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Abstract
Traditional sentence embedding methods em-
ploy token-level contrastive learning on non-
generative pre-trained models. Recently, there
have emerged embedding methods based on
generative large language models (LLMs).
These methods either rely on fixed prompt tem-
plates or involve modifications to the model
architecture. The former lacks further opti-
mization of the model and results in limited
performance, while the latter alters the inter-
nal computational mechanisms of the model,
thereby compromising its generative capabil-
ities. We propose SEMPA, a novel approach
that boosts the sentence representations while
preserving the generative ability of LLMs via
semantic preference alignment. We leverage
sentence-level Direct Preference Optimization
(DPO) to efficiently optimize LLMs on a para-
phrase generation task, where the model learns
to discriminate semantically equivalent sen-
tences while preserving inherent generative
capacity. Theoretically, we establish a for-
mal connection between DPO and contrastive
learning under the Plackett-Luce model frame-
work. Empirically, experimental results on
both semantic textual similarity tasks and vari-
ous benchmarks for LLMs show that SEMPA
achieves better semantic representations with-
out sacrificing the inherent generation capabil-
ity of LLMs. We release the code at https:
//github.com/szu-tera/SemPA.

1 Introduction

Representing text as a semantically meaningful vec-
tor is a fundamental and essential step in natural lan-
guage processing, supporting various downstream
applications such as text classification, clustering,
and information retrieval. Seminal works primarily
leverage token-level contrastive learning (Gao et al.,
2021; Chuang et al., 2022) and derive sentence em-
beddings by extracting the hidden states of special
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Figure 1: Comparison of sentence embedding methods.
Top: contrastive learning for encoder-only models. Bot-
tom: our semantic preference alignment for LLMs.

tokens such as [CLS] or the pooled representation
of all tokens. The success of such methods relies
on powerful pre-trained encoder-only models like
BERT (Devlin et al., 2019) or RoBERTa (Liu et al.,
2019), as shown in Figure 1(top).

Generative large language models (LLMs;
Brown et al., 2020; OpenAI, 2022, 2023), with
a large number of parameters and trained on exten-
sive data, have demonstrated remarkable capabili-
ties. This has led to the emergence of sentence em-
bedding methods based on either prompting (Jiang
et al., 2022; Lei et al., 2024) or modifying these
LLMs (BehnamGhader et al., 2024; Fu et al., 2025).
However, prompting-based approaches, which rely
solely on prompt engineering, have inherent perfor-
mance limitations. While methods requiring model
modification can enhance the quality of sentence
representations, they often lose or compromise the
core generative capabilities of LLMs.

To achieve semantic representation with LLMs
while preserving their inherent generative capabil-

37299

https://github.com/szu-tera/SemPA
https://github.com/szu-tera/SemPA


Related Works Models Methods Optimization Levels Generation

SimCSE (Gao et al., 2021) PTMs Contrastive Learning Token-Level ✗

LLM2Vec (BehnamGhader et al., 2024) LLMs Contrastive Learning Token-Level ✗

NV-Embed (Lee et al., 2025a) LEMs Contrastive Learning Token-Level ✗

Qwen3-embedding (Zhang et al., 2025b) LEMs Contrastive Learning Token-Level ✗

PromptBERT (Jiang et al., 2022) PTMs Prompt Learning Context-Level ✗

PromptEOL (Jiang et al., 2024) LLMs Prompt Learning Context-Level ✓

MetaEOL (Lei et al., 2024) LLMs Prompt Learning Context-Level ✓

Contrastive Prompting (Cheng et al., 2025) LLMs Prompt Learning Context-Level ✗

Token Prepending (Fu et al., 2025) LLMs Internal Operations Intervention Architecture-Level ✗

Hierarchical Token Prepending (Ding et al., 2025) LLMs Internal Operations Intervention Architecture-Level ✗

INSTRUCTOR (Su et al., 2023) PTMs Instruction Tuning Sentence-Level ✗

GRIT (Muennighoff et al., 2025) LLMs Instruction Tuning Sentence-Level ✓

SEMPA (Ours) LLMs Preference Alignment Sentence-Level ✓

Table 1: Comparison of typical sentence embedding related works and our SEMPA. PTMs, LLMs, and LEMs
denote pre-trained models, large language models, and large embedding models, respectively.

ities, we fine-tune LLMs using preference align-
ment (Ouyang et al., 2022). Preference alignment
was originally designed to enhance the truthfulness
and safety of LLMs by constructing preference data
pairs, enabling sentence-level optimization in cer-
tain aspects. Inspired by this, we propose SEMPA,
a semantic preference alignment method that oper-
ates at the sentence level by applying Direct Prefer-
ence Optimization (DPO; Rafailov et al., 2023) to
a paraphrase generation task. This allows LLMs to
learn fine-grained semantic distinctions by assign-
ing higher relative probabilities to semantically ac-
curate paraphrases and thus improves the underly-
ing semantic representations with lightweight train-
ing, without sacrificing their generative proficiency,
as shown in Figure 1(bottom).

