
most appropriate model based on the specific constraints of 
different applications, and our domain-specific empirical case 
study aims to emphasize the significance of embedding tech-
niques in various contexts. Moreover, our findings explore the 
importance of context-based analysis and the potential sig-
nificant societal impact. As embeddings become foundational 
across Generative AI applications, their failure can translate 
into failures in high-stakes environments, like preserving ac-
ademic integrity or medical accuracy. For example, in the 
medical diagnostics context, a poorly chosen embedding model 
could mean hallucinations and inaccuracies in clinical recom-
mendations, potentially affecting patient vitality.

Moving forward, future research is needed in several differ-
ent avenues. More systematic comparisons across a wider range 
of embedding models are needed – especially evaluating how 
they perform in different contexts, such as education, health-
care, and law. Moreover, as linguistic and multimodal models 
continue to evolve, deeper exploration can be done to evaluate 
how these embeddings generalize across languages or modali-
ties. Additionally, future work could investigate the robustness 
of embedding models to adversarial inputs and integrate more 
complex metrics into embedding evaluation frameworks.

Ultimately, our work emphasizes the notion that embedding 
models are not just a minor technical component. Instead, they 
play a foundational role in shaping how information is repre-
sented and utilized in modern Generative AI systems. Careful, 
context-based selection of embeddings is therefore essential in 
order to build responsible, high-performing AI systems. Be-
cause as AI becomes central to high-stakes decision-making, 
the importance of high-quality embeddings has never been 
greater.
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