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Abstract: BERT, the most popular deep learning language model, has yielded breakthrough results
in various NLP tasks. However, the semantic representation space learned by BERT has the property
of anisotropy. Therefore, BERT needs to be fine-tuned for certain downstream tasks such as Semantic
Textual Similarity (STS). To overcome this problem and improve the sentence representation space,
some contrastive learning methods have been proposed for fine-tuning BERT. However, existing
contrastive learning models do not consider the importance of input triplets in terms of easy and hard
negatives during training. In this paper, we propose the SelfCCL: Curriculum Contrastive Learning
model by Transferring Self-taught Knowledge for Fine-Tuning BERT, which mimics the two ways that
humans learn about the world around them, namely contrastive learning and curriculum learning.
The former learns by contrasting similar and dissimilar samples. The latter is inspired by the way
humans learn from the simplest concepts to the most complex concepts. Our model also performs
this training by transferring self-taught knowledge. That is, the model figures out which triplets are
easy or difficult based on previously learned knowledge, and then learns based on those triplets in
the order of curriculum using a contrastive objective. We apply our proposed model to the BERT
and Sentence BERT(SBERT) frameworks. The evaluation results of SelfCCL on the standard STS
and SentEval transfer learning tasks show that using curriculum learning together with contrastive
learning increases average performance to some extent.

Keywords: transfer learning; curriculum learning; contrastive learning; self-taught learning; sentence
embedding; natural language processing; semantic textual similarity; BERT

1. Introduction

The advent of BERT [1], a pre-trained conceptualized language model, was a paradigm
shift in Natural Language Processing (NLP) particularly because of the introduction of the
pre-training/fine-tuning mechanism [2,3]. That is, after pre-training in a self-supervised
way on a tremendous amount of textual data, the BERT model can be rapidly fine-tuned
on a certain downstream task with small labeled-data and little time, because the general
linguistic patterns have already been learned during the pre-training phase [3].

One of the essential downstream tasks in NLP, for which BERT needs to be fine-tuned,
is Semantic Textual Similarity (STS), which quantifies the closeness of semantic meaning
of given texts that have the same meaning, but are not necessarily lexically similar. STS is
indispensable for many NLP applications including information retrieval, text classification,
machine translation, sentiment analysis, text summarization, market intelligence, named
entity recognition, etc. For example, in information retrieval, STS is used to measure the
relevancy between the retrieved document and the user query; in sentiment analysis of
tweets, STS is used to estimate similarity scores between tweets; in question answering,
STS is used to find correct answers that have no lexical overlap but are still semantically
similar; in market intelligence, STS is used to select the best wording for questions to
use when creating surveys, as the questions can be expressed in such a way that the
information gathered remains valuable and relevant over time. For example, consider these
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two questions: “How old are you?” and “What year were you born?”. Both have the same
meaning, but the latter will still be useful several years from now.

Although BERT has been very successful in some NLP tasks, sentence embeddings
derived from BERT are susceptible to collapse without fine-tuning. That is, they are mapped
in a small space and almost all pairs of sentences have a cosine similarity in the range
of {0.6, 1} [4]. This problem arises from the fact that the frequency of words distorts the
embedding space [4,5].

To overcome this problem, a thread of research has thus been working on applying con-
trastive learning techniques under the pre-train-then-fine-tune paradigm of BERT [4,6–14].
Contrastive learning pulls similar samples closer together, but pushes out dissimilar sam-
ples [15]. Basically, contrastive learning is inspired by the way humans learn about the
world around them, using the principle of contrasting samples against each other. The idea
behind it is similar to the “match the correct image” game for children, where they learn by
comparing similar and dissimilar pictures. The issue here, however, is the difficulty level
of the game. For example, as shown in Figure 1, we can match easy or hard pictures. The
learning process begins with simple examples of a task and then gradually increases the
difficulty of the task; this is called curriculum learning, and is based on the human learning
strategy from easy to hard material.

Figure 1. “Match the correct animal” by contrasting similar and dissimilar images.

Based on the above descriptions, this work aims to answer the following question:
Can applying curriculum learning to contrastive learning increase the performance of con-
trastive learning? To answer this question, we propose Curriculum Contrastive Learning
by Transferring Self-taught Knowledge for Fine-Tuning BERT. For simplicity, we abbreviate
the foregoing as SelfCCL. Our model learns in the meaningful order from easy to hard
triplets based on the contrastive objective in a self-taught manner. That is, SelfCCL transfers
self-taught knowledge to sort input triplets by difficulty. In essence, self-taught learning is
a subcategory of transfer learning, which is the ability of transferring the knowledge and
skills learned in a previous task to a new task [16].

SelfCCL first uses unlabeled contrastive triplets (x1, x+i , x−i ) for triplet mining and
scoring triplets to easy, semi-hard and hard through BERT itself. Then, BERT is fine-tuned
in curriculum order using these self-taught labeled triplets based on contrastive objective.
To sum up, the SelfCCL model figures out what matters for itself and then learns based
on it.

For a detailed investigation, we perform three experiments. In the first experiment, we
assess SelfCCL on seven standard STS tasks. In the second experiment, we assess SelfCCL
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on seven standard transfer learning tasks. In the third experiment, we investigate the
correlation between the cosine similarity of the sentence embeddings generated by SelfCCL
and the human-annotated scores in the SICK dataset to observe the contrastive learning
ability in distinguishing similar and dissimilar sentences.

