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ABSTRACT  

Background. Transformer-based models have become central to natural language 
processing, demonstrating state-of-the-art performance in semantic similarity assessment, 
a task critical for various applications. These models capture detailed relationships between 
text, advancing the ability to gauge semantic relatedness. 

Materials and Methods. The performance of sentence embedding models, including 
all-mpnet-base-v2, all-MiniLM-L6-v2, paraphrase-multilingual-mpnet-base-v2, bge-base-
en-v1.5, all-roberta-large-v1, all-distilroberta-v1, LaBSE, paraphrase-MiniLM-L3-v2, bge-
large-en-v1.5, was assessed across different dataset sizes with two datasets. The following 
preprocessing steps were applied to the datasets: lowercasing, removing stop words, 
cleaning from special symbols and numbers, and lemmatization. Cosine similarity scores 
with negative values, indicating semantic dissimilarity, were treated as equivalent to a 
human-annotated similarity score of 0, and non-negative cosine similarity values were 

scaled to the 0-5 range. Metrics such as 𝑅2, MSE, RMSE, MAE, Spearman’s Correlation 

Coefficient, and Kendall's Tau were used for evaluation. 
Results and Discussion. Models’ performance generally improves with increased data. 

Evaluation of sentence embedding models revealed performance variations. all-roberta-

large-v1 showed strong accuracy with high 𝑅2values and low errors. BAAI/bge-large-en-

v1.5 excelled in capturing semantic relationships, demonstrating high Spearman’s and 
Kendall's Tau coefficients. all-MiniLM-L6-v2 demonstrated the fastest embedding 
generation. BAAI/bge-base-en-v1.5 presented the lowest accuracy. Processing times 
generally increase with data size. 

Conclusion. This study highlights a trade-off between accuracy and efficiency in 
sentence embedding. Model selection depends on balancing these factors to align with 
specific application needs. In cases when requiring high accuracy should favor all-roberta-
large-v1, while those prioritizing speed would benefit from all-MiniLM-L6-v2. BAAI/bge-large-
en-v1.5 is most suitable for tasks demanding semantic understanding of text details. 

Keywords: semantic similarity, sentence embeddings, transformers.  

INTRODUCTION  

As digital information grows at an accelerating pace, the ability to understand the 
meaning behind text has become fundamental. From search engines to nuanced 
interactions with virtual assistants, the need for machines to comprehend semantic content 
is becoming increasingly important. However, while computers excel at processing raw 
textual data, catching the hidden nuances of natural language remains a complex 
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challenge. The core of this challenge lies in making it possible for machines to move 
beyond simple word matching and to understand the underlying meaning of text instead. 

Researchers have developed text embeddings [1], a powerful technique that 
transforms words and sentences into dense numerical vectors to address this challenge. 
Unlike simple word representations, these vectors capture the semantic relationships 
between text elements, allowing computers to understand context and meaning. This 
process has evolved significantly, moving from earlier methods like Word2Vec [2] and 
GloVe [3], which generated static word embeddings, to more advanced contextual 
embeddings such as those produced by transformers [4] and transformer-based models 
like BERT [5] and its variants. These advancements have paved the way for the 
development of various application areas for text embeddings, ranging from fundamental 
tasks like text classification [6] to more sophisticated techniques such as data augmentation 
using large language models [7]. The benefit of converting text to vectors is that 
mathematical operations such as calculating distance can be performed on them, thus 
enabling computers to quantify semantic relationships [8, 9]. 

A crucial application of text embeddings is the semantic similarity measurement, 
quantifying the degree to which two pieces of text share a related meaning. This capability 
enables a wide range of Natural Language Processing tasks. For instance, accurate 
semantic similarity in information retrieval allows search engines to identify documents 
conceptually relevant to a user's query, even if they do not contain the exact words [10]. 
Similarly, question-answering systems enable matching questions to appropriate answers 
by understanding their underlying meaning [11]. Other applications include plagiarism 
detection, where subtle similarities in phrasing can be identified, and document clustering, 
where related documents are grouped based on their semantic content [12]. The 
performance of all these applications is directly tied to the quality and accuracy of the text 
embeddings used to calculate semantic similarity. 

Building on these advancements, the broader landscape of Natural Language 
Processing has recently been transformed by powerful Large Language Models (LLMs) 
such as Llama 3/4, Grok, Qwen, or Mistral. While these general-purpose LLMs 
demonstrate impressive capabilities in broad generative and complex reasoning tasks, it is 
crucial to differentiate them from specialized sentence embedding models. The models 
primarily evaluated in this study are specifically engineered and optimized for generating 
high-quality, dense vector representations of text, making them inherently more efficient 
and effective for the semantic similarity tasks under investigation. 

While numerous sentences embedding models have been introduced recently, direct 
comparisons of their performance and efficiency are not always prevalent. This article the-
refore, undertook a comparative investigation of various sentence embedding models to ad-
dress the challenge of accurately quantifying semantic similarity between texts. Specifically, 
the output of these models, when paired with cosine similarity, was analyzed to estimate the 
degree of semantic relatedness between different text snippets. Furthermore, to provide a 
practical perspective on the efficiency of these models, the time taken by each model to 
generate embeddings and subsequently compute the similarity scores was also measured 
and compared. This dual approach offered insights into the effectiveness and computational 
cost of employing different sentence embedding techniques for text similarity tasks. 

