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Abstract. This work presents a systematic comparison of BERT, raw hidden-
layer embeddings from decoder-only Large Language Models (LLMs), and
LLM?2Vec for text classification across 11 datasets. The evaluation uses K-
Nearest Neighbors as the downstream classifier, with hyperparameters tuned
through Bayesian optimization. The results show that LLM2Vec achieves the
best overall performance, while LLM2Vec and BERT form a statistically com-
parable performance tier. In contrast, raw LLM embeddings present lower and
more variable performance, with only LLM2Vec showing a statistically signif-
icant advantage over them. Within LLM2Vec, supervised variants consistently
outperform unsupervised ones, highlighting the importance of supervised con-
trastive learning. Regarding prompt engineering, raw LLM embeddings ben-
efit from task-aligned instructions, whereas LLM2Vec representations remain
robust to prompt variation. These findings indicate that encoder-oriented archi-
tectures, including BERT and adapted LLM2Vec models, provide more reliable
representations for text classification than raw hidden-layer embeddings from
decoder-only LLMs.

1. Introduction

Text classification is one of the most fundamental tasks in Natural Language Process-
ing (NLP), supporting applications such as fake news detection [Roumeliotis et al. 2025],
sentiment analysis [Sharma et al. 2025], spam detection [Shen et al. 2025], and mental
health [Utino et al. 2026]. Its effectiveness depends not only on the choice of classifier,
but also on how textual instances are represented in a computational space. In this con-
text, text embeddings play a central role by mapping documents into dense vector repre-
sentations that preserve semantic information and allow classification models to exploit
similarities among texts [da Costa et al. 2023].

The landscape of text representation methods has evolved substantially over time,
from static dense vector approaches such as Word2Vec and GloVe to contextual represen-
tations introduced by Transformer-based models such as BERT. While static embeddings
assign fixed representations to words independently of context, contextual models gen-
erate representations conditioned on the surrounding text, enabling richer semantic and
syntactic modeling [da Costa et al. 2023]. This evolution has made the systematic eval-
uation of embedding approaches increasingly relevant for text classification, particularly
because different representation strategies may lead to substantially different downstream
performance.

More recently, Large Language Models (LLMs) have emerged as the state of the
art across a broad range of NLP tasks and other complex tasks, including mathematics,



physics, and code [Wang et al. 2026, Barman et al. 2025, Jiang et al. 2026]. Their ex-
tensive pre-training enables them to produce rich, contextually nuanced representations
[Tennenholtz et al. 2023], and their rapid advancement has drawn considerable attention
from both academia and industry [Zhao et al. 2025]. Methods such as LLM2Vec fur-
ther push this frontier by combining architectural elements of BERT and LLMs to yield
higher-quality embeddings [Henry et al. 2024]. Despite this progress, selecting the most
appropriate embedding strategy remains non-trivial [Muennighoff et al. 2023]. Each ap-
proach involves trade-offs among computational cost, semantic richness, and generaliza-
tion capacity, and these trade-offs can directly impact performance in applications such
as text classification, semantic search, and sentiment analysis.

This study addresses this gap through a systematic comparison of BERT, embed-
dings extracted from hidden layers of LLMs, and the LLM2Vec method for text classifi-
cation. The main contributions are:

* A comprehensive comparison of BERT, LLM hidden-layer embeddings, and
LLM2Vec across datasets from multiple domains (news, social media, and techni-
cal documents), evaluating their effectiveness in capturing semantic information
for text classification.

* An analysis of the impact of prompt engineering on embedding quality, examining
whether statistically significant differences arise from varying the prompt used
during embedding generation.

« The experimental code is publicly available on GitHub!, facilitating reproducibil-
ity, extension, and application of the proposed methods to new datasets.