Our principal contributions can be briefly notated as follows:

• We present a SelfCCL model for fine-tuning BERT based on the combination of cur-
riculum learning and contrastive learning;

• Our model transfers self-taught knowledge to score and sorts input-data triplets;
• Our model surpasses the previous state-of-the-art models;
• The results reveal that the use of curriculum learning along with contrastive learning

partially increases the average performance.

The remainder of the paper is organized as follows: In Section 2, a short summary of
contextualized sentence embedding models is provided. In Section 3, a brief background
on contrastive learning, curriculum learning, and self-taught transfer learning is given.
In Section 4, our proposed model (SelfCCL) is presented. Thereafter, in Section 5, the
experiments are given. Finally, conclusions and recommendations for future works are
provided in Section 6.

2. Related Works

The traditional embedding models such as Word2Vec [17], GloVe [18], and Fast-
Text [19] only work on the word level. After that, the same idea was extended to learn
sentence embeddings instead of learning word embeddings. Sentence embedding mod-
els can be divided into those that produce non-contextualized embeddings, and those
that produce contextualized embeddings [20]. Early sentence embedding models such
as Doc2Vec [21], Skip-thought [22], FastSent [23], Sent2Vec [24], and Quick-thought [25]
are non-contextualized embeddings and have been relatively successful in some of NLP
tasks. However, these embeddings provide an exact meaning to words, which is a major
downside of them, as the meaning of words changes based on context. For example, in the
following three sentences, the meaning of the word “date” can be changed based on context:

- Her favorite to eat is a date.
- They went on a date tonight.
- What is your date of birth?

Thus, learning high-quality sentence representations can still be challenging, because
a desirable sentence embedding model is expected to be able to model complex features
of word use (e.g., syntax and semantics) and to use linguistic contexts in a way that can
handle polysemy [26].

Recently, deep contextualized Sentence-embedding models such as Facebook’s In-
ferSent [27], AllenAI’s ELMo [26], USE [28], and Google’s BERT [1] have been proposed,
which are considered as important milestone achievements in word and sentence repre-
sentation. These pre-trained machine learning models can encode a sentence into deep
contextualized embeddings that depend on its intra-sentential context [20]. Among contex-
tualized sentence embedding models, BERT has established itself as the most effective NLP
model, performing excellently in many NLP applications with appropriate fine-tuning for
particular downstream tasks [29].

BERT is a contextualized language model based on the Transformer architecture de-
veloped by researchers at Google AI. The Transformer-based architecture of BERT uses
the amazing attention mechanism that learns contextual relationships between words in
a sequence of text. In fact, BERT solves the long-term dependencies problem of Recur-
rent Neural Networks (RNNs) by attention mechanism, which is a technique for paying
attention to specific words.

Recent works have shown that fine-tuning BERT has been very successful in many NLP
tasks, including sentiment analysis [29], text classification [30], named-entity recognition
(NER) [31], intent recognition [32], etc. For instance, Agrawal et al. in Ref. [31] attempted
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to solve the nested-NER problem using transfer learning through fine-tuning BERT. They
performed fine-tuning of various pre-trained BERT models on the datasets in which the
nested labels are connected by flattening (e.g., Tottenham: organization + location). Simi-
larly, in Ref. [32], Fernández-Martínez et al. fine-tuned BERT for intent recognition using
vocabulary extension. They showed that adding adequate domain specific words to BERT’s
original tokenizer vocabulary can improve performance.

The biggest advantage of BERT is that it generates “contextualized” word embeddings,
which means that it can assign each word a representation based on its context. The biggest
downside of BERT is that it is slow to train as it has millions of parameters and needs a
prohibitively large dataset in order to train to reasonable accuracy. In addition, BERT is
based on a cross-encoder architecture, which makes it too slow for sentence-pair tasks
such as clustering, since both sentences must be fed into the network, which requires
an enormous amount of computation. For example, clustering 10,000 sentences requires
approximately 65 h of training.

Ref. [33] have proposed a Bi-encoder BERT model, which is called Sentence-BERT
(SBERT). SBERT aims to overcome this challenge through a siamese network, which creates
sentence embeddings for each sentence and can then compare them using a cosine-similarity.
SBERT makes semantic search feasible for a large number of sentences, reducing the time
from 65 h to about 5 s for the same complexity of clustering 10,000 sentences.

SBERT uses NLI datasets such as SNLI [34] and Multi-Genre NLI (MultiNLI)
datasets [35]. These datasets contain sentence pairs labeled as entailment, contradiction,
or neutral. SBERT first enters each pair of sentences into BERT and obtains sentence
embeddings u and v through a mean pooling operation. It then inputs a composite vector
of these vectors in the form of (u, v, |u− v|) into a three-way softmax classifier to predict
the label of the given sentence pair.

3. Background
3.1. Contrastive Learning

Contrastive learning is self-supervised learning that encourages similar data points
to stay close together in the embedding space, while dissimilar ones stay far apart. In
other words, contrastive learning is an approach to create a model for finding similar and
dissimilar things in machine learning.