Obtained insights are not merely theoretical; they directly inform the practical selection 
of models for diverse real-world applications. For instance, in scenarios demanding high-
throughput processing with limited computational resources, such as real-time 
conversational AI, where models provide rapid, contextually-aware responses by 
semantically matching user input to relevant intents, or large-scale document indexing, 
where documents are transformed into searchable embeddings to enable finding content 
by meaning and efficient content organization, understanding a model's efficiency becomes 
paramount. Conversely, for applications where strong predictive capability and nuanced 
semantic understanding are critical, such as precise information retrieval for identifying the 
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most relevant passages to a user's query or complex question-answering systems that 
must accurately extract answers from vast knowledge bases, model effectiveness takes 
precedence. The quality of these generated embeddings is therefore paramount for the 
success of such systems. This study systematically quantifies these crucial trade-offs, 
providing an empirical basis for developers and researchers to choose the most suitable 
sentence embedding model among those utilized, taking into account considerations such 
as efficiency and predictive performance. 

MATERIALS AND METHODS  

In experiments, two datasets, publicly available on the Hugging Face Portal and de-
signed explicitly for semantic similarity tasks, were utilized: sts-companion [13] and mteb-
stsbenchmark-sts [14]. These datasets contain pairs of sentences along with a correspon-
ding human-annotated semantic similarity score. Both datasets use similarity scores, which 
lie on a scale of 0 to 5 and represent varying degrees of semantic relatedness. 

One of the datasets consists of 5289 records, and the other 8628. Both datasets were 
tested with initial subsets of 100, 500, 1000, 2000, 4000, and 5000 records. The larger 
dataset was also tested with 8000, and the full dataset size, while the smaller dataset was 
tested with the full dataset size. This approach allowed us to assess how model 
effectiveness varies with an increasing number of records. 

To evaluate the effectiveness of different sentence embedding models for text 
similarity comparison, we employed the following models, all of which are available on the 
Hugging Face portal: 

• sentence-transformers/all-MiniLM-L6-v2: this model is a compact and efficient 
Transformer-based architecture. It is designed to produce effective sentence 
embeddings with relatively small model size, making it suitable for applications where 
computational resources are limited or speed is crucial; 

• sentence-transformers/paraphrase-multilingual-mpnet-base-v2: this model leverages 
the MPNet architecture [15] and has been trained on a large multilingual corpus. It is 
fine-tuned explicitly for paraphrase identification and semantic similarity across various 
languages, making it a strong choice for cross-lingual text understanding tasks; 

• BAAI/bge-base-en-v1.5: BAAI developed this model based on the transformer 
architecture and trained it on a substantial English language dataset. It is recognized 
for achieving high performance on various text embedding benchmarks, demonstrating 
its ability to capture nuanced semantic relationships in English text; 

• sentence-transformers/all-roberta-large-v1: this model utilizes the RoBERTa 
architecture [16], a powerful transformer variant known for its strong language 
understanding capabilities. Being a "large" model, it has a greater capacity to learn 
complex semantic representations, often leading to high accuracy in sentence 
embedding tasks; 

• sentence-transformers/all-distilroberta-v1: this model is a distilled version of RoBERTa, 
meaning it retains much of the performance of its larger counterpart while having a 
smaller size and faster inference speed. It offers a good balance between accuracy and 
efficiency for generating sentence embeddings; 

• sentence-transformers/LaBSE: standing for Language-Agnostic BERT Sentence 
Embeddings [17], LaBSE is explicitly designed to produce embeddings comparable 
across many different languages. This makes it highly effective for multilingual semantic 
similarity tasks and cross-lingual information retrieval; 

• sentence-transformers/paraphrase-MiniLM-L3-v2: like the all-MiniLM-L6-v2 model, this 
is another efficient transformer-based model focused on generating sentence 
embeddings. The "paraphrase" in its name indicates that it has been fine-tuned explicitly 
on paraphrase datasets, making it well-suited for tasks involving semantic equivalence; 
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• sentence-transformers/all-mpnet-base-v2: is based on the MPNet architecture, which 
is known for its effectiveness in capturing semantic relationships between sentences. It 
is designed to produce high-quality sentence embeddings and demonstrates a good 
balance of accuracy and computational efficiency. This model is suitable for a wide 
range of semantic similarity tasks. 

• BAAI/bge-large-en-v1.5: is the larger variant of BAAI's bge-base-en-v1.5 model for 
English. With more parameters, it aims to present state-of-the-art performance on 
English language text embedding tasks. It offers higher accuracy than its base 
counterpart at the cost of increased computational resources. 

For this study, all models were evaluated exclusively on English language texts, 
irrespective of their inherent multilingual capabilities. 

