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EMCRL: EM-Enhanced Negative Sampling Strategy
for Contrastive Representation Learning

Kun Zhang ¥, Member, IEEE, Guangyi Lv

Abstract—As one representative framework of self-supervised
learning (SSL), contrastive learning (CL) has drawn enormous
attention in the representation learning area. By pulling together
a “positive” example and an anchor, as well as pushing away
many ‘“negative’” examples from the anchor, CL is able to
generate high-quality representations for the data of different
modalities. Therefore, the qualities of selected positive and
negative examples are critical for the performance of CL-based
models. However, due to the assumption of label unavailability,
most existing work follows the paradigm of contrastive instance
discrimination, which treats each input instance as an individual
category. Therefore, they focused more on positive example
generation and designed plenty of data augmentation strategies.
For negative examples, they just leverage the in-batch negative
sampling strategy. We argue that this negative sampling strategy
will easily select false negatives and inhibit the capability of
CL, which we also believe is one of the reasons why a large
size of negatives is needed in CL. Apart from using annotated
labels, we try to tackle this problem in an unsupervised manner.
We propose to integrate expectation maximization (EM) into
the selection of negative examples and develop a novel EM-
enhanced negative sampling strategy (EMCRL) to distinguish false
negatives from true ones for CL performance improvement.
Specifically, EMCRL employs EM to estimate the distribution of
ground-truth relations between each sample and corresponding
in-batch negatives and then optimizes model parameters with
the estimations. Considering the sensitivity of EM algorithm to
the parameter initialization, we propose to add a random flip
into the distribution estimation to enhance the robustness of the
learning process. Extensive experiments over several advanced
models on sentence representation and image representation tasks
demonstrate the effectiveness of EMCRL. Our method is easy to
implement, and the code is publicly available at https://github.
com/zhangkunzk/EMCRL_pytorch.

Index Terms—Contrastive learning (CL), expectation maxi-
mization (EM), negative examples, representation learning.
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I. INTRODUCTION

ONTRASTIVE learning (CL) aims at learning a robust

representation of input data in an unsupervised manner
and has achieved impressive progress in natural language pro-
cessing [1], [2] and computer vision [3], [4]. By treating each
input as an anchor, and pulling together a “positive” sample and
the anchor in embedding space as well as pushing apart many
“negatives” from the anchor [5], CL is capable of reducing the
performance gap with the supervised counterparts [6]. Plenty
of frameworks, such as MoCo [7], SimCLR [8], BYOL [9],
and SimCSE [10], have been proposed to unlock the potential
of CL. Recent large language models (LLMs) progress also
proves that CL is helpful for performance improvements, such
as hallucination reduction [11], few-shot learning improvement
[12], [13], and logical reasoning [14], [15]. According to the
core idea, the sampling qualities of positives and negatives
are critical for CL performance [16], [17], [18]. For positive
sampling, data augmentations are developed to help models
to learn the invariant features, such as crop, resize, and rotate
for images [8], and synonym replacement, random insertion,
and random swap for sentences [19]. Recently, the dropout
operation has been verified effective for different data, such as
sentences [10], images [20], and graphs [21].

As for negative sampling, in-batch negative sampling is the
most commonly used strategy, which treats samples in the
same batch other than the anchor as negative examples. Though
simple and useful, this strategy will easily select false nega-
tives and is too strong to obtain in-class invariant features
[16]. Moreover, in-batch negative sampling will import sam-
pling bias and hurt model performance [22], [23], [24]. As
reported in Table I, in-batch negative sampling strategy will
easily select false negatives. We can observe that the smaller the
dataset categories, the more severe the false negative problem is
(e.g., 50.4% for SciTail dataset with two categories and 19.3%
for STS dataset with five categories). Meanwhile, we can ob-
serve that the smaller the batch size, the more severe the false
negative problem is (87.1% for batch size =32 and 43.2%
for batch size =512 on SciTail dataset). When pushing apart
these negatives from the anchor example, it will easily cause
information loss and hurt the quality of learned representations.
All these phenomena demonstrate that the selection strategy of
negative samples has much space to be further improved.