Contrastive loss proposed by Refs. [36,37] is the first training objective that was used
for contrastive learning. It takes a pair of embedding vectors (xi, xj) and a label, either 1
(if they belong to the same class) or 0 (if they belong to different classes). The objective
function then tries to decrease the distance between two embedding vectors with label 1,
and increase the distance between two embedding vectors with label 0. The contrastive
loss formula is defined as:

LCL(xi, xj, Y) = (1−Y)
1
2
(Dxi ,xj)

2 + Y
1
2

{
max(0, m− Dxi ,xj)

}2
(1)

where (xi, xj) is a pair of embedding vectors, Y is a label that can be 0 or 1, m is a margin that
defines the lower boundary distance between dissimilar samples, and D(·) is a Euclidean
distance between a pair of embedding vectors of samples.

Triplet loss is an improvement of the contrastive loss first proposed in Ref. [38] for
face recognition. It outperforms the former by using triplets of samples instead of pairs.
Triplet loss consists of an anchor, a positive, and a negative in the form of (xi, x+i , x−i ).
Anchor and positive belong to the same class while negative belongs to different classes.
The loss is calculated over triplets of anchor-positive-negative, so that for each triplet the
anchor-positive distance must be smaller than the anchor-negative distance. The formula
for triplet loss is defined as follows:

LTL = max
(

D
(
x, x+

)
− D

(
x, x−

)
+ m, 0

)
(2)
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where D(·) is distance function, which can be Euclidean or cosine, and m is a parameter
that specifies how far dissimilar samples should be from the anchor.

Triplet Mining

The performance of the triplet loss depends strongly on the selection of the triplets.
On the other hand, selecting the triplet randomly leads to non-convergence [38,39]. To
overcome this problem, Ref. [38] proposed triplet mining. As shown in Figure 2, depending
on the distance between the anchor, positive, and negative points, there are three possible
types of triplets: easy triplets, semi-hard triplets, and hard triplets.

Figure 2. Three possible triplets depending on the distance between an anchor and a positive or
a negative.

In the original FaceNet paper [38], the authors used semi-hard triplets in their work.
However, offline triplet mining, e.g., before training starts, is extremely inefficient. To
overcome this restriction, online triplet mining is used. The idea is to select triplets during
training epochs within a batch of samples [38,40], so that for each anchor-positive pair
within a batch, other in-batch samples are considered as negatives. Online triplet mining is
also known as in-batch negative or batch-wise [41].

NT-Xent loss, which stands for Normalized Temperature-Scaled Cross-Entropy loss,
is the most popular batch-wise contrastive loss, and is proposed in the SimCLR paper
by Ref. [42]. It is an extended version of the multi-class N-pair loss [43]. This loss func-
tion takes positive pairs in the form of (xi, x+i ) and other possible pairs within the batch
considered as negatives. The formula for NT-Xent loss is defined as follows:

LNT−Xent = − log
esim(xi ,x

+
i )/τ

∑N
j=1 esim(xi ,x

+
j )/τ

(3)

where sim(·) is the standard cosine similarity, and τ is a temperature parameter to scale the
cosine similarity.

3.2. Curriculum Learning

Curriculum Learning (CL) is a strategy of training a machine learning model from
simpler to more difficult patterns, inspired by the meaningful learning-order of human
from easy concepts to complex concepts. The idea of curriculum learning was introduced
earlier by Ref. [44] and first, formalized in machine learning by Bengio et al. in 2009 [45].
Curriculum learning strategy has been successfully employed in several areas of machine
learning including computer vision, speech recognition, audio-visual representations learn-
ing, robotics, and NLP [46].
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There are two common frameworks for curriculum learning, the data-level CL and
the model-level CL. Data-level CL, the original formulation by Ref. [45], and also known
as vanilla CL, deals with gradually increasing complexity of data during the training
process while the model-level CL deals with gradually increasing the model capacity by
adding more units, activating more units, or deblurring conventional filters during the
progress of training process [46]. Most CL works in the literature use the data-level CL.

Generally speaking, the curriculum is defined by three elements: (1) the scoring
function, (2) the pacing function, and (3) the order. Scoring function and the pacing
function are also known as the difficulty measurer and the curriculum scheduler in the
literature, respectively [47].

1. Scoring function: The scoring function determines the criterion for scoring data to
easy and hard samples. For example, in natural language processing tasks, word fre-
quency and sentence length are mostly used as a criterion for difficulty measurer [46].
So, expressed mathematically, the scoring function is a map from an input example, x,
to a numerical score, s(x) ∈ R, where a higher score corresponds to a more difficult
example [48].

2. Pacing function: The pacing function g(t) determines when harder samples are
presented to the model during the training process. To put it simply, the pacing
function determines the size of training data to be used at epoch t.

3. The order: The order corresponds to ascending (curriculum), descending (anti-curriculum),
and random-curriculum. Anti-curriculum learning uses the scoring function, in which
training examples are sorted in descending order of difficulty; thus, the more difficult
examples are queried before the easier ones [49]. In the random-curriculum, the size
of the batch is dynamically grown over time, while the examples within the batch are
randomly ordered [48,50].

3.3. Transfer Learning and Self-Taught Learning

Training a machine learning model from scratch is computationally expensive since
collecting sufficient training data is often costly and time-consuming. This is where
transfer learning comes into play. Transfer learning is the ability of transferring the
knowledge gained from a task to another task [16]. Put simply, transfer learning is
the reuse of a pre-trained model for a model on a new task with often related source
domains [51]. The use of transfer learning is very common in the fields of NLP and
Computer Vision (CV). In NLP, BERT, for example, is used for as the starting point for
other tasks such as sentiment analysis, text summarization, text classification, machine
translation, and so on.