Fig. 1 illustrates the characteristics of the datasets used in this study. The top row 
displays the distribution of similarity scores for the mteb/stsbenchmark-sts (left) and sts-
companion (right) datasets. The x-axis represents the similarity score, while the y-axis 
represents the frequency of occurrence. The distributions reveal differences in the two 
datasets' range and concentration of similarity scores. While both datasets have many texts 
with similar lengths, their score distributions differ. The mteb/stsbenchmark-sts dataset has 
a more uniform distribution of scores, whereas the sts-companion dataset shows a higher 
concentration of high-value scores. 

Figure 1's middle and bottom rows show the distributions of sentence lengths for the 
first and second sentences in the comparison pairs, respectively. The x-axis represents the 
sentence length (number of tokens), and the y-axis represents the frequency of occurrence. 
These plots provide information about the variability in sentence lengths within each 
dataset. Notably, sts-companion contains a broader range of sentence lengths than 
mteb/stsbenchmark-sts, potentially impacting sentence embedding models' computational 
demands and performance. 

To quantitatively evaluate the performance of each sentence embedding model in the 
semantic similarity task, we employed four commonly used regression metrics: 

• Mean Squared Error (MSE): calculates the average of the squared differences 
between the predicted and the actual similarity scores. Lower MSE values indicate 
better model performance. 

• Root Mean Squared Error (RMSE): the RMSE is the square root of the MSE. It 
measures the average magnitude of the errors in the same units as the target variable, 
making it more interpretable than MSE. 

• Mean Absolute Error (MAE): calculates the average absolute differences between the 
predicted and actual similarity scores. Like RMSE, MAE is expressed in the units of the 
target variable and provides a robust measure of error, less sensitive to outliers than 
MSE or RMSE. 

• 𝑹𝟐: the coefficient of determination measures the proportion of the variance in the 

human-annotated similarity scores explained by the predicted scores. 𝑅2 values range 

from 0 to 1, with higher values indicating a better fit of the model to the data. 

• Spearman's Rank Correlation Coefficient: assesses the strength and direction of the 
monotonic association between the predicted and actual similarity values. It quantifies 
how well the ranking of predicted ratings aligns with human-annotated scores. 
Spearman's correlation spans from –1 to 1, where figures approaching 1 denote a 
strong positive monotonic link, figures nearing –1 suggest a strong negative monotonic 
link, and values close to 0 imply a weak or nonexistent monotonic link. 

• Kendall's Tau: measures the ordinal association between the predicted and actual 
similarity scores. It evaluates the degree to which the predicted ordering agrees with the 
human-annotated ordering. Kendall's Tau figures range from –1 to 1, with results 
approaching 1 indicating strong agreement in the order, results nearing –1 indicating 
strong disagreement, and results near zero indicating weak or no agreement. 
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Fig. 1. Distribution of similarity scores and sentence lengths in the mteb/stsbenchmark-sts and sts-companion 
datasets. 

These metrics collectively provide a comprehensive assessment of the sentence 
embedding models' performance in predicting semantic similarity. Additionally, we 
measured the time each model took to embed the text and calculated the average of these 
times to compare the computational efficiency of the models. 

The experimental procedure involved the following steps. 
1. The sentence pairs from each dataset were preprocessed to ensure consistency. The 

preprocessing included: lowercasing, removing stop words, cleaning from special 
symbols and numbers, and lemmatization; 
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2. Each sentence in the paired data was encoded into a vector embedding using the 
selected sentence embedding models.  

3. The semantic similarity between the resulting vector embeddings for each sentence 
pair was calculated using cosine similarity. It is important to note that cosine similarity 
yields a score between –1 and 1. For this study, negative cosine similarity values, indi-
cating semantic dissimilarity, were treated as equivalent to a human-annotated simila-
rity score of 0, and only non-negative cosine similarity values were scaled to the 0-5 
range.  

4. The scaled cosine similarity scores were compared against the ground truth similarity 
scores to assess the effectiveness of each sentence embedding model in capturing 
semantic relationships. 

RESULTS AND DISCUSSION  

In this study, we made a simplifying assumption regarding the interpretation of 
negative cosine similarity values. Specifically, any sentence pair with negative cosine 
similarity calculated from the model-generated embeddings was assigned a scaled 
similarity score corresponding to the lowest possible human-annotated score - 0. This 
decision was made to align the model output with the lower bound of the human scoring 
scale and to focus the analysis primarily on the model's ability to capture positive semantic 
similarity. This approach is often adopted as a pragmatic choice when mapping model 
output to human-annotated scales that typically do not assign granular scores below 
semantic unrelatedness, i.e., below zero similarity. It simplifies the evaluation framework 
by focusing on the strength of positive semantic relationships, which is often the primary 
objective in tasks such as information retrieval and question answering. 

However, it is important to acknowledge that this approach has limitations. We lose 
some of the information provided by the model's embedding space by treating all negative 
cosine similarity values as equivalent. A highly negative cosine similarity suggests a more 
substantial degree of semantic dissimilarity, potentially even indicating some semantic 
opposition, than a slightly negative value. Our simplification collapses these distinctions. 
Furthermore, this approach might mask subtle differences in how the models represent 
semantic dissimilarity. Some models might consistently produce more negative values for 
unrelated or contrasting sentences, and this behavior is not captured in our scaled scores. 
Future work could explore alternative scaling methods, such as mapping the full range of 
cosine similarity to the 0 - 5 scale, to better preserve the information contained in negative 
similarity values and provide a more detailed comparison of model performance. 