Theoretically, we provide a derivation that con-
nects contrastive learning and DPO in a unified
form, offering a new perspective on why prefer-
ence alignment serves as an effective paradigm
for representation learning. Empirically, results
on Semantic Textual Similarity (STS) tasks and
various generative benchmarks (Cobbe et al.,
2021b, Hendrycks et al., 2021, etc.) using LLaMA
models (Touvron et al., 2023; Grattafiori et al.,
2024) demonstrate that SEMPA outperforms pre-
trained and prompt-based baselines and stays com-
petitive with specialized embedding models, while
maintaining the core generation capability of LLMs
across various tasks.

2 Related Work

Sentence Embedding. Sentence embedding aims
to encode the semantic content of text into numeri-
cal vectors for semantic similarity assessment and

downstream tasks. Current sentence embedding
methods can be categorized into four types:

1) Token-Level. Token-level contrastive learn-
ing is widely used in traditional pre-trained mod-
els (Gao et al., 2021; Chuang et al., 2022) or gen-
erative language models (Neelakantan et al., 2022;
BehnamGhader et al., 2024) for sentence embed-
ding. It optimizes the token-level representations
of models by distinguishing positive and negative
samples, thereby extracting general semantic repre-
sentations from special tokens such as [CLS] or the
pooling result of all tokens. Contrastive learning is
also extensively employed in commercial embed-
ding models such as NV-Embed (Lee et al., 2025a),
Qwen3-embedding (Zhang et al., 2025b), and Gem-
ini embedding (Lee et al., 2025b), demonstrating
strong performance and scalability.

2) Sentence-Level. To further adapt LLMs to
various downstream tasks (e.g., classification, re-
trieval, and clustering), Su et al. (2023) and Muen-
nighoff et al. (2025) employ sentence-level instruc-
tion tuning to train LLMs to acquire task-specific
semantic representations. These types of methods
often rely on large-scale and high-quality instruc-
tion datasets such as MEDI (Su et al., 2023) and
E5 (Wang et al., 2022).

3) Context-Level. There have been some studies
on context-based modification that extract overall
semantic representations of given texts without fine-
tuning the model parameters. Jiang et al. (2022)
obtains semantic information based on the [MASK]
token of BERT through specific templates. Jiang
et al. (2024) and Lei et al. (2024) design prompts to
extract semantic information from generative mod-
els such as LLaMA. Cheng et al. (2025) enhances
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semantic representation by leveraging multiple con-
texts with different meanings. The effectiveness
of such context-based methods largely depends on
the model’s inherent capabilities and the quality of
specialized prompts.

4) Architecture-Level. Modifying the internal
structure of LLMs has emerged recently for sen-
tence embeddings (Fu et al., 2025; Ding et al.,
2025). These approaches alter the computational
operations within the Transformer decoder archi-
tecture to extract specific hidden states as semantic
representations. However, such invasive modifica-
tions change the model’s structure, thus compro-
mising the model’s original generative capabilities.
Preference Alignment of LLMs. Preference align-
ment has been shown to be an effective way to im-
prove the safety and truthfulness of LLMs. It can
be achieved by training LLMs on datasets of human
or AI-generated preferences, using methods such
as reinforcement learning from human feedback
(RLHF; Ouyang et al., 2022) or direct preference
optimization (DPO; Rafailov et al., 2023). Prefer-
ence alignment optimizes the model beyond token-
level prediction and improves the overall response
quality, and it has also been applied to tasks such as
combinatorial optimization (Pan et al., 2025), code
generation (Zhang et al., 2025a), and mathematical
reasoning (Jiao et al., 2025). To our knowledge,
we are the first to explore preference alignment for
improving the semantic representations of LLMs.

We summarize and compare the main related
works with our SEMPA in Table 1. Note that the
primary goal of our work is not to compete with
state-of-the-art embedding models in terms of per-
formance, but rather to offer insights for improv-
ing semantic representations of LLMs through the
perspective of lightweight preference alignment,
which has not been explored in existing work.

3 Preliminary

PromptEOL. Given a sentence S = s1, . . . , sn,
PromptEOL (Jiang et al., 2024) extracts the sen-
tence embedding of S using LLMs by inserting S
in a template T defined as:

This sentence: “S” means in one word:“

The template with filled sentence T (S) is used
as the input for a generative model M, and the cor-
responding sentence embedding of S is the hidden
state of the last token in the final layer L:

hL1 , h
L
2 , ..., h

L
last = M(T (S)),

Emb(S) = hLlast,
(1)

where Emb(S) serves as a training-free baseline
embedding extracted from generative LLMs.
Direct Preference Optimization. To tailor the
behavior of model M more closely to human pref-
erences, DPO (Rafailov et al., 2023) directly opti-
mizes a policy by leveraging a closed-form map-
ping from reward functions to optimal policies,
thereby avoiding the need for an explicit reward
model. Formally, given dataset D consisting of
triplets (x, yw, yl) where yw is preferred over yl for
input x, the loss function of DPO is defined as:

LDPO(πθ;πref) = −E(x,yw,yl)∼D

[
log σ

(
β log πθ(yw|x)

πref(yw|x) − β log πθ(yl|x)
πref(yl|x)

)]
,

(2)
where πθ is the current policy to be optimized and
πref is the reference policy by the original model
M. After identity transformation, the above for-
mula can be expressed as:

LDPO(πθ;πref) = −E(x,yw,yl)∼D

[
log e

β log
πθ(yw|x)
πref(yw|x)

e
β log

πθ(yw|x)
πref(yw|x)+e

β log
πθ(yl|x)
πref(yl|x)

]
,

(3)
which shares a unified framework with contrastive
learning, as discussed in Section 4.4.