To overcome the shortcomings of in-batch negative sam-
pling, various improvements are proposed. For example,
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TABLE I
FALSE NEGATIVE PROBABILITY (%) OF IN-BATCH SAMPLING BATCH
WITH DIFFERENT BATCH SI1ZES FROM DIFFERENT DATASETS

Dataset \ Batch Size
| 32 6 128 256 512
SciTail (two classes) | 0.871  0.714  0.504 0.667 0.432
SNLI (three classes) | 0.452 0397 0.346 0317 0.337
SST (five classes) 0.355 0.230 0.193 0.201 0.194

Note: We repeat the random sampling five times and report the average
score.

Chen et al. [8] pointed out that a larger batch size will help
models to obtain more useful negatives, which is consistent
with our finding in Table I. Khosla et al. [5] used annotated
labels to recognize false negatives and proposed a supervised
CL framework. Though simple and effective, these methods
require additional computational resources or human resources
(i.e., extra annotations for negatives), which are still far from
satisfactory. Meanwhile, some unsupervised strategies are pro-
posed. For example, Kalantidis et al. [25] selected K nega-
tives with top-K similarity and employed MixUp operation to
construct hard negatives. Zhang et al. [26] employed cluster
methods to generate pseudolabels for the samples in one batch.
Those with the same pseudolabel will be treated as positive
examples. Despite the great progress, these methods usually
employ specific assumptions and concrete implementations,
and sometimes assumptions may even conflict with each other.
For example, Kalantidis et al. [25] assumed that these negative
samples with high similarity are hard negatives. In contrast,
Zhou et al. [22] argued that those are more like false negatives.
Therefore, how to improve the quality of negative examples in
CL at a relatively low cost with relaxed assumptions is very
promising for CL performance improvement, which is also the
focus of our article.

Fortunately, inspired by the work [22], we conduct an exper-
iment to explore the similarity distributions between the anchor
example and the negatives, as well as corresponding factors. We
select pretrained BERT [27] model and fine-tuned unsupervised
SimCSE [10] to compare the generated similarity distributions.
Fig. 1(a) reports the ground-truth relation distribution of one
mini-batch data from SST datasets. We then randomly select
one example as the anchor and calculate the cosine similarity
between the anchor and the rest in-batch negatives. According
to Fig. 1(b), we can observe that pretrained BERT suffers from
the anisotropy problem [23] and tends to generate sentence
representations in a small space, resulting in more concentrated
and less distinguishable similarity scores (i.e., most similarity
scores are between [0.6,0.9]). As a comparison, unsupervised
SimCSE uses CL to improve the quality of generated sentence
representations. Therefore, we can obtain more diverse similar-
ity scores from Fig. 1(b), indicating that the generated sentence
representations have better discrimination. Moreover, we can
observe that both models are cautious in generating extremely
high-similarity scores (i.e., larger than 0.8). More powerful
models are more reliable. Therefore, we can summarize that the
quality of using similarity score to reveal the semantic relations

1257

Label | 0 [ 1 | 2 | 3 | 4
Count | 37 | 72 | 43 | 62 | 42
(@
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(b)

Fig. 1. Similarity distributions between one randomly sampled anchor
example (labels: “1”) and the rest in-batch negatives. The batch size is 256. (a)
Ground-truth relation distribution. (b) Similarity scores from different models
(i.e., pretrained BERT and unsupervised SimCSE).

is highly related to the model capability, which is intuitive but
largely neglected.

