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1 Introduction
The development of universal sentence embeddings, which
capture high-level semantic information in a way that is not
specific to any particular task, is a crucial research area in
the field of Natural Language Processing (NLP)[17]. These
embeddings[2, 9, 14, 18] can greatly benefit a variety of
applications, including information retrieval and question
answering[20]. Recently, there has been significant success
in using contrastive learning to fine-tune Pre-trained Lan-
guage Models (PLMs) for the purpose of learning universal
sentence representations[17]. Works show that fine-tuning
PLMs using contrastive learning has proven to be an effec-
tive approach[11, 19]. Contrastive learning aims to bring
semantically similar samples together and separate dissimi-
lar samples, leading to improved representation of sentence
semantics. In recent works, positive pairs are created through
data augmentation or using supervised datasets, while neg-
ative pairs are formed from different sentences within the
same mini-batch[17]. A typical example is the SimCSE[10]
model, which uses standard dropout as a means of construct-
ing positive pairs and demonstrates exceptional performance
on seven standard Semantic Textual Similarity tasks[17].
Recently, Jiang et al. [16] have proposed a novel con-

trastive learning model for learning sentence representation
PromptBERT, which adds hard prompt and prefix prompt to
the sentences, which is also like a template, to make BERT
and RoBERTa achieve better sentence embeddings. Apart
from PromptBERT, PromCSE, proposed by Jiang et al.[17],
achieved similar performance to PromptBERT and even bet-
ter results on the same datasets. It changes hard prompt
and prefix prompt to soft prompt (a set of trainable vectors)
that is added to the model as a few layers. Moreover, Prom-
CSE only needs to train this small-scale soft prompt while
keeping pretrained language models fixed.
However, the models presented in prior works have ex-

hibited a significant drawback in that they necessitate a
substantial quantity of training parameters and epochs to
attain convergence. Given the constraints of computational
and temporal resources, it is desirable to obtain a model that
demands fewer training parameters while simultaneously
maintaining optimal performance.
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In this paper, we propose 𝐿𝑜𝑅𝐴𝐶𝑆𝐸, contrastive learning
of sentence embeddings using LoRA. Since the previous
studies have demonstrated that a substantial amount of pa-
rameters and a considerable number of epochs are necessary
to achieve convergence, the amount of trainable parameters
in our LoRACSE is decreased significantly. In Table.2, we
compare our model’s training parameters to those of previ-
ous studies that used BERT𝑏𝑎𝑠𝑒 as a pretrained model. Our
results reveal that our model has significantly fewer param-
eters, accounting for only 0.067% of the total model to train.
Furthermore, our model requires only 2 epochs to converge,
which is substantially less than the previous works. Despite
using fewer parameters and training epochs, our model’s
performance remains comparable to that of the previous
works. All three students contribute equally to the project.

Model LoRACSE PromCSE SimCSE

Epoch 3 10 10
Trainable (%) 0.06725 0.27009 100
Avg Score 81.55 81.81 81.57

Table 1. Parameters Comparison on BERT𝑏𝑎𝑠𝑒

Model LoRACSE PromCSE SimCSE

Epoch 3 10 10
Trainable (%) 0.027656 0.21838 100
Avg Score 84.69 84.76 83.76
Table 2. Parameters Comparison on RoBERTa𝑙𝑎𝑟𝑔𝑒

2 Related Work
2.1 Contrastive Learning
Recentworks show that the principle of contrastive learning[12]
is to draw positive sample pairs together and push away neg-
ative sample pairs. Well-designed Siamese networks have
been already created to effectively carry out contrastive
learning[6, 13, 23].

2.2 Contrastive Learning in Sentence Embedding
Recent years, contrastive learning have been broadly used in
the sentence embedding task. Gao et al.[10] have presented
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SimCSE, which fine-tunes all the parameters of BERT us-
ing the contrastive learning objective. Apart from SimCSE,
Jiang et al.[17] have proposed PromCSE, a prompt-based con-
trastive learning model to learn the sentence embeddings.
Moreover, Chuang et al.[7] have shown us DiffCSE, which
develops a kind of sentence embedding that is able to dif-
ferentiate between the original sentence and a modified ver-
sion generated by randomly obscuring the original sentence
and sampling from a masked language model. Their mod-
els achieved state-of-the-art performances in the sentence
embedding area.

2.3 Pre-trained Language Model
Pre-trained language models, such as BERT, GPT-2, and GPT-
3, have gained significant attention in the natural language
processing (NLP) community in recent years. These models
have set the stage for the development of even larger and
more powerful language models, and have opened up new
avenues for research in NLP.

2.4 LoRA
Compared to SimCSE that needs to tune all the parameters
in the large language model, LoRA freezes the pretrained
language model as PromCSE did and adds pairs of rank-
decomposition weight matrices (called update matrices) to
existing weights, matrix A with a dimension of 𝑑 × 𝑟 and
matrix B with a dimension of 𝑟 ×𝑑 , where d is the dimension
of the current weights and r it the rank of LoRA that can be
set while training and thus, control the number of trainable
parameters. Then, it only trains those newly added weights
and finally adds the multiplication of A and B to the fixed
PLMs’ weights.