4 Our Method

4.1 Paraphrase Generation Task

We integrate the concept of “paraphrase” to im-
prove the semantic representations of models. Tra-
ditional paraphrase-related tasks center on para-
phrase identification (Yin and Schütze, 2015; Wang
et al., 2021; Peng et al., 2022), where an auto-
encoding model is trained with an explicit clas-
sification head to determine whether two given sen-
tences convey the same meaning. To leverage para-
phrase to enhance the semantic representations of
generative LLMs, we propose a paraphrase genera-
tion task and construct paraphrase-based preference
pairs for model optimization.

Preference alignment pairs for training LLMs
are typically sourced from user-annotated (Ouyang
et al., 2022) or model-generated (Taori et al., 2023)
data, which entail significant annotation costs or
computational overhead. In this work, we employ
existing natural language inference (NLI; Williams
et al., 2018) datasets as the source of semantic
preference pairs, thereby enabling a lightweight
and low-cost model fine-tuning approach.
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Figure 2: The overall pipeline of our proposed SEMPA method. (a) We first construct the paraphrase generation
preference pairs using NLI datasets (§4.1). (b) Then we perform semantic DPO training on LLMs (§4.2). (c) The
final sentence embedding is acquired using the PromptEOL template (§4.3).

Contrastive Learning DPO

Unified Form P (yi is the best | x) = exp(sθ(x,yi))∑N
j=1 exp(sθ(x,yj))

Candidate Set y+ and (y−1 , . . . , y
−
N−1) yw and yl

Ranking Event y+ is the best yw is the best

Target Model auto-encoding model eθ auto-regressive policy πθ, πref

Scoring Function sθ sim(eθ(x), eθ(y)) β log πθ(y|x)
πref(y|x)

Objective Function exp(sθ(x,y
+))

exp(sθ(x,y+))+
∑N−1

k=1 exp(sθ(x,y
−
k ))

exp(sθ(x,yw))
exp(sθ(x,yw))+exp(sθ(x,yl))

Table 2: Comparison between contrastive learning and
DPO under the unified Plackett–Luce model framework.

For instance, in NLI datasets, given a premise,
another sentence needs to be labeled with one of
the following labels: entailment, neutral, or con-
tradiction. Following Gao et al. (2021), we treat
the premise as the anchor sentence x∗, regard the
entailment-labeled sentence as the positive sample
y+, and the contradiction-labeled sentence as the
negative sample y−, as shown in Figure 2(a). The
paraphrase generation task encourages the model
to generate y+ given x∗, which requires the gener-
ative model to possess fine-grained semantic under-
standing of the sentences.

4.2 Semantic Preference Alignment via DPO

Given the triplet (x∗, y+, y−), instead of directly
performing sequence-to-sequence generation from
input x∗ to output y+, we align the model to prefer
generating y+ over y− conditioned on x∗, thereby
preventing the model from degenerating into a para-
phrasing model. We first insert the anchor x∗ into a
paraphrasing instruction template T para as follows:

Keep the same meaning of this sentence:
“x∗”, while making some changes.

Then we apply the constructed data to DPO train-
ing, as shown in Figure 2(b). In particular, we fill
the template T para with the anchor sentence x∗ to
obtain T para(x∗), which is used as the model input
x in Eq. 2; the positive sample y+ serves as the
preferred response yw, and the negative sample y−

serves as the rejected response yl. We compare dif-
ferent paraphrasing templates T para in Section 6.

We refer to the above alignment method as se-
mantic preference alignment (i.e., SEMPA), which
aims to: 1) retain the original architecture of the
generative LLMs without modification; 2) enhance
the semantic understanding capability of LLMs;
and 3) preserve the foundational capabilities of the
original LLMs through lightweight fine-tuning.

4.3 Acquisition of Sentence Embedding

As shown in Figure 2(c), after obtaining the seman-
tic preference aligned model MSEMPA, we follow
PromptEOL by using the template T to extract
our sentence embedding of S from the last-layer
hidden state of the LLM similar to Eq. 1:

hL1 , h
L
2 , ..., h

L
last = MSEMPA(T (S)),

EmbSEMPA(S) = hLlast
(4)

We discuss different templates T to obtain the final
sentence embedding EmbSEMPA(S) in Section 6.
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Methods Params STS12 STS13 STS14 STS15 STS16 STS-B SICK-R Avg.