Table 1 presents the times taken by each model to generate text embeddings for text 
from the mteb-stsbenchmark-sts dataset. The paraphrase-MiniLM-L3-v2 model 
demonstrates the most efficient performance, with embedding times around 2 ms for 
smaller subsets, reaching only 3.7 ms for the whole dataset. The next best performance 
was exhibited by all-MiniLM-L6-v2 and all-distilroberta-v1 models; their times are 
approximately 3 ms for smaller subsets. However, all-distilroberta-v1 climbs to 18.6 ms for 
the complete dataset, while all-MiniLM-L6-v2 attains 5.6 ms for the most extensive dataset. 
Similar performance for smaller subsets was shown by bge-base-en-v1.5 and paraphrase-
multilingual-mpnet-base-v2 – around 4–5 ms; for the 8628-record dataset, times grow to 
34.8 ms and 38.8 ms, respectively. The all-mpnet-base-v2 model has times of roughly 5–
7 ms for small subsets and 35.1 ms for the largest. The LaBSE model's time expands to 
36.3 ms for the whole dataset, compared to about 5–6 ms for smaller ones. In contrast, all-
roberta-large-v1 and bge-large-en-v1.5 are the slowest; for the 8628-record dataset, times 
surge to 142.7 ms and 162.6 ms, respectively. While most models maintain relatively stable 
embedding times for smaller subsets (100 to 2000 records), all-roberta-large-v1 and bge-
large-en-v1.5 display a substantial jump for the whole dataset. 
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Table 1. Times taken by every model to create a vector representation of strings 
from the mteb-stsbenchmark-sts dataset. 

 Time, ms 

Records  
number 

Model 

100 500 1000 2000 4000 5000 8000 8628 

all-mpnet-base-v2 7.3 5.3 5.3 5.3 5.3 5.2 33.9 35.1 

all-MiniLM-L6-v2 3.1 3.0 3.0 3.0 3.1 3.1 4.5 5.6 

paraphrase-multilingual-
mpnet-base-v2 

4.7 4.9 4.9 4.8 5.0 4.7 38.5 38.8 

bge-base-en-v1.5 4.7 4.7 4.7 4.6 4.9 4.6 33.4 34.8 

all-roberta-large-v1 9.7 8.4 8.2 8.3 56.2 8.4 141.4 142.7 

all-distilroberta-v1 3.3 3.0 3.1 3.0 17.5 3.0 18.3 18.6 

LaBSE 6.2 4.8 4.7 4.8 32.3 4.6 35.6 36.3 

paraphrase-MiniLM-L3-v2 2.9 2.0 2.1 2.2 3.2 2.2 3.0 3.7 

bge-large-en-v1.5 10.1 8.3 8.3 8.4 123.0 8.3 132.8 162.6 

 
For most models, the time to embed a given number of records remains relatively 

stable across the smaller subset sizes (100 to 2000 records). This suggests that the 
embedding process scales consistently for these models within this range. However, the 
time taken for some models noticeably expands when processing the larger subsets, 
particularly the full dataset. For example, the embedding time for all-roberta-large-v1 
surges to 142.7 ms for the 8628-record dataset, compared to approximately 8.3 ms for 
smaller subsets. Similarly, bge-large-en-v1.5 also exhibits a substantial rise, reaching 
162.6 ms for the most extensive dataset. 

In contrast, models like all-MiniLM-L6-v2 and paraphrase-MiniLM-L3-v2 show the 
smallest increase in processing time when moving to the full dataset, suggesting more 
consistent scaling performance. LaBSE also jumps to 36.3 ms for the most extensive 
dataset. This suggests that the computational cost of processing the full dataset introduces 
additional overhead for some models but not all, highlighting differences in how efficiently 
these models handle larger inputs. 

Table 2 shows the performance of each model in terms of embedding time. The 
paraphrase-MiniLM-L3-v2 model demonstrates the most efficient performance, 
consistently achieving the fastest embedding times across all dataset sizes, with times 
around 2 ms. In contrast, the bge-large-en-v1.5 model is the slowest, with embedding times 
growing with the dataset size and reaching 187.2 ms for the largest dataset of 5289 
records. This significant rise suggests that its computational demands scale more 
substantially with larger inputs. Several other models also show relatively fast performance 
across the smaller dataset sizes, with times generally below 6 ms, including all-mpnet-
base-v2, paraphrase-multilingual-mpnet-base-v2, and bge-base-en-v1.5. However, their 
embedding times display a noticeable climb for the largest dataset. Specifically, all-roberta-
large-v1 and LaBSE attain a moderate expansion, reaching 50.1 ms and 45.7 ms, 
respectively, for the 5289-record dataset. all-distilroberta-v1 also shows a jump at the 
largest dataset size, reaching 22.6 ms. 

Most models exhibit relatively consistent embedding times across varying dataset 
sizes. This suggests that the processing demands remain stable for these models. 
However, some models experience increased processing duration when handling the 
largest dataset of 5289 records. For instance, the embedding time for all-roberta-large-v1  
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Table 2. Times taken by every model to create a vector representation of strings 
from the sts-companion dataset. 