Transfer learning can be classified based on several factors. However, there is no
definitive categorization for it in the literature. The most common classification is based on
data, task, and domains of the source and target models [51,52]. Depending on the tasks,
domains and type of data available, i.e., labeled/unlabeled, for source and target models,
transfer learning methods fall into one of three categories: inductive, transductive, and
unsupervised [51]. Table 1 shows these three categories.

Self-Taught learning is a type of inductive transfer learning, when a pre-trained
model on an unlabeled source task is reused for a labeled target task. Self-taught learning
was first introduced in Ref. [53] by Stanford researchers in 2007 for image classification.
They used the prior knowledge learned from unlabeled data for a new supervised
classification task.
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Table 1. Taxonomy of transfer learning depending on data, task, and domain of source and tar-
get models.

Category Source Data Labeled? Target Data Labeled? Source and Target Task Source and Target Domains

Inductive Can be labeled and unlabeled Yes Different but related Same
Transductive Yes No Same Different but related
Unsupervised No No Different but related Different but related

4. SelfCCL: Curriculum Contrastive Learning by Transferring Self-Taught Knowledge
for Fine-Tuning BERT
4.1. Methodology

We propose a SelfCCL model that learns in the meaningful order from the easiest to
most difficult triplets, based on contrastive objective through the self-taught knowledge.
Our model consists of two phases. We have depicted these two phases in Figure 3. In the
first phase, Figure 3a, the input data triplets are scored trough self-taught transfer learning
from BERT and sorted in the curriculum order. In fact, we use prior knowledge from BERT,
learned during pre-trining, to score the data. No training or fine-tuning takes place at this
stage. In the second phase, Figure 3b, the same BERT model is fine-tuned based on the
curriculum order (ascending order) of these triplets using supervised contrastive objective.

In the following sections, we explain the training data, scoring function and pacing
function of the curriculum based on self-taught transfer learning, as well as our contrastive
training objective.

Figure 3. SelfCCL model; (a) Easy-to-hard triplets mining using BERT in a self-taught way; (b) Cur-
riculum contrastive based fine-tuning of BERT.

4.2. Training Data

We use SNLI [34] and Multi-genre NLI (MNLI) datasets [35]. SNLI (570 K) and MNLI
(433 K) contain sentence pairs (premise-hypothesis), labeled as entailment, neutral, or
contradiction. We obtain only entailment and contradiction labels and use them in the form
of (x1, x+i , x−i ), where entailment hypotheses are positives and contradiction hypotheses
are negatives for premise (anchor). The total number of input triplets in our training dataset
is about ∼314 K.
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4.3. Curriculum Setting

For the Curriculum setting of our model, we use vanilla CL configuration by Bengio et al. [45].
The settings are as follows:

4.3.1. Scoring Function

The challenge facing curriculum learning is how to score training data in a way that
reflects an easy-to-difficult arrangement. Indeed, this step requires additional labeling. To
confront this challenge, we first establish the scoring criteria according to the triplet mining
rules. We use the following criteria to classify triplets in the form of (xi, x+i , x−i ) into easy,
semi-hard, and hard triplets:

Easy triplets: d(x, x+) + m < d(x, x−)
Semi-hard triplets: d(x, x+) < d(x, x−) < d(x, x+) + m
Hard triplets: d(x, x−) < d(x, x+)

where d is cosine distance and m = 0.2 is margin.

Next, we use BERT itself to apply these three triplet mining criteria to score input-
triplets. That is, inspired by self-taught learning, we reuse the pre-trained BERT model for
scoring input triplets. As shown in Figure 3a, NLI input-triplets in the form of (xi, x+i , x−i )
are fed into BERT and their embeddings are obtained. We use BERT-base (uncased) to
generate sentence embeddings. Then, triplets are classified as easy, semi-hard, and hard
triplets according to the mentioned criteria. This phase is performed offline. An example of
this scoring phase can be found in Table 2.

Table 2. Triplet mining for triplet samples from SNLI [34].

Premise Entailment Contradiction Score

A man with a beard,
wearing a red shirt
with gray sleeves and
work gloves,
pulling on a rope.

A bearded man pulls a rope. A man pulls his beard. easy
A bearded man is pulling on a rope. The man was clean shaven. easy
A man is pulling on a rope. A man in a swimsuit, swings on a rope. semi-hard
The man is able to grow a beard. A man is wearing a black shirt. semi-hard
A man pulls on a rope. A bearded man is pulling a car with his teeth. hard

4.3.2. Pacing Function

After we get the score of each triplet, we use the pacing function to schedule how to
introduce the triplets during the training process. The pacing function g(t) specifies the
size of training input at each epoch t. We use the linear pacing function as follows:

g(t) = (
t
T
)

λ

× k (4)

where T is the total number of training steps, k is the number of sorted training samples,
λ is a smoothing parameter that controls the pace in the training procedure. λ = 1

2 , 1, 2
denote the root, linear, and quadratic pacing functions, respectively. Here, we use the linear
setting as λ = 1.