Based on the observation, the problem turns to “How to use
similarity score to identify the false negative automatically and
improve the quality of negative examples in CL?” To this end,
we propose to incorporate the expectation-maximization (EM)
algorithm [28] and develop a novel EM-enhanced negative
sampling strategy (EMCRL) to make better negative sampling.
Specifically, EMCRL consists of two components: represen-
tation learning and EM-enhanced optimization. For the for-
mer, a commonly used CL framework is employed to generate
representations for inputs, where data augmentation, encoder,
and projection are used. For the latter, EMCRL focuses on in-
batch negative sampling and treats the ground-truth similarity
distribution between in-batch negatives and the anchor as a
latent variable. Then, it uses the output of the current learning
model to estimate the distribution, aiming to distinguish false
negatives from true ones (E-step). Next, the estimation results
are used to update the model parameters by minimizing the
contrastive loss (M-step). One step further, since EM algorithm
highly depends on the initialization, we propose to add an addi-
tional random flip when estimating the distribution of ground-
truth relations for model robustness improvement. We have to
note that EMCRL is model-agnostic, simple to implement, and
stable to train. Empirical experiments over sentence representa-
tion and image representation tasks demonstrate the superiority
and effectiveness of EMCRL. Moreover, the ablation study has
demonstrated the effectiveness of our proposed random flip
operation.

In summary, the main contributions of this article lie in the
following parts.

1) We argue that negative sampling in CL should take the

model ability into consideration.

2) We propose to employ EM algorithm and develop a sim-

ple but effective EMCRL to make better negative sam-
pling for CL performance improvement.
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3) We conduct extensive experiments on multiple represen-
tation learning models over different tasks to demonstrate
the superiority and effectiveness of EMCRL.

The remainder of this article is organized as follows. Sec-
tion II summarizes related work. Section III reports technical
details of our proposed EMCRL. The experiments and detailed
analysis are reported in Section IV. Finally, we discuss and
conclude our work in Sections V and VL.

II. RELATED WORK

Our work draws on the existing literature in CL. We mainly
summarize the positive generation and negative sampling
in CL.

A. Positive Generation in CL

Data augmentations are the most commonly used positive
sampling methods. For example, Chen et al. [8] proposed a
simple but representative framework: SimCLR, to achieve the
contrastive between different examples, in which crop, resize,
and rotate options are utilized to generate different views for
a single image. Wang et al. [29] treated facial examples with
the same emotion from the same group as the positives. You
et al. [21] employed node dropping, edge perturbation, attribute
masking, and subgraph to generate positives for graph data.
For natural language, Wei and Zou [19] employed four sim-
ple but powerful operations: synonym replacement, random
insertion, random swap, and random deletion to do sentence
augmentations. To maintain the consistency of semantics, Yan
et al. [30] used adversarial attack, token shuffling, cutoff, and
dropout at the embedding matrix to generate positive examples,
which will ensure maximum semantic invariance. Moreover,
Gao et al. [10] demonstrated that dropout operation in PLMs
can guarantee semantic invariance while efficiently generating
positive samples. They sent one sample into PLMs twice to
generate positive pairs and achieve impressive performance on
sentence embedding. Further, Wu et al. [31] pointed out that
positive sentences generated by dropout always have the same
length, which is an unnecessary bias. They incorporated word
repetition to improve the length diversity of positives. In sum-
mary, positive examples are used to describe input data from
different views so that invariant features are obtained by models
for better representation learning.

B. Negative Sampling in CL

In-batch negative sampling is the most commonly used strat-
egy that treats the instances in the same batch other than the
anchor as negatives. This type of contrastive is also named
contrastive instance discrimination [16]. Though simple and
useful, this strategy will easily select false negatives and is too
strong to obtain in-class invariant features [16]. To overcome
this problem and improve the quality of negatives, plenty of
methods have been proposed.

One straightforward direction is to increase the batch size
or use supervised signals. As revealed in Table I, a larger
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batch size can reduce the probability of false negatives ef-
fectively. Therefore, MoCo and its variants [7], [32] used
momentum contrast and update to increase the number of
available negative representations with low cost. Meanwhile,
supervised signals can tackle this problem effectively, a large
number of supervised sampling strategies are proposed to lever-
age existing labels to identify false negatives from in-batch
negatives and then treat them as positive ones [5], [10], [33].
Though simple and useful, these methods require additional
computational resources or human resources, which are not
the optimal methods for improving the quality of negative
examples.