 Time, ms 

Records 
number 

Model 

100 500 1000 2000 4000 5000 5289 

all-mpnet-base-v2 6.8 5.3 5.4 5.2 5.2 5.3 5.3 

all-MiniLM-L6-v2 3.2 3.1 3.0 3.1 3.1 3.1 3.1 

paraphrase-multilingual-
mpnet-base-v2 

4.8 5.0 4.9 5.0 4.8 4.9 4.8 

bge-base-en-v1.5 5.7 4.8 4.7 4.8 4.7 4.8 4.7 

all-roberta-large-v1 10.5 8.9 8.8 8.7 8.6 8.6 50.1 

all-distilroberta-v1 3.0 3.1 3.0 3.1 3.1 3.0 22.6 

LaBSE 6.0 5.0 4.8 4.7 4.8 4.8 45.7 

paraphrase-MiniLM-L3-v2 2.4 2.1 2.2 2.2 2.2 2.2 3.0 

bge-large-en-v1.5 10.5 9.1 8.8 8.6 8.5 8.7 187.2 

 
rises to 50.1 ms for the 5289-record dataset, compared to approximately 8.6 ms for smaller 
subsets. Similarly, LaBSE increases to 45.7 ms for the most extensive dataset. bge-large-
en-v1.5 displays the most significant increase, reaching 187.2 ms for the largest dataset. 
Conversely, all-MiniLM-L6-v2 and paraphrase-MiniLM-L3-v2 demonstrate the most stable 
processing times across different dataset sizes, indicating more efficient scaling. all-
distilroberta-v1 also shows a slight increase, reaching 22.6 ms for the largest dataset. 
These results indicate that the computational load associated with processing the complete 
dataset introduces additional overhead for specific models, revealing differences in how 
effectively they manage larger inputs. 

Table 2 shows the performance of each model in terms of embedding time. The 
paraphrase-MiniLM-L3-v2 model demonstrates the most efficient performance, 
consistently achieving the fastest embedding times across all dataset sizes, with times 
around 2 ms. In contrast, the bge-large-en-v1.5 model is the slowest, with embedding times 
growing with the dataset size and reaching 187.2 ms for the largest dataset of 5289 
records. This significant rise suggests that its computational demands scale more 
substantially with larger inputs. Several other models also show relatively fast performance 
across the smaller dataset sizes, with times generally below 6 ms, including all-mpnet-
base-v2, paraphrase-multilingual-mpnet-base-v2, and bge-base-en-v1.5. However, their 
embedding times display a noticeable climb for the largest dataset. Specifically, all-roberta-
large-v1 and LaBSE attain a moderate expansion, reaching 50.1 ms and 45.7 ms, 
respectively, for the 5289-record dataset. all-distilroberta-v1 also shows a jump at the 
largest dataset size, reaching 22.6 ms. 

Most models exhibit relatively consistent embedding times across varying dataset 
sizes. This suggests that the processing demand remains stable for these models. 
However, some models experience increased processing duration when handling the 
largest dataset of 5289 records. For instance, the embedding time for all-roberta-large-v1 
rises to 50.1 ms for the 5289-record dataset, compared to approximately 8.6 ms for smaller 
subsets. Similarly, LaBSE increases to 45.7 ms for the most extensive dataset. bge-large-
en-v1.5 displays the most significant increase, reaching 187.2 ms for the largest dataset. 
Conversely, all-MiniLM-L6-v2 and paraphrase-MiniLM-L3-v2 demonstrate the most stable 
processing times across different dataset sizes, indicating more efficient scaling. all-
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distilroberta-v1 also shows a slight increase, reaching 22.6 ms for the largest dataset. 
These results indicate that the computational load associated with processing the complete 
dataset introduces additional overhead for specific models, revealing differences in how 
effectively they manage larger inputs. 

A notable similarity across both tables is the consistent performance of specific 
models, particularly paraphrase-MiniLM-L3-v2 and all-MiniLM-L6-v2. These models yield 
rapid embedding times for smaller datasets, indicating their efficiency in processing text 
when the input size is relatively constrained. Furthermore, the models that present the most 
substantial increase in processing time when handling the larger input are also consistent 
across both tables, namely bge-large-en-v1.5. Regardless of the specific dataset, nearly 
all models demonstrate an increase in processing time when handling the most significant 
input, suggesting that scaling to accommodate large datasets introduces computational 
challenges for these embedding methods. 

However, key differences in model’s performance were observed between the two 
tables. The magnitude of the increase in processing time for the most extensive datasets 
varies considerably. For example, bge-large-en-v1.5 shows a substantial jump in 
processing time in both cases, highlighting its less efficient scaling. In contrast, all-MiniLM-
L6-v2 and paraphrase-MiniLM-L3-v2 maintain more stable and lower processing times 
even for the largest datasets, indicating better scalability. Additionally, the relative ranking 
of some models shifts between the tables, with models like all-roberta-large-v1 and LaBSE 
indicating a more pronounced performance decrease for the largest dataset in Table 1 
compared to Table 2, suggesting that dataset characteristics can influence model 
efficiency. 