4.4. Training Objective

For contrastive objective, we follow the contrastive framework in Ref. [54] and Ref. [12],
which is a developing version of NT-Xent loss by adding a hard negative to it. This loss
function is also a version of Multiple Negatives Ranking Loss (MNRL) (https://www.
sbert.net/ (accessed on 13 December 2022)). So for a triplet in the form of (xi, x+i , x−i ) in a
mini-batch, the loss is defined as:

L = − log
esim(xi ,x

+
i )/τ

∑N
j=1(e

sim(xi ,x
+
j )/τ

+ esim(xi ,x
−
j )/τ

)
(5)

https://www.sbert.net/
https://www.sbert.net/
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5. Experiments
5.1. Training Setups

For SelfCCL-BERT, we use SimCSEsup setup (https://github.com/princeton-nlp/SimCSE
(accessed on 13 December 2022)) and for SelfCCL-SBERT, we use sentence-transformers.
For both of our models, we start from pre-trained BERT-base (uncased) hosted on the
Hugging Face Model Hub (https://huggingface.co/ (accessed on 13 December 2022)).
We use the average embeddings of the first and last layers (“avg-first-last”) and “mean”
as pooling mode for SelfCCL-BERT and SelfCCL-SBERT, respectively. We run SelfCCL-
BERT on 4 A100 GPUs and and SelfCCL-SBERT on 1 A100 GPU with CUDA 11, and train
them for four epochs. We also tested more epochs, but overfitting was observed. In the
original paper [1], the authors essentially recommend only two to four training epochs
for fine-tuning BERT on specific NLP tasks, since general linguistic patterns were already
learned during pre-training. We also use a batch size of 512 for SelfCCL-BERT and 350 for
SelfCCL-SBERT.

5.2. Baseline and Previous Models

In our experiments, the SelfCCL model is compared to the preceding sentence en-
coder models. They are listed as supervised and unsupervised models in Table 3, sep-
arately. Refs. [4,6–15] use contrastive learning. BERT-Flow and BERT-whitening [5,55]
are post-processing models that apply flow-network and whitening to enhance BERT, re-
spectively. SBERT [33] and SBERT-base-nli-v2 (our reproduced model) are considered as
baseline models.

The SimCSE [12] and SupMPN [15] models are the last two contrastive learning
models that have performed the best compared to baseline SBERT and other previous
models. SimCSE uses a contrastive loss function similar to our SelfCCL model so that it
accepts triplets in the form of (xi, x+i , x−i ). SupMPN uses a SupMPNRL objective function,
which accepts one anchor, multiple hard positives, and multiple hard negatives in the
form of (xi, x+i1 , . . . , x+i5 , x−i1 , . . . , x−i5). In these two methods, there is no curriculum order of
input triplets.

5.3. Reproducing SBERT-Base-Nli-V2 Model

SBERT-base-nli-v2 checkpoint is the second version of “nli-bert-base” checkpoint
from sentence-transformers, which is trained using a contrastive objective by Ref. [56].
They reported its evaluation results on STS tasks. However, they did not release its files.
Additionally, Ref. [57] also reproduced SBERT-base-nli-v2, but they did not report any
result for the STS tasks. Therefore, in order to make an accurate comparison, we reproduced
it again. We used SNLI and MNLI entailment and contradiction hypotheses in the form
of (xi, x+i , x−i ) and we used Multiple Negatives Ranking Loss (MNRL) as the objective
function. We trained 3 epochs on 1 A100 GPU with a batch size of 350. Table 3 shows
the specifications for our proposed models, SBERT-base-nli-v2 (our reproduced model),
state-of-the-art (SOTA) SimCSE [12], and SOTA SupMPN [15].

Table 3. The specifications for SBERT-base-nli-v2, SimCSE, SupMPN, and our proposed models.

Model GPU
Number of

GPUs
Used in Training

Number of
Training
Epochs

Batch
Size

The Form of
Input Triplets

for Contrastive Objective

Using
Curriculum

Learning

SupMPN-BERTbase Nvidia A100 80 GB 8 3 512 (xi, x+i1 , . . . , x+i5 , x−i1 , . . . , x−i5) No

SimCSE-BERTbase Nvidia 3090 24 GB Not reported 3 512 (xi, x+i , x−i ) No

SBERT-base-nli-v2 Nvidia A100 80 GB 1 3 350 (xi, x+i , x−i ) No

SelfCCL-BERTbase Nvidia A100 80 GB 4 4 512 (xi, x+i , x−i ) Yes

SelfCCL-SBERTbase Nvidia A100 80 GB 1 4 350 (xi, x+i , x−i ) Yes

https://github.com/princeton-nlp/SimCSE
https://huggingface.co/
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5.4. First Experiment: Evaluate the Model for STS Tasks

We evaluate the SelfCCL model on seven standard STS tasks: STS 2012–2016 [58–62],
STS-Benchmark [63], and SICK-Relatedness [64]. STS 2012-2016 and STS-Benchmark assign
gold labels between 0 and 5, and SICK-Relatedness assign gold labels between 1 and 5
to the sentence pairs. Gold-labels show the semantic relatedness of the sentence pairs.
Spearman’s rank correlation between the cosine-similarity of the sentence embeddings and
the gold labels is reported for each benchmark in columns.

A modified version of the SentEval toolkit from Ref. [12] is used to evaluate models
on STS tasks. SentEval [65] is a general library for assessing the quality of sentence embed-
dings (https://github.com/facebookresearch/SentEval (accessed on 13 December 2022)).
Ref. [12] released a modification of SentEval in their Github repository. They added the “all”
setting to the original SentEval so that the overall Spearman’s correlation was computed
for all topics in sub-tasks. In addition, additional regressors were removed from SentEval
by Ref. [12] for training frozen sentence embedding on the STS-B and SICK-R datasets.