BERT-avg (Devlin et al., 2019) 110M 30.87 59.89 47.73 60.29 63.73 47.29 58.22 52.57
Sentence-T5-avg (Ni et al., 2022) 4.8B 34.97 60.19 47.59 66.40 70.62 62.83 63.57 58.02
PromptBERT (Jiang et al., 2022) 110M 60.96 73.83 62.18 71.54 68.68 70.60 67.16 67.85
SBERT-NLI-base (Reimers and Gurevych, 2019) 110M 70.97 76.53 73.19 79.09 74.30 77.03 72.91 74.86
SBERT-NLI-large (Reimers and Gurevych, 2019) 340M 72.27 78.46 74.90 80.99 76.25 79.23 73.75 76.55
LLM2Vec-LLaMA2 (BehnamGhader et al., 2024) 7B 65.39 79.26 72.98 82.72 81.02 78.32 71.77 75.92

LLaMA2-7B
Mean Pooling 7B 35.45 53.62 39.87 54.68 53.00 41.52 48.86 46.71
Echo Embedding (Springer et al., 2025) 7B 50.43 73.77 61.61 73.21 70.80 68.67 65.11 66.23
PromptEOL (Jiang et al., 2024) 7B 58.81 77.01 66.34 73.22 73.56 71.66 69.64 70.03
Contrastive Prompting (Cheng et al., 2025) 7B 63.34 82.15 71.73 79.68 77.23 78.71 74.04 75.27
Token Prepending (Fu et al., 2025) 7B 66.90 83.12 74.31 79.87 80.03 80.67 75.40 77.19
SEMPA (Ours) 7B 68.77 83.73 74.73 82.08 77.48 79.76 77.26 77.69

LLaMA3-8B
Mean Pooling 8B 32.62 52.65 42.86 58.07 54.28 46.25 50.57 48.19
Echo Embedding (Springer et al., 2025) 8B 50.30 71.75 62.43 72.01 75.62 69.75 65.79 66.81
PromptEOL (Jiang et al., 2024) 8B 60.89 78.57 68.18 76.75 77.16 72.83 68.94 71.90
Contrastive Prompting (Cheng et al., 2025) 8B 60.80 80.67 70.06 78.34 77.46 75.05 70.28 73.24
Token Prepending (Fu et al., 2025) 8B 64.45 81.61 71.52 78.97 80.18 77.43 73.22 75.34
SEMPA (Ours) 8B 68.55 84.62 75.89 82.11 78.36 80.04 77.12 78.10

Table 3: Results on semantic textual similarity tasks, reported by Spearman correlation ρ×100.

4.4 Unifying Contrastive Learning and DPO

We offer a theoretical connection between con-
trastive learning and DPO in terms of their objec-
tive formulations, which can help us understand
that DPO can also enhance semantic representa-
tions similar to contrastive learning. Specifically,
they can both be formally regarded as specific in-
stantiations of the Plackett-Luce model (Plackett,
1975). For N responses {y1, . . . , yN}, let the ob-
served ranking be σ = (y(1) ≻ y(2) ≻ · · · ≻ y(N)),
where y(1) is the optimal response and y(N) is the
worst. The probability of the complete ranking is:

P (σ | x) =
N∏

k=1

exp
(
sθ(x, y(k))

)
∑N

j=k exp
(
sθ(x, y(j))

) , (5)

where sθ is a score function between the input and
the candidate. The above formula can be inter-
preted as a sequential selection process: the top-
ranked candidate is chosen first, followed by the
second-ranked candidate from the remaining op-
tions, and this procedure continues iteratively.

Similarly, both contrastive learning and DPO
focus solely on the selection probability of the top-
ranked candidate. As a result, the formula can be
simplified to:

P (y1 is the best | x) = exp (sθ(x, y1))∑N
j=1 exp (sθ(x, yj))

,

(6)
where the main difference lies in the scoring func-
tion sθ and the final objective, as shown in Table 2.

For the scoring function, contrastive learning
uses a similarity function with representations (usu-
ally from the special token [CLS]) given by the
encoder eθ, while DPO uses the log ratio of the
policy πθ to a generative reference model πref. For
the objective L, contrastive learning uses the log-
likelihood InfoNCE (Oord et al., 2018) similar to
Eq. 3 in DPO.

5 Experiments

5.1 Settings

Datasets. We use the natural language inference
dataset for training, which is also used in SimCSE1.
This dataset consists of 275K triplets, and we use
a subset of 40∼80K samples based on the perfor-
mance on the development set.