To investigate a potential correlation with observed increases in processing times near 
the end of the dataset, Figure 2 reveals sentence length distributions between the two 
datasets. The "mteb/stsbenchmark-sts" dataset exhibits a broader range of sentence 
lengths for both the first and second sentences. The distribution is concentrated towards 
shorter lengths, with two peaks: in the middle and another near the end, indicating the 
presence of some longer sentences. In contrast, the "sts-companion" dataset shows a 
strong bias towards very short lengths for the first sentences, while the second sentences, 
though also predominantly short, display greater variability and include some exceptionally 
long sentences. 

Despite these differences in sentence length distribution, it is unlikely that sentence 
length alone is the primary driver of the observed increase in processing time for the larger 
datasets in Tables 1 and 2. While transformer-based models can show increased 
computational cost with more extended sequences, the relatively modest differences in 
average sentence length, especially when considering the substantial jump in processing 
time for some models with the complete datasets, suggest that factors such as batching 
overhead, memory limitations, or model architecture are more influential in the observed 
performance scaling. 

Figure 3 presents a comparative analysis of various sentence embedding models 
across different evaluation metrics as the number of training records increases. Generally, 
for smaller subsets of the mteb-stsbenchmark-sts dataset, the performance of most models 
appears relatively stable across all evaluation metrics. However, as the dataset size 
increases towards the full 8628 records, the distinctions between model performances 
become more apparent. For the error rates (MSE, RMSE, and MAE), some models reveal 
a degradation in effectiveness, showing increased error with larger datasets. Interestingly, 
a few models seem to maintain or even slightly improve their error metrics as the data size 
grows. In contrast to the varied trends in error metrics, Spearman’s correlation coefficient 
and Kendall's Tau tend to follow a somewhat similar overall trend across most models: 
performance generally increases and then plateaus or slightly decreases as the dataset 
size expands, suggesting a common pattern in how well these models capture semantic 
ranking with more data. 
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Fig. 2. Sentence lengths in mteb-stsbenchmark-sts and sts-companion. 

The sentence-transformers/all-roberta-large-v1 model appears to be the top 

performer, consistently demonstrating high 𝑅2 values and low error rates, indicating a 

strong ability to model the underlying data. Following closely is BAAI/bge-base-en-v1.5, 

which also shows competitive results in terms of 𝑅2 and error metrics, and excels in 

capturing data relationships as evidenced by its high Spearman’s and Kendall's Tau 
correlation coefficients. The all-mpnet-base-v2 model generally occupies the third position, 
showing stable and competitive performance across most metrics. In contrast, the 
sentence-transformers/paraphrase-MiniLM-L3-v2 model consistently lags behind the 

others, showing the lowest 𝑅2 values and the highest error rates throughout the evaluated 

data range, suggesting it may be less effective in capturing the semantic nuances within 
this dataset. 

Based on the evaluation metrics presented in Figure 3, the sentence-transformers-
/LaBSE model consistently demonstrates the weakest performance across a range of 
dataset sizes. Evidenced by the highest MSE and RMSE, sentence-transformers/LaBSE 
attains the largest prediction errors compared to other models. Furthermore, its MAE also 
remains notably high. In terms of correlation, the sentence-transformers/LaBSE model  
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Fig. 3. Performance metrics for sentence embedding models across varying mteb-stsbenchmark-sts dataset 

sizes. 

yields the lowest Spearman’s and Kendall's Tau coefficients, indicating a poor ability to 
capture both the monotonic and ordinal relationships between predicted and actual 

semantic similarities. While its 𝑅2 values show some improvement with larger datasets, its 

overall performance across the majority of the key evaluation metrics positions sentence-
transformers/LaBSE as the least effective model among those compared in this analysis. 

Considering the time taken for vector representation in Table 1 alongside the 
performance metrics in Figure 3 reveals interesting trade-offs. The all-MiniLM-L6-v2 model 
stands out as remarkably fast, consistently achieving the lowest processing times across 
all dataset sizes. However, its performance, while generally competitive, doesn't place it at 

the top tier, often showing lower 𝑅2 and higher error rates compared to models like all-

roberta-large-v1 and bge-base-en-v1.5. Conversely, models like sentence-transformers/ 
all-roberta-large-v1 and BAAI/bge-large-en-v1.5, which demonstrated strong performance 
in the evaluation metrics, tend to be significantly slower, particularly as the dataset size 
increases, as seen in the higher time values in Table 1. The sentence-transformers/ 
paraphrase-MiniLM-L3-v2, while being relatively fast, also shows the weakest performance  
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Fig. 4. Performance metrics for sentence embedding models across varying sts-companion dataset sizes. 

across the metrics, making it a less appealing choice when considering both efficiency and 
accuracy. 