2. Related Work

Embedding models for text classification have been extensively studied, with early works
comparing static representations such as Word2Vec, GloVe, and FastText against contex-
tual models like ELMo and BERT across standard NLP benchmarks [Wang et al. 2020,
da Costa et al. 2023]. [Nair et al. 2023] extended this line of work to large-scale news
classification using Spark NLP, combining TF-IDF, GloVe, BERT, and ELMo with lo-
gistic regression and neural classifiers, but remained limited to a single domain and tra-
ditional embedding techniques. More comprehensive evaluations have since been con-
ducted across broader task and dataset collections. [Reusens et al. 2024] evaluated 11
model architectures on 20 datasets spanning fake news detection, topic classification,
emotion and polarity detection, and sarcasm detection, comparing statistical methods with
deep learning approaches including ROBERTa. These studies consistently demonstrate
the advantages of contextual representations, though they do not consider more recent
approaches based on LLMs.

[Tao et al. 2024] provided an overview of LLM-generated embeddings bench-
marked on MTEB, highlighting their effectiveness across multiple domains, though the
LLM2Vec adaptation was not addressed. [Buckmann and Hill 2024] proposed combin-
ing embeddings from small local LLMs such as LLaMA?2-7B with penalized logistic
regression, achieving results competitive with GPT-4 on 10 datasets using as few as
60 to 75 labeled samples per class, but neither of these works incorporates LLM?2Vec.
[Henry et al. 2024] assessed BERT and LLLM2Vec for sentiment classification on a single

"https://github.com/Matheusutino/bert-11lm-1lm2vec—text-classification



dataset using SVM and neural classifiers, but did not include raw LLLM embeddings as
a baseline. [Utino and Marcacini 2025] investigated LLM2Vec as an embedding strategy
for nearest-neighbor-based semantic retrieval, showing competitive performance against
BERT-based representations and stable behavior under prompt variation. However, the
role of raw hidden-layer embeddings from decoder-only LLMs remains less explored in
controlled classification settings.

Thus, the comparative behavior of encoder-based embedding models, raw LLM
representations, and LLM2Vec remains insufficiently explored under a common text-
classification protocol. This work addresses this gap by systematically evaluating these
three representation strategies across 11 datasets from diverse domains.

3. Methodology

This section describes the problem formulation, datasets, embedding models, prompts,
and experimental setup used in our study.

3.1. Problem Formulation

Let D = {(x;,y;)}}, denote a labeled text classification dataset, where z; € X is a
textual document and y; € Y = {cy, co, ..., ¢} is its class label among L categories.

Given an embedding model m € M, where M comprises BERT-based, raw
LLM-based, and LL.M2Vec-based models, each instance x; is mapped to a dense vec-
tor:

2" = G (@), (1)

where ¢, : X — R9 is the embedding function for model m, d,, is the embedding
dimensionality, and p denotes the prompt configuration. BERT-based models require no
prompt, while LLM and LLM2Vec models are evaluated under different prompt strategies
to assess their influence on representation quality.

A classifier hy is then trained on the embedded representations {(z\™, y;)}Y, to

predict the label of unseen instances. The objective is to identify the embedding configu-
ration (m, p) that yields the most discriminative representation for classification.

3.2. Datasets

For a comprehensive and robust analysis, we utilized 11 datasets to compare the embed-
ding methods. These datasets vary significantly in terms of their characteristics, such as
the number of instances, the length of the text (measured in characters), the number of
classes, and the complexity of their respective applications. This variety allows for a thor-
ough examination of the embedding techniques across different domains and contexts,
providing valuable insights into their effectiveness and scalability. Table 1 summarizes
the key features of each dataset, including the number of instances, the minimum, max-
imum, and median text lengths (in characters), and the number of labels present in each
dataset. These datasets span a range of applications, from sentiment analysis to topic
categorization, offering a diverse set of challenges for evaluating the embedding methods.



Table 1. Summary of the datasets used in the experiments, including the number
of instances, text length statistics (in characters), and the number of class

labels.
Dataset Instances Min Length Max Length Median Length Labels
CSTR 299 150 2807 1078 4
SyskillWebert 333 20 55595 1372 4
Review Polarity 2000 90 14898 3592 2
Dmoz Science 6000 20 506 145 12
Dmoz Health 6500 23 489 149 13
Classic4 7095 4 4294 646 4
Re8 7674 29 5294 362 8
Industry Sector 8817 1 159727 1196 11
Dmoz Computers 9500 15 692 123 18
NSF 10524 18 159 70 16
Dmoz Sports 13500 23 410 121 27