Results: As shown in Table 4, SelfCCL-BERT and SelfCCL-SBERT models outperform
baseline SBERT, SBERT-base-nli-v2, and SOTA SimCSE. For SelfCC-BERT, the correspond-
ing improvements are 0.23 point compared to the SOTA SimCSE and 6.91 compared to
baseline SBERT. For SelfCCL-SBERT, the corresponding improvements are 0.17 points
compared to SBERT-base-nli-v2 and 6.88 compared to baseline SBERT. It is clear that we
could improve the performance of SOTA SimCSE to some extent. Although, our models are
still behind the SOTA SupMPN on STS tasks, according to the Table 3, our models require
low computational power compared to it, and so they are more cost-effective in terms of
hardware requirements.

Table 4. Assessment results on the seven STS tasks. Spearman’s rank correlation as ρ× 100 is given
for each task in the columns. The best average result is in bold in the last column. †: [33], ‡: [9],
♠: [6], ♣: [10],F: [56], �: [4], ♥: [7], ♦: [8], �: [13] , �: [14], ∗: [15], SBERT-base-nli-v2: reproduced
by ourselves, and the rest of the results are taken from Ref. [12].

Model STS12 STS13 STS14 STS15 STS16 STS-B SICK-R Avg.

Unsupervised models

Glove embeddings (avg.) † 55.14 70.66 59.73 68.25 63.66 58.02 53.76 61.32
fastText embeddings ‡ 58.85 58.83 63.42 69.05 68.24 68.26 72.98 59.76

BERTbase (first-last avg.) 39.70 59.38 49.67 66.03 66.19 53.87 62.06 56.70
BERTbase-flow-NLI 58.40 67.10 60.85 75.16 71.22 68.66 64.47 66.55
BERTbase-whitening-NLI 57.83 66.90 60.90 75.08 71.31 68.24 63.73 66.28
IS-BERTbase

♠ 56.77 69.24 61.21 75.23 70.16 69.21 64.25 66.58
CT-BERTbase 61.63 76.80 68.47 77.50 76.48 74.31 69.19 72.05
SG-BERTbase

♦ 66.84 80.13 71.23 81.56 77.17 77.23 68.16 74.62
Mirror-BERTbase

♣ 69.10 81.10 73.00 81.90 75.70 78.00 69.10 75.40
SimCSEunsup-BERTbase 68.40 82.41 80.91 78.56 78.56 76.85 72.23 76.25
TSDAE-BERTbase

F 55.02 67.40 62.40 74.30 73.00 66.00 62.30 65.80
ConSERT-BERTbase

� 70.53 79.96 74.85 81.45 76.72 78.82 77.53 77.12
ConSERT-BERTlarge

� 73.26 82.37 77.73 83.84 78.75 81.54 78.64 79.44
DiffCSE-BERTbase

� 72.28 84.43 76.47 83.90 80.54 80.59 71.23 78.49
miCSE–BERTbase

� 71.77 83.09 75.46 83.13 80.22 79.70 73.62 78.13

RoBERTabase (first-last avg.) 40.88 58.74 49.07 65.63 61.48 58.55 61.63 56.57
CLEAR-RoBERTabase

♥ 49.00 48.90 57.40 63.60 65.60 72.50 75.60 61.08
DeCLUTR-RoBERTabase

‡ 52.41 75.19 65.52 77.12 78.63 72.41 68.62 69.99

https://github.com/facebookresearch/SentEval
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Table 4. Cont.

Model STS12 STS13 STS14 STS15 STS16 STS-B SICK-R Avg.

Supervised models

InferSent-GloVe † 52.86 66.75 62.15 72.77 66.87 68.03 65.65 65.01
Universal Sentence Encoder † 64.49 67.80 64.61 76.83 73.18 74.92 76.69 71.22

SBERTbase
† 70.97 76.53 73.19 79.09 74.30 77.03 72.91 74.89

SBERTbase-flow 69.78 77.27 74.35 82.01 77.46 79.12 76.21 76.60
SBERTbase-whitening 69.65 77.57 74.66 82.27 78.39 79.52 76.91 77.00
CT-SBERTbase 74.84 83.20 78.07 83.84 77.93 81.46 76.42 79.39
SBERTbase-nli-v2 75.33 84.52 79.54 85.72 80.82 84.48 80.77 81.60
SelfCCL-SBERTbase 75.50 84.81 80.05 85.53 81.07 84.77 80.67 81.77

SG-BERTbase
♦ 75.16 81.27 76.31 84.71 80.33 81.46 76.64 79.41

SimCSEsup-BERTbase 75.30 84.67 80.19 85.40 80.82 84.25 80.39 81.57
SupMPN-BERTbase

∗ 75.96 84.96 80.61 85.63 81.69 84.90 80.72 82.07
SelfCCL-BERTbase 75.61 84.72 80.04 85.44 81.37 84.63 80.82 81.80

5.5. Second Experiment: Evaluate the Model for Transfer Learning Tasks

We compare the SelfCCL model to the previous models on the seven SentEval transfer
learning tasks as follows:

MR [66]: Binary sentiment prediction on movie reviews.
CR [67]: Binary sentiment prediction on customer product reviews.
SUBJ [68]: Binary subjectivity prediction on movie reviews and plot summaries.
MPQA [69]: Phrase-level opinion polarity classification.
SST-2 [70]: Stanford Sentiment Treebank with binary labels.
TREC [71]: Question type classification with six classes.
MRPC [72]: Microsoft Research Paraphrase Corpus for paraphrase prediction.