For evaluation, we use seven standard Seman-
tic Textual Similarity (STS) datasets, including
STS 2012-2016 (Agirre et al., 2012, 2013, 2014,
2015, 2016) , STS-B (Cer et al., 2017), and SICK-
R (Marelli et al., 2014).
Baselines. Following Fu et al. (2025), we compare
our SEMPA with the following baselines: BERT-
avg (Devlin et al., 2019) averages the last-layer
token embeddings from BERT to form a sentence
embedding. Sentence-T5-avg (Ni et al., 2022)
uses the mean pooling of token representations
from the T5 encoder. PromptBERT (Jiang et al.,
2022) represents sentences with the [MASK] to-

1https://huggingface.co/datasets/
princeton-nlp/datasets-for-simcse/blob/main/
nli_for_simcse.csv
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Figure 3: Performance of LLaMA models on the STS-B
dev set and STS test sets with different training data
sizes. STS test results are averaged over all STS tasks.

ken using pre-defined prompts. SBERT (Reimers
and Gurevych, 2019) fine-tunes a BERT model
with siamese networks and refines its semantic rep-
resentations. LLM2Vec (BehnamGhader et al.,
2024) converts decoder-only LLMs into bidirec-
tional encoders by modifying the attention pattern
and performs contrastive learning. Echo Embed-
ding (Springer et al., 2025) forms sentence repre-
sentations by repeating the input twice and pooling
only the hidden states from the second occurrence.
PromptEOL (Jiang et al., 2024) designs prompts
and extracts the last-token hidden state as semantic
representation from LLMs. Contrastive Prompt-
ing (Cheng et al., 2025) introduces an auxiliary
prompt to contrastively intervene in the original
prompt’s representations, thereby suppressing re-
dundant information. Token Prepending (Fu et al.,
2025) prepends the per-layer sentence embedding
to the next layer’s input, allowing early tokens to
attend to full-sentence context under causal atten-
tion. For the Contrastive Prompting and Token
Prepending baselines, PromptEOL is also applied
for embedding extraction and fair comparison.
Models and Implementation Details. Consider-
ing the reported results of the aforementioned base-
lines, we use LLaMA2-7B (Touvron et al., 2023)
and LLaMA3-8B (Grattafiori et al., 2024) as base
models. We apply LoRA (Hu et al., 2022) fine-
tuning on four NVIDIA RTX 5090 GPUs to train
our models. See Appendix A for details.

5.2 Main Results

The results are shown in Table 3. Overall, our
method achieves the highest score on 5 out of
7 datasets with LLaMA2-7B, and on 6 out of 7
datasets when leveraging the LLaMA3-8B back-
bone, indicating that our proposed semantic prefer-
ence alignment method can indeed enhance the se-
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Figure 4: Qualitative visualization of embedding space
using LLaMA2 (left) and LLaMA3 (right). Our method
results in a more isotropic embedding space.

mantic representation capability of generative large
language models. See Appendix B for LlaMA3-8B
results with different random seeds.

Our method, based on LoRA fine-tuning (with
only 0.3% of the 7B model parameters being train-
able), outperforms smaller-scale encoder models
such as SBERT. This indicates that, in terms of
performance, generative semantic representation
can effectively replace traditional representation
schemes. On the other hand, compared with recent
LLM-based approaches such as Token Prepending,
our method achieves performance improvements
of 0.5∼2.8 points without requiring modifications
to the model architecture or computation process.

Across different backbone LLMs, we find that
our method performs better with the more ad-
vanced LLaMA3-8B than with LLaMA2-7B, show-
ing more substantial improvements over the base-
lines. This indicates that our approach can further
exploit the intrinsic semantic representation capa-
bility as the base model’s capacity increases.

6 Analyses

Impact of Data Size. Figure 3 shows the results
obtained using different amounts of training data
for a simple epoch. We find that both LLaMA2 and
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Template T para for Training
Template T for Embedding Extraction

PromptEOL Pretended CoT

Keep the same meaning of this sentence: “x∗”, while making some changes. 77.69/78.10/77.90 76.69/78.96/77.83
Generate a paraphrase of this sentence: “x∗” that preserves its meaning, while making some changes. 76.88/78.20/77.54 76.32/79.00/77.66
Rewrite the sentence: “x∗” while preserving its main meaning, but the wording may be simplified or rephrased. 76.75/75.77/76.26 75.21/77.90/76.56
Keep the main meaning of this sentence: “x∗”, and rewrite it in a different way. 73.62/78.84/76.23 71.95/79.78/75.87
Generate a paraphrase of the sentence: “x∗”. 74.62/76.73/75.68 72.27/77.84/75.06

Baseline w/o using T para for SEMPA training 70.03/71.90/70.97 76.86/76.09/76.48

Table 4: Performance (LLaMA2/LLaMA3/average) using different paraphrasing templates T para and CoT-enhanced
embedding extraction template T of pretended CoT (Zhang et al., 2024). Apart from a decline for LLaMA2 using
CoT-based template, our method consistently achieves improvements across different templates and model settings.

Models Methods Uniformity↓ Isotropy Score↑
Mean Pooling -0.7596 0.4284

LLaMA2-7B PromptEOL -1.0066 0.4173
SEMPA (Ours) -1.9139 0.4882

Mean Pooling -0.8112 0.4130
LLaMA3-8B PromptEOL -1.3277 0.4448

SEMPA (Ours) -2.3298 0.5312

Table 5: Quantitative results on uniformity and isotropy
scores. The results are aligned with qualitative ones.