3.3. Embedding Models

BERT is an encoder-based language model built upon the Transformer architecture and
represents a major milestone in Natural Language Processing (NLP). Its main character-
istic is the use of bidirectional contextualization, allowing each token representation to in-
corporate information from both its left and right contexts. This design enables the model
to capture semantic and syntactic dependencies more effectively than strictly unidirec-
tional architectures. During pre-training, BERT combines Masked Language Modeling
(MLM), in which randomly masked tokens must be predicted from their surrounding con-
text, with Next Sentence Prediction (NSP), which aims to determine whether two input
sentences appear consecutively in the original text. These objectives allow BERT to learn
contextualized representations that are highly effective for a wide range of downstream
NLP tasks [Devlin et al. 2019].

Large Language Models (LLMs) are neural language models characterized by
large parameter counts, broad training corpora, and strong generalization capabilities
across multiple domains and tasks [Zhao et al. 2026]. Although they have gained par-
ticular prominence in text generation, their internal hidden states encode rich semantic
information about the input text. Many contemporary LLMs adopt decoder-only archi-
tectures, which are primarily optimized for autoregressive generation rather than direct
embedding extraction. Nevertheless, the representations produced by their intermediate
or final hidden layers can be adapted and leveraged as dense text embeddings, making
LLMs increasingly relevant for representation learning.

LLM2Vec is an approach specifically designed to adapt decoder-only LLMs for
embedding generation. The method modifies the conventional causal attention mecha-
nism to enable bidirectional contextualization, allowing the model to represent each to-
ken using information from the entire input sequence. In addition, LLM2Vec introduces
Masked Next Token Prediction (MNTP), a training objective that adapts the generative
capabilities of LLLMs to representation learning. The method also employs unsupervised
contrastive learning, in which the same sentence is processed under different dropout
masks, and the resulting representations are encouraged to be similar while remaining



Table 2. Summary of the models, detailing the embedding method, context win-
dow size, and output dimensions.

Method Model Context Window Output Size
All-distilroBERTa-v1 128 768
All-MiniLM-L12-v2 256 384

BERT All-MiniLM-L6-v2 256 384
All-mpnet-base-v2 384 768
Gemma2-9B 8192 3584
Qwen2.5-7B 32768 3584
LLM Mistral-7B 32768 4096
LLaMA-3.2-3B 131072 3072
Sheared-LLaMA (unsup-SimCSE) 4096 2048
Sheared-LLaMA (supervised) 4096 2048
Llama-3-8B (unsup-SimCSE) 8192 4096
LLM2Vec Llama-3-8B (supervised) 8192 4096
Mistral-7B (unsup-SimCSE) 32768 4096
Mistral-7B (supervised) 32768 4096

distinct from representations of other sentences in the batch. Beyond the unsupervised
stage, LLM2Vec incorporates supervised contrastive learning, where semantically related
sentence pairs are brought closer in the embedding space, whereas unrelated pairs, in-
cluding hard negatives and in-batch negatives, are pushed apart. This combination allows
LLM?2Vec to exploit the expressive capacity of LLMs while tailoring them to embedding-
oriented tasks, achieving state-of-the-art results on MTEB among models trained exclu-
sively with publicly available data [BehnamGhader et al. 2024].

Encoder-based models such as BERT are highly effective at producing compact
and semantically meaningful representations, often with favorable computational effi-
ciency. However, their relatively limited context windows may constrain their applica-
bility to longer documents [Gao et al. 2021, Ding et al. 2020]. In contrast, LLM-based
representations benefit from broader pre-training, larger context windows, and higher-
dimensional hidden states, which may provide richer semantic representations for com-
plex or long-form texts [Zhao et al. 2026]. Thus, the models considered in this study
cover different architectural paradigms and representation capacities, enabling a compar-
ative analysis of their effectiveness for embedding generation. Table 2 summarizes the
models employed, including their context windows and output dimensionalities.