Figure 4 presents a performance comparison of various sentence embedding models 
across several evaluation metrics as the number of training records increases. Generally, 
the models show the most significant performance changes within the initial range of data 
points, tending to plateau beyond approximately 1000-2000 records. Across the metrics, 
distinct performance characteristics emerge for different models. The sentence-

transformers/all-roberta-large-v1 model stands out for attaining high 𝑅2 values and low 

error rates, indicating a strong ability to fit the data and produce accurate predictions. 
However, when considering the correlation metrics, paraphrase-mulrilingual-mpnet-base-
v2 demonstrates superior performance, consistently presenting the highest Spearman’s 
and Kendall's Tau coefficients, suggesting a stronger ability to capture the monotonic and 
ordinal relationships within the data. In contrast, the BAAI/bge-base-en-v1.5 model 

consistently exhibits the lowest 𝑅2 values and the highest error rates, along with generally 

lower correlation coefficients, indicating it is the least effective in capturing the underlying 
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relationships within this dataset based on these metrics. Therefore, the choice of the "best" 
model depends on the specific priorities of the application, whether it emphasizes overall 
prediction accuracy or the preservation of data rankings. 

Based on the evaluation metrics in Figure 4, the top-performing models present a 

trade-off. For achieving high prediction accuracy, as indicated by 𝑅2 and error metrics, 
sentence-transformers/all-roberta-large-v1 appears to be the most effective. However, for 
tasks where the preservation of data relationships is paramount, the paraphrase-
mulrilingual-mpnet-base-v2 model demonstrates superior performance in terms of 
Spearman’s and Kendall's Tau coefficients. Consequently, the choice between these two 
as the "best" depends on the specific application priorities. The all-mpnet-base-v2 model 
generally is the third-best option, showing a consistent and competitive performance across 
all the evaluated metrics. 

Focusing solely on Figure 4, the BAAI/bge-base-en-v1.5 model demonstrates the 

weakest performance in terms of prediction accuracy, showing the lowest 𝑅2 values and 
the highest error rates. When considering the correlation metrics, the situation changes 
with increasing data. Initially, the sentence-transformers/paraphrase-MiniLM-L3-v2 model 
generally shows lower Spearman’s and Kendall's Tau values. However, as the number of 
records increases, the performance of LaBSE deteriorates in terms of both Spearman’s 
and Kendall's Tau, eventually becoming the lowest among all models in the higher record 
range. This suggests that while BAAI/bge-base-en-v1.5 struggles most with prediction 
accuracy, LaBSE's ability to preserve the relative ordering of the data appears to degrade 
with larger datasets within this evaluation, ultimately making it the least effective in this 
aspect at higher record counts. 

Combining the performance results from Figure 4 with the timing data from Table 2 
reveals a trade-off between model accuracy and computational efficiency. The all-MiniLM-
L6-v2 model, which exhibits the fastest processing times, demonstrates reasonably 
competitive performance, though it doesn't excel in any single metric. In contrast, while 
sentence-transformers/all-roberta-large-v1 shows strong accuracy, it is considerably 
slower, as indicated by its higher processing times. The BAAI/bge-large-en-v1.5 model, 
which performs well in capturing data relationships, also becomes notably more time-
consuming as the dataset size increases. 

Comparing the performance of the sentence embedding models across the two 
datasets (mteb-stsbenchmark-sts in Figure 3 and sts-companion in Figure 4) reveals both 
consistent patterns and interesting divergences. Notably, sentence-transformers/all-
roberta-large-v1 consistently demonstrates strong performance in terms of prediction 

accuracy on both datasets, achieving high 𝑅2 values and low error rates. Similarly, all-

mpnet-base-v2 maintains a relatively stable and competitive performance across the board 
in both evaluations. This suggests that these models possess a degree of robustness and 
generalizability across different semantic textual similarity tasks. Furthermore, the 
tendency for performance gains to diminish with increasing data size (beyond a certain 
point) is observed in the results for both datasets, indicating a potential saturation point for 
these model architectures on this type of task. 

However, the identification of the weakest performing model differs between the two 
evaluations. In Figure 3, sentence-transformers/paraphrase-MiniLM-L3-v2 generally 
shows the poorest performance across most metrics. In contrast, Figure 4 highlights 
BAAI/bge-base-en-v1.5 as having the lowest accuracy and reveals a degradation in 
LaBSE's correlation performance with larger data. This discrepancy suggests that the 
specific characteristics of each dataset can influence the relative strengths and 
weaknesses of the models. The sts-companion dataset, for instance, might present 
different semantic nuances or complexities that impact the models in varying ways 
compared to the mteb-stsbenchmark-sts dataset. Therefore, while some models have 
consistent behavior, the optimal choice depends on the utilized dataset. 
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The comparative performance and efficiency data detailed in this section can be used 
as a practical guide for model selection, enabling practitioners to weigh crucial trade-offs 
between predictive effectiveness, nuanced semantic understanding, and computational 
cost. This allows for the identification of the most suitable model tailored to the specific task 
requirements and available computational resources within an English-language context. 

CONCLUSION  

This study provided a comparative analysis of several sentence embedding models, 
evaluating their performance on semantic similarity tasks across two datasets and 
assessing their embedding generation efficiency. The findings highlight significant trade-
offs between model accuracy and speed, alongside model-specific strengths and 
weaknesses in capturing semantic relationships. The results offer insights for selecting the 
most suitable model based on application-specific priorities and resource constraints. 