LLaMA3 achieve their highest Spearman correla-
tion scores when trained with 40K to 80K NLI sam-
ples, and the best scores for both exceed 77. When
trained with 100K or more samples, performance
declines slightly and then plateaus, indicating some
degree of over-alignment in paraphrase generation.
Nonetheless, performance remains mostly above
73, outperforming the PromptEOL baseline. Over-
all, these results demonstrate that our method ef-
fectively enhances the semantic representations of
generative LLMs in a data-efficient manner, with-
out relying on large-scale, high-quality data for
contrastive learning or instruction tuning.
Visualization of Embedding Space. Representa-
tions of neural models often exhibits an anisotropic
distribution, especially for generative LLMs, which
limits their semantic expressiveness (Ethayarajh,
2019; Li et al., 2020). Figure 4 shows the PCA vi-
sualization of embeddings from randomly selected
0.2% instances from the NLI dataset.

Results show that sentence embeddings derived
via mean pooling suffer from a severe anisotropy
issue, with the majority of sentence vectors clus-
tered in a specific region of the embedding space.
In comparison, PromptEOL and our SEMPA mit-
igate this issue to a certain extent and generates
embeddings of superior quality, where positive and
negative samples are more clearly separated.

We further use two metrics that assess the repre-
sentation quality for comparison: 1) uniformity in-

troduced by Wang and Isola (2020), and 2) isotropy
score proposed by Mu and Viswanath (2018). De-
tails of these two metrics are shown in Appendix C.
Results in Table 5 demonstrate that SEMPA outper-
forms both the original model and the PromptEOL
baseline across the two metrics, indicating that
SEMPA can enhance semantic expressiveness by
improving the model’s representation space.
Impact of Templates. We test the performance
using different paraphrase generation templates
T para and the embedding extraction templates T .
To guide LLMs in generating paraphrases, we de-
sign multiple instructions that include phrases like
“Generate a paraphrase ...”, “Keep the meaning ...”,
or “Rewrite the sentence ...”, supplemented by con-
straints to promote syntactic diversity. For embed-
ding extraction, besides the PromptEOL baseline,
we also use a chain-of-thought enhanced template
Pretended CoT (Zhang et al., 2024) as follows:

After thinking step by step, this sentence:
“S” means in one word:“

The averaged results on seven STS datasets us-
ing LLaMA2 and LLaMA3 are shown in Table 4.
We observe that when using PromptEOL as the sen-
tence embedding extraction method, all five para-
phrase generation templates we designed lead to
significant improvements in model performance,
elevating the baseline scores from 70.03/71.90 to
a minimum of 74.62/76.73 and a maximum of
77.69/78.10. This demonstrates that our semantic
alignment approach is generally stable and effec-
tive across different templates.

When Pretended CoT is used as the sentence em-
bedding extraction template, we observe varying
degrees of performance decline when fine-tuning
the LLaMA2 model. For instance, the impact is
minimal with the first two templates, while the lat-
ter three templates show a drop of 1∼4 points. On
the more advanced LLaMA3 model, however, our
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Models GSM8K MMLU HellaSwag DROP TruthfulQA Avg.
Acc. Acc. Acc_norm F1 MC1

LLaMA2-7B 14.03 45.91 76.13 40.23 24.85 40.23
w/ Contrastive Learning 3.79 (↓10.24) 46.12 (↑0.21) 73.50 (↓2.63) 15.92 (↓24.31) 23.87 (↓0.98) 32.64 (↓7.59)
w/ Semantic DPO (Ours) 11.68 (↓2.35) 47.43 (↑1.52) 79.99 (↑3.86) 31.02 (↓9.21) 35.62 (↑10.77) 41.15 (↑0.92)

LLaMA3-8B 55.80 64.96 79.22 58.99 27.29 57.25
w/ Contrastive Learning 9.86 (↓45.94) 62.68 (↓2.28) 75.44 (↓3.78) 25.02 (↓33.97) 24.72 (↓2.57) 39.54 (↓17.71)
w/ Semantic DPO (Ours) 52.01 (↓3.79) 64.71 (↓0.25) 82.56 (↑3.34) 60.93 (↑1.94) 36.47 (↑9.18) 59.34 (↑2.09)

Table 6: Comparison of general capabilities of LLMs. For the results of contrastive learning, we obtain the model
by extracting sentence embeddings derived from the PromptEOL template and performing contrastive learning.

Input: Fire from the American ships did not actually stop at this point, and after
clarifying the position of his ships, he ordered TF 64 to resume firing at 23:51.
PromptEOL: The <0x0A> _He Fire He _The After after _Fire ...
SEMPA: _After res After _res _firing _after after _Fire Fire _Res

Input: After the resumption of National College Entrance Examination, he earned
his Master of Engineering degree from the University of the Chinese Academy of
Sciences in August 1981.
PromptEOL: _ _He He _After After _he he <0x0A> <0xE5> <0xE6>
SEMPA: After _After _after after Master August _he _earned he master

Input: He has been a member of the Portfolio Committee on International Relations
and Cooperation (National Assembly Committees) since 27th June 2019.
PromptEOL: _He He <0x0A> _he he H Member _ since I
SEMPA: Member _has _he _member _He _Member _a has member He