Figure 1. LoRA architecture.[15]

3 Data Preprocessing
3.1 Training Dataset
In order to conduct a comparative analysis of our model with
prior works, we utilized the identical dataset employed by
PromCSE and SimCSE. Specifically, our training set consisted
of a combination of MNLI and SNLI. Previous work[10] have
shown that these two datasets is comprised of top-notch,

crowd-sourced pairs, which task annotators with composing
three sentences for a single premise: one that is unequivo-
cally true (entailment), one that is potentially true (neutral),
and one that is unquestionably false (contradiction). This
means that for every premise and its corresponding entail-
ment hypothesis, there is one similar hypothesis as well as a
corresponding contradiction hypothesis. For simplicity, the
similar hypothesis is tagged as Sent1 and contradiction hy-
pothesis is tagged as Hard_neg in the training dataset. As an
illustration, one of such tuple is shown in Table.3

Label Text

Sent0 She smiled back
Sent1 She was happy
Hard_neg She frowned

Table 3. Training Data Sample

3.2 Evaluation & Test Dataset
3.2.1 Standard STS.

Dataset and Metric. We assess the effectiveness of our
sentence embedding approach by employing seven well-
established STS datasets, including STS tasks 2012-2016[1,
3–5], STS Benchmark[2], and SICK-Relatedness[21]. These
datasets consist of pairs of sentences obtained from diverse
sources, including news, forums, and lexical definitions. Each
sentence pair is assigned a score between 0 to 5 indicating its
semantic similarity. To evaluate our technique, we utilize the
SentEval toolkit[8] and calculate the Spearman’s correlation
on the test sets, which is in line with previous research.

Baseline (need modification). We compare our unsuper-
vised and plan to compare supervised LoRACSE with previ-
ous state-of-the-art sentence embedding methods for base-
line comparison. Moreover, we introduce strong unsuper-
vised baselines that leverage contrastive learning, which in-
clude CT-BERT, Mirror-BERT, SimCSE, DiffCSE, and Prompt-
BERT [7, 10, 16, 17, 22]. In addition, we compare our model
with methods that use extra supervision, such as InferSent,
Universal Sentence Encoder, SBERT with BERT-flow, whiten-
ing, and CT, and SimCSE[7, 10, 22].

4 Methodology
4.1 Contrastive Learning Loss Function
For the contrastive learning objective, we choose the same
loss function as SimCSE and PromCSE, as shown in Fig.1,
which is the most widely adopted training objective NT-Xent
loss[17].

L𝐶𝐿 = − log
𝑒sim(h𝑖 ,h+𝑖 )/𝜏∑𝑁
𝑗=1 𝑒

sim
(
h𝑖 ,h+𝑗

)
/𝜏

(1)
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If we have a collection of paired sentences𝐷 = (𝑋𝑖 , 𝑋
+
𝑖 )

𝑚
𝑖=1,

where 𝑋𝑖 and 𝑋 +
𝑖 have similar meanings, we consider 𝑋 +

𝑖 to
be the positive pair of 𝑋𝑖 . For the other sentences in the
same mini-batch, we treat them as negative examples. We
can represent the sentence embeddings of𝑋𝑖 and𝑋 +

𝑖 asℎ𝑖 and
ℎ+𝑖 , respectively. Using these embeddings, we can formulate
the NT-Xent loss for a single sample in a mini-batch of size
N as shown in the above figure[17].

4.2 PEFT
Parameter-Efficient Fine-Tuning (PEFT) is the state-of-the-
art parameter fine-tuning library, which facilitates the effi-
cient adaptation of pre-trained language models (PLMs) to
diverse downstream applications while circumventing the
need to fine-tune all parameters of the model. Given that
fine-tuning large-scale PLMs is often cost-prohibitive, PEFT
methods offer a viable alternative by enabling the fine-tuning
of only a small number of supplementary model parameters.
This, in turn, leads to significant reductions in computational
and storage expenses. Recently developed state-of-the-art
PEFT techniques have demonstrated performance levels com-
parable to those achieved through full fine-tuning.

4.3 Model
Our models have been developed utilizing Huggingface’s
transformers, andwe obtain pre-trained checkpoints of RoBERTa
[19], another pretrain model from the same source. With
the help of the PEFT, we employed the LoRA technique as
illustrated in Fig. 2. Specifically, the LoRA architecture is
appended to various matrices within each attention layer,
with matched shapes. During training, we solely optimize
the parameters in the Lora weight matrix, while keeping all
the parameters in the original pretrained models unchanged.

Figure 2. LoRACSE architecture.

5 Experiments
5.1 Experiments on Different Weight Matrices
Here we explore the difference of applying LoRA technique
to different weight matrices, which are query, key and value
matrices of every transformer layer and weight matrices in

the final FFNN, with the rank or LoRA fixed as 𝑟 = 4 and
RoBERTa𝑏𝑎𝑠𝑒 being the PLM. The results is shown in Fig.2

Figure 3. Apply LoRA on different weight matrices.