In terms of performance metrics, all-roberta-large-v1 consistently demonstrated strong 

results in prediction accuracy, achieving high 𝑅2 values and low error rates across both 
datasets. For capturing semantic relationships and preserving the relative ordering of 
sentences, BAAI/bge-large-en-v1.5 generally excelled, particularly evident in its high 
Spearman’s and Kendall's Tau coefficients. all-mpnet-base-v2 consistently offered a 
balanced and competitive performance across all metrics. 

Conversely, the models yielding the weakest performance varied depending on the 

metric and the dataset. BAAI/bge-base-en-v1.5 tended to show the lowest 𝑅2 and highest 

error rates on the sts-companion dataset. Regarding the preservation of nuanced semantic 
understanding, sentence-transformers/paraphrase-MiniLM-L3-v2 generally showed lower 
correlation values, while LaBSE's performance in Spearman’s and Kendall's Tau 
deteriorated significantly with larger datasets in the "sts-companion" evaluation. 

Considering the interplay between performance and computational efficiency, 
sentence-transformers/all-MiniLM-L6-v2 model stands out as the most time-efficient, 
consistently generating embeddings rapidly across varying dataset sizes, albeit with a 
slight compromise in top-tier semantic representation accuracy. In contrast, models 
demonstrating high accuracy, such as all-roberta-large-v1, often incurred a higher 
computational cost. Notably, sentence-transformers/LaBSE generally exhibited weaker 
performance metrics coupled with moderate to slower processing speeds, making it a less 
favorable choice when considering both factors. 

Moving forward, we plan to apply the top-performing models from this evaluation, such 
as all-mpnet-base-v2, sentence-transformers/all-distilroberta-v1, and sentence-
transformers/all-MiniLM-L6-v2, to custom datasets. This will allow us to assess their 
generalization capabilities and fine-tune them for specific applications. Future work may 
also explore techniques to optimize these models for efficiency and performance on 
domain-specific data. 
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АНАЛІЗ СЕМАНТИЧНОЇ СХОЖОСТІ З ВИКОРИСТАННЯМ ВЕКТОРНИХ 

ПРЕДСТАВЛЕНЬ РЕЧЕНЬ НА ОСНОВІ ТРАНСФОРМЕРІВ 

Богдан Павлишенко , Микола Стасюк * 
Львівський національний університет імені Івана Франка, 

вул. Драгоманова 50, 79005 Львів, Україна 

АНОТАЦІЯ 

Вступ. Моделі трансформерів стали центральним елементом обробки природної 
мови, демонструючи еталонну продуктивність в оцінці семантичної схожості, що є 
критично важливим завданням для різноманітних додатків. Ці моделі фіксують деталі 
взаємозв'язків між текстами, розширюючи можливості оцінки семантичної 
спорідненості. 

Матеріали та методи. Ефективність моделей вбудовування речень, зокрема all-
mpnet-base-v2, all-MiniLM-L6-v2, paraphrase-multilingual-mpnet-base-v2, bge-base-en-
v1.5, all-roberta-large-v1, all-distilroberta-v1, LaBSE, paraphrase-MiniLM-L3-v2, bge-large-
en-v1.5, на двох наборах даних. До даних застосовано такі кроки попередньої обробки: 
переведення в нижній регістр, видалення стоп-слів, очищення від спеціальних 
символів і цифр та лематизація. Від'ємні значення косинусного коефіцієнта подібності, 
що вказують на семантичну несхожість, розглядалися як еквівалент оцінки подібності, 
що дорівнює 0, а невід'ємні значення косинусного коефіцієнта подібності 
масштабувалися до діапазону 0-5. Для оцінки використовувалися такі показники, як R2, 
MSE, RMSE, MAE, коефіцієнт кореляції Спірмана та коефіцієнт кореляції рангу 
Кендала. 

Результати. Продуктивність моделей загалом покращується зі збільшенням 
обсягу даних. За результати оцінювання моделей вбудовування речень виявилено 
різницю в ефективності. all-roberta-large-v1 продемонструвала високу точність з 
високими значеннями R2 і низькими помилками. BAAI/bge-large-en-v1.5 чудово 
вловлює семантичні зв'язки, демонструючи високі значення коефіцієнтів Спірмена та 
Кендалла. all-MiniLM-L6-v2 демонструє найшвидше генерування вбудовувань. 
BAAI/bge-base-en-v1.5 показує найнижчу точність. Час обробки, як правило, 
збільшується зі збільшенням розміру даних. 

Висновки. Це дослідження висвітлює компроміс між продуктивністю та 
обчислювальною ефективністю при вбудовуванні речень. Вибір моделі залежить від 
балансування цих факторів відповідно до конкретних потреб програми. У випадках, 
коли вимагається висока точність, слід надавати перевагу all-roberta-large-v1, а тоді як 
пріоритетом є швидкість, краще використовувати all-MiniLM-L6-v2. BAAI/bge-large-en-
v1.5 найкраще підходить для завдань, що вимагають розуміння семантичних деталей. 

Ключові слова: семантична схожість, вбудування речень, трансформери. 
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