GAR Score of PromptEOL: 0.185 GAR Score of SEMPA: 0.324

Table 7: Top-10 aligned tokens in vocabulary according
to Nie et al. (2025). Tokens in green strictly match the
original input. Tokens in yellow match the input after
stemming or lemmatization. Tokens in red are unrelated.

method consistently improves performance across
all paraphrase generation templates. This discrep-
ancy may stem from differences in the semantic
representations elicited by CoT prompting across
different base models, which could be a direction
worth further exploration in future work.
Top-10 Aligned Tokens in Vocabulary. Nie et al.
(2025) finds that the tokens mapped by the embed-
dings from PromptEOL tend to align with key to-
kens from the original inputs, which helps explain
the effectiveness of sentence embeddings from gen-
erative LLMs. Following their analysis, we show
examples of the top-10 aligned tokens for three
different texts using the LLaMA2-7B backbone in
Table 7. These cases show that the embeddings
of PromptEOL still align with some unrelated and
meaningless tokens such as <0x0A>, which may be
due to the lack of semantic refinement. In contrast,
after lightweight semantic preference alignment,
our method makes the aligned tokens more accu-
rate. The GAR scores (see detailed definition in
Appendix D) proposed by Nie et al. (2025) also
show that our method indeed increases overall cov-
erage of tokens at the dataset level.

Impact to Generation Capability of LLMs. To
verify that the model fine-tuned with our proposed
method can enhance its semantic representation
ability while preserving its inherent generative ca-
pability, we adopt a variety of benchmarks across
multiple dimensions, including mathematical rea-
soning (GSM8K; Cobbe et al., 2021a), multi-
task language understanding (MMLU; Hendrycks
et al., 2021), commonsense reasoning (HellaSwag;
Zellers et al., 2019), reading comprehension
(DROP; Dua et al., 2019), and response reliability
(TruthfulQA; Lin et al., 2022).

The results are shown in Table 6. We find that
after token-level optimization based on contrastive
learning, the model’s performance declines across
almost all tasks (by 7.59 on LLaMA2-7B and 17.71
on LLaMA3-8B). This indicates that contrastive
learning methods tend to cause the model to degen-
erate into a purely representational model, thereby
sacrificing the original generative capabilities of
the language model.

In contrast, our preference alignment approach
remains a lightweight, sentence-level optimization
method that does not significantly affect perfor-
mance on these general tasks. Moreover, we ob-
serve that on the TruthfulQA dataset, our semanti-
cally aligned optimization improves the accuracy of
the base model by 9.18∼10.77 points. This reflects
the inherent impact of semantic representation on
certain downstream tasks.

7 Conclusion

We introduce SEMPA, a sentence-level semantic
preference alignment method to obtain better sen-
tence embeddings from LLMs. We establish a theo-
retical connection between contrastive learning and
our preference alignment method for improving
sentence representations. Empirically, we evalu-
ate SEMPA and other approaches on a series of
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semantic textual similarity tasks and LLM-related
benchmarks. The results show that SEMPA en-
ables better sentence embeddings compared with
various baselines, without sacrificing the intrinsic
generative capabilities of LLMs. Analysis of the
embedding space and the aligned tokens of sen-
tences shows that SEMPA can alleviate the embed-
ding space anisotropy and reflect the information
in sentences more accurately.

Limitations

This study preliminarily demonstrates through
lightweight experiments that semantic preference
optimization enhances the semantic representation
of generative LLMs. Further improvements and
exploration could be pursued in terms of the quan-
tity and quality of the dataset, or automatic prompt
optimization methods to enhance robustness. Ad-
ditionally, our method employs pairwise DPO for
preference optimization, which only considers bi-
nary comparisons between two responses. Recent
advances such as LiPO (Liu et al., 2025) demon-
strate that listwise preference optimization can
better leverage the complete ranking information
among multiple candidates through sophisticated
weighting mechanisms. Future work could inte-
grate listwise ranking objectives to capture more
nuanced semantic relationships.
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A More Implementation Details

We implement our DPO training using the SWIFT
framework (Zhao et al., 2025). We use four
NVIDIA RTX 5090 GPUs to train LLMs with
LoRA fine-tuning, setting LoRA modules to all
linear layers except the language model head, with
rank r = 8 and scaling factor α = 32. Addition-
ally, we set the per-step batch size to 8 and the
gradient accumulation steps to 8, resulting in an
effective batch size of 256. For optimization, we
employ the AdamW optimizer with a learning rate
schedule that includes a linear warmup phase with
a ratio of 0.05, peaks at 1× 10−4, and is followed
by a cosine annealing schedule. A checkpoint is
saved every 20K training samples to enable subse-
quent investigations into the relationship between
data size and performance.

B Results with Different Random Seeds

We train and evaluate LLaMA3-8B using three
different random seeds, keeping all other training
settings fixed. The results of STS tasks are shown
in Table 8. Across the three runs, the mean score is
78.10 with a standard deviation of 0.36.
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Seed STS12 STS13 STS14 STS15 STS16 STS-B SICK-R Avg.