3.4. Prompts

LLM-based models exhibit a significant dependence on the chosen prompt
[Zhao et al. 2026], which influences the nuances and details of the generated text. To as-
sess the sensitivity of the LLM and LLLM2Vec methods to prompt variations, three types
of prompts were selected: Base Prompt (BP), Instruction Summary Prompt (ISP), and
Instruction Classification Prompt (ICP), as detailed in Figure 1. The BP consists solely
of the system prompt, without providing explicit instructions on the required task. This
represents the simplest version and serves as a baseline. The ISP instructs the model to
summarize the text and extract its key points, potentially enhancing the efficiency of data



classification. In contrast, the ICP explicitly directs the LLM to classify the text within
predefined categories, providing prior knowledge of the possible classes. In this case, the
model is expected to adjust its embeddings to better align with the most relevant class.

System Prompt

"You are an intelligent assistant that follows the user’s instructions closely. Re-
spond to the user’s queries in a clear, concise, and helpful manner. Ensure that all
answers are accurate, relevant, and tailored to the user’s needs. Stay focused on
providing valuable information and completing tasks as requested by the user."

| r

Base Prompt

nn

| r

Instruction Summary Prompt

"Please summarize the given text by identifying and highlighting the main points,
key arguments, and any significant details. Provide a concise summary that cap-
tures the essential information and overall message of the text."

Instruction Classification Prompt

"Please classify the given text into one of the following categories: {classes}. Ana-
lyze the content carefully and determine which category best represents the overall
topic and message of the text."

Figure 1. Prompts used to evaluate the sensitivity of generative models.

3.5. Experimental Setup

The embeddings generated by each representation model are used as input features
for a K-Nearest Neighbors (KNN) classifier, providing a direct evaluation of how well
the embedding space organizes semantically related instances. Performance is esti-
mated using stratified 5-fold cross-validation and macro-averaged F1-score (F1-macro).
KNN hyperparameters are selected through 20 iterations of Bayesian optimization
[Akiba et al. 2019], considering the number of neighbors (k € [3,50]), distance metric
(Euclidean, Manhattan, or cosine), and weighting strategy (uniform or distance). In-
puts exceeding the maximum context length supported by each model were truncated.
Regarding embedding extraction, encoder-based models use the pooling and normaliza-
tion strategies provided by their respective Sentence Transformer checkpoints, with mean
pooling over the final hidden states and padding excluded through the attention mask.
For raw LLMs, prompted inputs are converted into L2-normalized embeddings. For
LLM?2Vec, embeddings are extracted from the final hidden layer using mean pooling,
excluding instruction and padding tokens.



4. Results

Figure 2 presents the distribution of F1-scores obtained by the KNN classifier across the
11 datasets, comparing the three prompt configurations (Base, Instruction Classification,
and Instruction Summary) for both the LLM and LLM?2Vec embedding models.
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Figure 2. Distribution of F1-scores obtained by KNN across 11 datasets for LLM
and LLM2Vec embeddings under three prompt configurations: Base (BP),
Instruction Classification (ICP), and Instruction Summary (ISP).

A first observation concerns the substantial performance gap between the two
model families. LLM2Vec consistently achieves higher median Fl-scores across all
prompt configurations, with values ranging from 0.876 to 0.884, while LLM embeddings
yield noticeably lower medians, between 0.708 and 0.749. Depending on the prompt con-
figuration, LLM2Vec outperforms LLM by 16.9% to 24.9% relative to the corresponding
LLM baseline, indicating that the bidirectional contextualization mechanism and con-
trastive training objectives of LLM2Vec produce representations that are considerably
more discriminative for downstream classification.

Regarding sensitivity to prompt engineering, the two model families exhibit con-
trasting behaviors. For LLM embeddings, the Instruction Classification Prompt (ICP)
yields the highest median F1-score (0.749), representing a relative improvement of 5.8%
over the Base Prompt (0.708), while the Instruction Summary Prompt (ISP) achieves an
intermediate gain of 2.8%. This pattern suggests that task-specific instructions provide
meaningful guidance for shaping the hidden-state representations of decoder-only LLMs,
particularly when the instruction is aligned with the target task. For LLM2Vec, however,
the three configurations produce nearly equivalent median performance, with ICP and ISP
deviating by only —0.9% and —0.3% relative to the Base configuration (0.884), indicating
that the model’s training already yields robust representations largely invariant to prompt
choice.