Since weight matrices of query, value and FFNN achieves
relatively high average scores, we further conduct four ex-
periments that apply LoRA to both query and value, query
and FFNN, key and FFNN and value and FFNN. From Fig.
2, we can see that applying LoRA to both query and value
matrices achieves highest average scores.

5.2 Experiments with Different Ranks
After completing the above experiments, we keep applying
LoRA technique to query and value matrices of every trans-
former layer and conduct experiments with different ranks of
LoRA, which means tuning different amounts of parameters
in our model because the amounts of trainable parameters
in LoRACSE is determined by the scale of ranks. We’ve tried
rank = 1, 2, 4 and 8 here with RoBERTa𝑏𝑎𝑠𝑒 being the PLM
and the corresponding results are shown in Figure.4.

5.3 Experiments with Different PLMs
5.3.1 Hyperparameters. After doing some basic experi-
ments considering the amounts of trainable parameters and
the matrices we apply LoRA to, we train our LoRACSE using
the hyperparameters shown in Table. 4 and compare the re-
sults with SimCSE and PromCSE with the same PLMs. These
hyperparameters are obtained through hyperparameter-search.
Due to the lack of computational resources (especially GPU
memory), we are only able to train the LoRACSE-RoBERTa-
large model with batch size of 375.

5.3.2 Comparison Experiments. We train the model
with the hyperparameters shown in Table.4 and apply LoRA
technique to the V and K matrices in the Pretrained Lan-
guage Models. The detailed result is shown in Table.6 and
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Figure 4. Apply LoRA with Different Ranks

Model BERT𝑏𝑎𝑠𝑒 RoBERTa𝑏𝑎𝑠𝑒 RoBERTa𝑙𝑎𝑟𝑔𝑒

Batch Size 512 512 375
Learning Rate 2−4 2−4 2−4
Epoch 3 3 3
Validation Steps 125 125 125
Rank 2 8 1

Table 4. Hyperparameters

Fig.5. The presented graph and table illustrate that our su-
pervised LoRACSE model achieves a notably superior per-
formance in comparison to the two baseline models, namely
Glove embedding and Universal Sentence Encoder. Further-
more, despite training a substantially fewer number of pa-
rameters, our model outperforms SimCSE when we used
Roberta𝑙𝑎𝑟𝑔𝑒 and performs comparably to SimCSE and Prom-
CSE in other cases.

Figure 5. Result of Comparison Experiment

6 Discussion
6.1 Experiments on Different Weight Matrices
The figure presented in Figure 3 demonstrates that when
implementing the LoRA technique on a single weight matrix,
appending it to the 𝑉 and FFNN matrices performs better
than using the 𝑄 and 𝐾 matrices. In addition, we conducted
experiments by applying LoRA to two weight matrices si-
multaneously, selecting those that achieved high scores in
the previous experiments(since we don’t have sufficient com-
putational resources), namely, Q & V, Q & FFNN, K & FFNN,
and V & FFNN. The results reveal that the highest score of
82.34 was obtained when implementing LoRA on both Q and
V matrices.

6.2 Experiments with Different Ranks
From Fig.4, we can see that with RoBERTa𝑏𝑎𝑠𝑒 being the PLM
and applying LoRA to both query and value weight matrices
of transformer’s every layer, the average score increases
as the rank of LoRA becomes larger. It’s intuitive that the
performance becomes better with larger amount of trainable
parameters. However, when rank = 1, the score is 82.22 and
it is 82.49 when the rank = 8. The difference between these
scores is actually really small. Therefore, our thought is that
the number of rank doesn’t affect the performance of this
task significantly, and choosing the rank between this range
is reasonable for conducting the experiments.

6.3 Experiments with Different PLMs
From Table.4 and Figure.5, we can discern that our LoRACSE
model performs comparably to SimCSE on all three pre-
trained language model on Bert and RoBERTa𝑏𝑎𝑠𝑒 . And it
outperforms SimCSE significantly on RoBERTa𝑙𝑎𝑟𝑔𝑒 , which
has an increment by nearly 1%. It is essential to note, though,
that LoraCSE was trained using merely 0.02% of the model
parameters utilized in SimCSE, and 10% of the model pa-
rameters of PromCSE, which leads to significant savings
in training time and GPU memory. We also find that the
model performs better on RoBERT𝑏𝑎𝑠𝑒 when the LoRA rank
is 8, while on RoBERTa𝑙𝑎𝑟𝑔𝑒 , LoRA rank equals to 1 is bet-
ter as shown in Table.5. The reason may be that the large
PLMs have already comsisted of large amount of parameters,
and tuning with a higher LoRA rank will lead to overfitting.
Therefore, larger PLMs prefer lower LoRA rank.

LoRA Rank 1 2 4 8

Avg Score 84.69 84.35 84.22 84.08
Table 5. Avg Score on RoBERTa𝑙𝑎𝑟𝑔𝑒 of Different LoRA Rank
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