More details about these seven tasks can be found in Ref. [65]. In this experiment, the
default configuration of the SentEval toolkit [65] was used, in which sentence embeddings
serve as features for a logistic regression classifier. Then, the logistic regression classifier
is trained with different tasks in a 10-fold cross-validation and the prediction accuracy is
calculated for the test-folds. The results are given in Table 5.

Results: As shown in Table 5, SelfCCL-BERT and SelfCCL-SBERT outperform SOTA
SimCSE and all previous models except for the baseline SBERT. As explained in Section 2,
the baseline SBERT performs better than all other models on these seven classification tasks
because it was trained on the classification objective. For SelfCC-BERT, the corresponding im-
provement is 0.39 point compared to the SOTA SimCSE. For SelfCCL-SBERT, the improvement
is 0.13 points compared to SBERT-base-nli-v2. SelfCCL-SBERT also achieved an approximately
similar average accuracy as SOTA SupMPN in transfer learning tasks, while according to
Table 3, it requires less computational power compared to SOTA SupMPN. To sum up, using
both methods, contrastive learning and curriculum learning, also show an improvement in
average accuracy compared to cases where only contrastive learning is used.

5.6. Third Experiment: Cosine Similarity Distribution

In this experiment, considering that the supervised contrastive based models have
a higher average improvement, we study the correlation of cosine similarity between
sentence embeddings generated by our models and baseline models (BERT, SBERT) and
human-scored on the SICK dataset [64].
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Table 5. Assessment results for the seven transfer learning tasks. The prediction accuracy is given for each
task in the columns. The best average result is in bold in the last column. †: [33], ♠: [6], ♦: [8], ∞: [11],
�: [13], ∗: [15], SBERT-base-nli-v2: reproduced by ourselves, and the rest of the results are taken from [12].

Model MR CR SUBJ MPQA SST-2 TREC MRPC Avg.

Unsupervised models

Glove embeddings (avg.) † 77.25 78.30 91.17 87.85 80.18 83.00 72.87 81.52
Skip-thought ♠ 76.50 80.10 93.60 87.10 82.00 92.20 73.00 83.50

Avg. BERT embedding † 78.66 86.25 94.37 88.66 84.40 92.80 69.54 84.94
BERT-[CLS] embedding † 78.68 84.85 94.21 88.23 84.13 91.40 71.13 84.66
IS-BERTbase

♠ 81.09 87.18 94.96 88.75 85.96 88.64 74.24 85.83
CT-BERTbase

∞ 79.84 84.00 94.10 88.06 82.43 89.20 73.80 84.49
SimCSEunsup-BERTbase 81.18 86.46 94.45 88.88 85.50 89.80 74.43 85.51
SimCSEunsup-BERTbase-MLM 82.92 87.23 95.71 88.73 86.81 87.01 78.07 86.64
DiffCSE-BERTbase

� 82.69 78.23 95.23 89.28 86.60 90.40 76.58 86.86

Supervised models

InferSent-GloVe † 81.57 86.54 92.50 90.38 84.18 88.20 75.77 85.59
Universal Sentence Encoder † 80.09 85.19 93.98 86.70 86.38 93.20 70.14 85.10

SBERTbase
† 83.64 89.43 94.39 89.86 88.96 89.60 76.00 87.41

SBERTbase-nli-v2 83.09 89.33 94.98 90.15 87.92 87.00 75.25 86.82
SelfCCL-SBERTbase 83.02 89.46 95.05 90.18 87.97 87.00 75.94 86.95

SG-BERTbase
♦ 82.47 87.42 95.40 88.92 86.20 91.60 74.21 86.60

SimCSEsup-BERTbase 82.69 89.25 84.81 89.59 87.31 88.40 73.51 86.51
SupMPN-BERTbase

∗ 82.93 89.26 94.76 90.21 86.99 88.20 76.35 86.96
SelfCCL-BERTbase 82.89 89.22 94.78 90.51 87.15 87.60 76.17 86.90

SICK, an acronym for Sentences Involving Compositional Knowledge, contains about
10,000 sentence pairs rich in lexical, syntactic, and semantic phenomena. Each sentence
pair is annotated in two forms: relatedness and entailment.

The human relatedness score ranges from 1 to 5; the entailment relation is categorical,
consisting of entailment, contradiction, and neutral. We use a version of SICK that is located
in the SentEval Github repository. There are 4500 pairs in the train-split, 500 in the trial-split
used for development, and 4927 in the test-split. We analyzed the test-split statistics. There
are 720 pairs with a contradiction relation that average the human relatedness scores of
them at about 3.58 (whose normalized value in the range of {0,1} via division by 5 is 71.60).
That is, although they have contradiction relation, they are very similar to each other based
on word embeddings. Table 6 shows some sentences pairs with contradiction relations
from the SICK test dataset.

Table 6. Example sentence pairs of the SICK [64] test-split data with the contradiction relation, which
have high human relatedness scores.