A notable finding concerns the variance induced by ICP in the LLM2Vec set-
ting. While its median F1-score (0.876) remains competitive, the corresponding violin
exhibits a pronounced lower tail, with performance dropping to approximately 0.48 on
certain datasets. This indicates that, although ICP does not degrade average performance
for LLM2Vec, it introduces instability across datasets, potentially because explicitly em-



bedding class label information into the prompt may conflict with the model’s internally
learned representations on datasets with specific structural characteristics. In contrast,
both the Base and ISP configurations produce compact, high-concentration distributions,
reflecting consistent performance across the benchmark. Taken together, these results in-
dicate that prompt engineering has a more meaningful and reliable impact on standard
LLM embeddings than on LLM2Vec, where it offers limited benefit and may, in specific
configurations, compromise robustness.

To assess whether the observed differences across prompt configurations are sta-
tistically significant, a Friedman test followed by a Nemenyi post-hoc test was conducted
over the 11 datasets. Figure 3 presents the Critical Difference (CD) diagram for the LLM
model. The Instruction Classification Prompt achieves the best average rank (1.455),
followed by the Instruction Summary Prompt (1.909) and the Base Prompt (2.636). Ac-
cordingly, ICP is statistically superior to the BP, whereas the differences between ICP and
ISP, and between ISP and Base, do not reach statistical significance. This result confirms
that providing explicit task-aligned instructions improves the quality of LL.M-based rep-
resentations in a statistically reliable manner, even though intermediate prompt strategies
(ISP) do not yield a conclusive advantage over either extreme. For LLM2Vec, the Fried-
man test found no statistically significant difference across prompt configurations, which
is consistent with the near-identical median F1-scores observed in Figure 2 and further
corroborates the robustness of LLM2Vec representations to prompt variation.

1.4 1.6 1.8 2.0 2.2 24 2.6

Instruction

Classification (1.455) 2.636) Base

(1.909) Instruction
Summary

Figure 3. Critical Difference diagram for the Nemenyi post-hoc test comparing
prompt configurations for LLM embeddings with KNN classification. Aver-
age ranks are shown in parentheses. Methods connected by a horizontal
bar are not significantly different at the 0.05 significance level.

Figure 4a compares the Fl-score distributions obtained by KNN using the best-
performing prompt configuration for each generative model, namely the Instruction Clas-
sification Prompt for LLM and the Base Prompt for LLM2Vec, against BERT-based em-
beddings across the 11 datasets. LLM2Vec achieves the highest median F1-score (0.884),
closely followed by BERT (0.873), representing a marginal relative improvement of 1.3%
over BERT. Both models substantially outperform LLM embeddings (0.749), with BERT
and LLM2Vec yielding gains of 16.6% and 18.0%, respectively, relative to the LLM base-
line. Beyond median performance, the distribution shapes reveal additional differences.
BERT and LLM2Vec exhibit compact violins with mass highly concentrated in a narrow
band above 0.8, reflecting stable and consistent performance across datasets. LLM, by
contrast, presents a considerably wider distribution spanning from approximately 0.6 to
1.0, indicating that its representations yield highly variable classification quality depend-
ing on the dataset. These results suggest that while LLM hidden-layer representations can
be improved through prompt engineering, they remain insufficient to match the classifi-



cation quality of encoder-oriented architectures, whether classical bidirectional models
such as BERT or hybrid approaches such as LLM?2Vec.

Figure 4b presents the Critical Difference diagram comparing BERT, LLLM, and
LLM2Vec under their best-performing prompt configurations. LLM2Vec achieves the
best average rank (1.545), followed by BERT (1.818) and LLM (2.636). The only statis-
tically significant difference is between LLM2Vec and LLM, while the pairs LLM2Vec—
BERT and BERT-LLM do not differ significantly. This result indicates that LLLM2Vec
and BERT occupied a statistically comparable performance tier, both superior in ranking
to LLM, though only the gap between LLM2Vec and LLM is confirmed as significant.
Taken together with Figure 4a, these findings reinforce that encoder-oriented architec-
tures, whether classical as BERT or hybrid as LLM2Vec, consistently produce more dis-
criminative representations for text classification than raw hidden-layer embeddings from
decoder-only LLMs.