Seed1 69.24 83.86 75.69 82.29 81.07 79.84 77.26 78.46
Seed2 68.55 84.62 75.89 82.11 78.36 80.04 77.12 78.10
Seed3 68.00 83.83 74.64 80.34 78.50 80.10 78.83 77.75

Table 8: STS results with different random seeds, reported by Spearman correlation ρ×100.

C Uniformity and Isotropy Score

C.1 Uniformity
The uniformity metric serves as a quantitative mea-
sure for evaluating embedding quality. It assesses
the extent to which the embedding distribution is
roughly uniform on the unit hypersphere. Pre-
serving such uniformity is essential for maintain-
ing maximal information and effectively utilizing
the feature space, attributes that have been shown
to correlate strongly with performance on down-
stream tasks.
Theoretical Basis. Given the data distribution pdata,
it is formally defined as:

ℓuniform ≜ log E
x,y∼pdata

i.i.d.

e−2∥f(x)−f(y)∥2 . (7)

Interpretation. A lower value of ℓuniform indi-
cates that the embeddings are more spread out and
isotropic. This uniformity is desirable because it
ensures that the feature space is utilized to its full
capacity. When features are uniformly distributed,
they are more likely to be linearly separable and
contain maximal entropy, which corresponds to
preserving the most information from the data.

C.2 Isotropy Score
The isotropy score provides a quantitative measure
of how uniformly distributed word embeddings
are in the high-dimensional space. It is rigorously
defined based on the partition function Z(c), which
aggregates the contributions of all sentence vectors
in a specific direction c.
Rigorous Definition. Given a set of sentence rep-
resentations {v(s) : s ∈ V }, where v(s) ∈ Rd, the
partition function for a unit vector c is defined as:

Z(c) =
∑

s∈V
exp(c⊤v(s)). (8)

The isotropy score I({v(s)}) is then defined as
the ratio of the minimum to the maximum value of
this partition function over all possible unit vectors:

I({v(s)}) =
min∥c∥=1 Z(c)

max∥c∥=1 Z(c)
. (9)

Intuitively, if the embeddings are perfectly
isotropic, Z(c) should be a constant independent
of the direction c, implying I = 1, while a score
closer to 0 indicates a stronger anisotropy.
Empirical Verification via Eigenvectors.
Since there is no closed-form solution for
argmax∥c∥=1 Z(c) or argmin∥c∥=1 Z(c), we em-
ploy an empirical verification strategy based on the
eigenvectors of the covariance matrix. We restrict
the candidate directions c to the eigenvectors
of V ⊤V , where V is the matrix of all sentence
vectors. Let {u1, . . . , ud} be the eigenvectors of
V ⊤V . The isotropy score is then estimated by
computing the partition function for each eigen-
vector, denoted as Z(uj) =

∑
s∈V exp(u⊤j v(s)),

and taking the ratio of the minimum to maximum
values observed among these eigenvectors:

Iapprox =
minj Z(uj)

maxj Z(uj)
. (10)

D Comparison of GAR Score

We adopt the global alignment rate (GAR) score
proposed by Nie et al. (2025) to measure, at the
dataset level, how well the aligned tokens of the
model’s embeddings cover the real tokens. Given
an input sentence si, we first tokenize it using the
tokenizer of the model and deduplicate the result-
ing token sequence to obtain the surface token set
Tsi . We then compute the top-Ki aligned tokens
of the sentence embedding and form the aligned to-
ken set T̂Ki

si . The intersection T̂Ki
si ∩ Tsi indicates

which tokens in the top-Ki aligned tokens also
appear in the surface token set. We perform the
same procedure for every sentence in the dataset D
and take the union of the resulting “hit token sets”⋃|D|

i=1(T̂
Ki
si ∩Tsi). The cardinality of this union rep-

resents the number of distinct surface token types
that are hit by alignment across the dataset. On the
other hand,

⋃|D|
i=1 Tsi gives the set of all surface to-

ken types appearing in the dataset. Therefore, GAR
is defined as the ratio of the sizes (cardinalities) of
the two sets and measures the global coverage of
surface tokens by the aligned tokens at the dataset
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level:

GAR =

∣∣∣
⋃|D|

i=1

(
T̂Ki
si ∩ Tsi

)∣∣∣
∣∣∣
⋃|D|

i=1 Tsi

∣∣∣
. (11)

We randomly sample 10K of the 1M Wikipedia
texts provided by Gao et al. (2021) as the dataset
D, set K = 10 for all sentences, and compute
GAR for LLaMA2-7B before and after fine-tuning
following the above procedure. The GAR score in-
creases from 0.185 (pre-finetuning) to 0.324 (post-
finetuning). This result indicates that our method
substantially improves the dataset-level coverage of
surface token types by the model’s top-K aligned
tokens and thus increases the diversity of aligned
surface tokens.

E Use of AI Assistants

We used AI tools solely to assist with translation
and language polishing (e.g., wording and grammar
suggestions). The tools were not used to generate
research conclusions, experimental results, or core
technical content.
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