Sentence 1 Sentence 2 Relation Human
Relatedness Scores

A girl is brushing her hair. There is no girl brushing her hair. Contradiction 4.5
A chubby faced boy is not wearing sunglasses. A chubby faced boy is wearing sunglasses. Contradiction 3.9
The dog is on a leash and is walking in the water. The dog is on a leash and is walking out of the water. Contradiction 3.5
A black sheep is standing near three white dogs. A black sheep is standing far from three white dogs. Contradiction 3.5
A man dressed in black and white is holding up
the tennis racket and is waiting for the ball.

A man dressed in black and white is dropping
the tennis racket and is waiting for the ball. Contradiction 4
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We use “bert-base-uncased” (https://huggingface.co/bert-base-uncased (accessed on
13 December 2022)) and “nli-bert-base” (https://huggingface.co/sentence-transformers/
nli-bert-base (accessed on 13 December 2022)) checkpoints for BERT and SBERT, respec-
tively. We have demonstrated the results in Figure 4, where the x-axis represents human
relatedness scores, which are normalized in the range {0,1} via division by 5, and the y-axis
represents cosine similarity between sentence-embedding pairs generated by models. The
color coding corresponds to the human relatedness scores.

Results: As show in Figure 4, almost all sentence pairs generated by BERT have
similarities in the range between 0.6 and 1. The SBERT model, considering that it uses
softmax-classification for classifying entailment, neutral, and contradiction pairs, pushes
contradictions farther away from anchors. So, for sentence pairs of contradiction relation
with a high relatedness score, SBERT embeddings have a low cosine similarity. Compared
to original BERT-base and original SBERT-base, our models better discriminate similar
and dissimilar sentences. So, there are stronger correlations between cosine similarity of
embedding and human relatedness scores. The underlying reason is that the SelfCCL
models use a contrastive objective, which increases the distance of negative sentences from
anchors in comparison to the distance of positive sentences from anchors.

(a) (b)

(c) (d)

Figure 4. Scatter plots of cosine similarity of sentence embeddings and human relatedness scores on
SICK test split for (a) BERT, (b) SBERT, (c) SelfCCL-BERT, and (d) SelfCCL-SBERT models. The color
coding corresponds to the human relatedness scores.

https://huggingface.co/bert-base-uncased
https://huggingface.co/sentence-transformers/nli-bert-base
https://huggingface.co/sentence-transformers/nli-bert-base
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6. Conclusions and Future Works

Recently, many contrastive learning methods have been proposed to fine-tune BERT
in the STS downstream task, which learns from the contrast between similar and dissimilar
sentences. However, the effect of the order of difficulty level of triplets during training
has not been investigated in them. In this work, our aim was to study the effect of using
both contrastive learning and curriculum learning, simultaneously. For this purpose, we
proposed a curriculum contrastive learning model by transferring self-taught knowledge
for fine-tuning BERT, which first sorts the triplets based on curriculum order by transferring
BERT self-taught knowledge, and then learns based on a contrastive objective. We devel-
oped SelfCCL-BERT and SelfCCL-SEBERT models based on BERT and SBERT architectures.
We evaluated our models on standard STS and transfer learning tasks.

Our models, SelfCCL-BERT and SelfCCL-SBERT, surpasses baseline model SBERT,
SBERT-base-nli-v2, and SOTA SimCSE model in terms of average Spearman’s rank cor-
relation on STS tasks. Furthermore, our models, SelfCCL-BERT and SelfCCL-SBERT,
outperforms SOTA SimCSE on transfer learning tasks. Although our models fell behind
SOTA SupMPN model on the STS tasks, it still has good performance compared to other
baselines and requires low computational power compared to SOTA SupMPN, according
to Table 3.

Moreover, as explained in Section 5.1, SelfCCL-SBERT requires less computational
power than SelfCCL-BERT, while it achieves competitive performance compared to SelfCCL-
BERT on both STS and transfer learning tasks.

Besides, the analysis of correlation between human-annotated scores and cosine
similarity of sentence embeddings generated by our models on SICK dataset shows that
our SelfCCL models learn better representation space compared to the baseline models.

In summary, the empirical results show that the use of curriculum learning together
with contrastive learning leads to a relatively small improvement in the efficiency of the
model for measuring semantic similarity between texts.

The challenge that can be discussed here is the conflict between contradiction and
similarity concepts. As explained in the third experiment, two sentences can be semantically
contradictory but conceptually completely similar. As a future research direction, this
challenge can be investigated for the STS task.

For future studies on curriculum learning, we plan to investigate curriculum data
augmentation. Curriculum data augmentation involves gradually increasing the noise in
the data to generate new data. For example, the synonym replacement method involves
gradually increasing the number of words that are replaced with similar words using
WordNet or contextual word embeddings, e.g., BERT.
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Abbreviations
The following abbreviations are used in this manuscript:

BERT Bidirectional Encoder Representations from Transformers
Bi-LSTM Bidirectional Long-Short Term Memory
CL Curriculum Learning
ELMo Embeddings from Language Model
MNRL Multiple Negatives Ranking Loss
NLI Natural Language Inference
NLP Natural Language Processing
NT-Xent Normalized Temperature-scale Cross-Entropy
SBERT Sentence BERT
SOTA State-Of-The-Art
STS Semantic Textual Similarity
USE Universal Sentence Encoder
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