LLM2Vec (15451 L2.636) LLM

(a) F1-score distributions. (b) Critical Difference diagram.

Figure 4. Comparison of BERT, LLM, and LLM2Vec embeddings under their best-
performing prompt configurations. The violin plot reports the F1-score dis-
tributions obtained by KNN across 11 datasets, while the Critical Difference
diagram reports the average ranks and statistically significant differences
among the evaluated representation families.

Table 3 reports the average Fl-score of each individual model across the 11
datasets under the best-performing prompt configuration. Within the LLM?2 Vec category,
the supervised variants consistently outperform their unsupervised counterparts. The two
top supervised models, Llama-3-8B (supervised) and Mistral-7B (supervised), tie at a
mean Fl-score of 0.886. Comparing each against its unsupervised counterpart, Mistral-
7B (supervised) yields a relative gain of 2.8% over Mistral-7B (unsup-SimCSE) (0.862),
while Llama-3-8B (supervised) yields a gain of 3.9% over Llama-3-8B (unsup-SimCSE)
(0.853). The gap widens to 7.4% when comparing the weakest supervised model against
its unsupervised equivalent. This pattern confirms that the supervised contrastive learning
stage is a meaningful contributor to representation quality in LLM2Vec.Within the BERT
category, all four models cluster in a narrow range from 0.839 to 0.863, a spread of only
2.8%, indicating that the evaluated sentence-transformer variants are largely comparable
in this setting. Notably, the strongest BERT model (All-mpnet-base-v2, 0.863) is com-
petitive with the weakest supervised LLM2Vec variant (Sheared-LLaMA (supervised),
0.874). LLM models occupy a clearly distinct and inferior performance tier, ranging from
0.735 (LLaMA-3.2-3B) to 0.774 (Gemma?2-9B), a spread of 5.4%. The relatively larger
variance within this group suggests that model scale and architecture play a more decisive



role for raw hidden-layer embeddings than for encoder-oriented approaches, where even
smaller models such as All-MiniLM-L6-v2 achieve competitive results.

Table 3. Average F1-score of each model across 11 datasets under the best-
performing prompt configuration. The best model per category is under-
lined and the overall best model is shown in bold.

Category Model Mean F1-score
All-mpnet-base-v2 0.863
All-MiniLM-L12-v2 0.850

BERT All-MiniLM-L6-v2 0.845
All-distilroberta-v1 0.839
Gemma2-9B 0.774
Qwen2.5-7B 0.769

LLM Mistral-7B 0.764
LLaMA-3.2-3B 0.735
Sheared-LLaMA (unsup-SimCSE) 0.813
Sheared-LLaMA (supervised) 0.874
Llama-3-8B (unsup-SimCSE) 0.853

LLM2Vec Llama-3-8B (supervised) 0.886
Mistral-7B (unsup-SimCSE) 0.862
Mistral-7B (supervised) 0.886

5. Conclusion

This paper presented a comparative evaluation of BERT-based embeddings, raw hidden-
layer representations from LLMs, and LLM2Vec embeddings for text classification. The
experiments were conducted across 11 datasets using KNN as the downstream classifier,
allowing the analysis to focus on how well each embedding strategy organizes textual
instances in the representation space.

The results show that LLM?2Vec achieved the best overall performance, with the
highest median F1-score and the best average rank. However, LLM2Vec and BERT occu-
pied a statistically comparable performance tier, indicating that traditional encoder-based
models remain strong and reliable alternatives for text classification. In contrast, raw
LLM embeddings obtained lower median performance and greater variability, with only
the difference between LLM2Vec and raw LLM embeddings being statistically signifi-
cant.

The prompt analysis showed that task-oriented instructions can improve raw LLM
embeddings, with the Instruction Classification Prompt outperforming the Base Prompt.
For LLM2Vec, prompt variations had limited impact, suggesting that its representation
learning process already provides robust embeddings with low prompt sensitivity. Future
work should extend this evaluation to additional downstream tasks, multilingual datasets,
and analyses of computational cost, including inference time and memory consumption.
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