Another direction is to use unsupervised methods to conduct
negative sampling, which can be grouped into false negative
identification and better negative sampling. For the former,
Huynh et al. [34] used data augmentations to generate support
views for the anchor, and negative examples that have top-k
similarity with support views are treated as false negatives.
Wang et al. [35] incorporated cluster methods to constrain the
inherent nature of data when discriminating different examples.
For the latter, Kalantidis et al. [25] selected top-K negatives
based on the similarity with the anchor and employed MixUp
operation to construct hard negatives. Zhou et al. [22] argued
that in-batch negative sampling will import sampling bias and
hurt model performance. They developed a noise-based neg-
ative sampling method and used learned instance weight to
improve the quality of negative samples. Moreover, Robinson
et al. [36] argued that hard negative examples should be paid
more attention. They designed a new sampling strategy and
verified its effectiveness on SimCLR [8]. Besides, there are
other methods to improve the quality of negatives, such as
conditional negative sampling [37], debiased contrastive loss
construction [38], soft label generation [39], and curriculum
learning-based sampling [40].

Our Distinction: Despite the achieved progress, most existing
CL-based learning methods either rely on strong assumptions
or require elaborate pseudolabel design, limiting the flexibility
and generalization of CL. In contrast, by conducting a similarity
distribution analysis, we observe that when considering the
confidence of similarity scores between the anchor and the
negatives, similarity scores can be used to improve the quality
of in-batch negative sampling in CL. Thus, we propose adding
EM algorithm to the optimization of CL. Thus, not only the
inherent features of inputs but also the current performance of
models are considered for negative sampling. Moreover, our
proposed EMCRL is model-agnostic, simple to implement, and
stable to train.

Ill. EM-Enhanced Negative Sampling Strategy (EMCRL)

Fig. 2 illustrates the overall architecture of our proposed
EMCRL, including representation learning and EM-enhanced
optimization components. For the former, we use a symmetric
CL structure to generate sentence representation. For the latter,
we develop a novel EMCRL strategy to boost the CL perfor-
mance by incorporating EM algorithm. We also summarize the
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A. Representation Learning

Since EMCRL focuses on negative sampling in CL, we first
introduce CL-based representation learning framework, includ-
ing data augmentation, encoder, projection, and optimization.
Fig. 3 illustrates the common structure. Note that projection is
not included in Fig. 2 for simplicity.

1) Data Augmentation: Let x denote the input sample. We
leverage data augmentations Aug(-) to generate two different
views of z, formulating as z; = Aug(x), z, = Aug(x). For
image data, crop, resize, and rotate options are common aug-
mentations. For sentences, synonym replacement, random in-
sertion, and random swap are usually used. Meanwhile, dropout
operation is also one commonly used augmentation.

2) Input Encoder: Next, we employ encoder Enc(:) to
map augmentations into representation space, representing by
h, and h,. For example, pretrained language models (PLMs),
such as BERT [27], RoBERTa [41], and GPT-2 [42], can be
selected as the backbone encoder. Moreover, inspired by [5],
we also add a normalize operation on k| and h; to obtain better
representations. This process can be formulated as follows:

h; =Norm(Enc(Z;)), hy =Norm(Enc(Z,)). (1

Fig.3. Common structure of CL framework, which is also the representation
learning framework of our proposed EMCRL.

Note that EMCRL is model-agnostic. Experimental results re-
ported in Section I'V-C also show the effectiveness of EMCRL
over different encoders.

3)  Representation Projection: To calculate distances
among anchor, positive, and negative examples, we further
project representations into the same space with a projec-
tion function Proj(-). We select MLP with a nonlinear ac-
tivation function to realize the projection function as: z; =
o(MLP(hy)), zo = 0(MLP(h;)). Usually, {2z, z,} are used
for contrastive loss. {hy, h,} are treated as the learned repre-
sentations and used for downstream tasks.

4) Optimization: To achieve the CL goal, the following
contrastive loss is usually used:

1 & f(zi,z2)
L= N izzllogf(ziuziz) + ZkeAi f(zi1, zk1)
[(zi,z5) = exp(sim(z;, z;)/7) (2)
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where sim(+) is the similarity function, which can be realized
by cosine similarity. A; is the index set of negative examples for
the ith anchor example. {z;, ;2 } are augmentations of the ith
negative example. 7 is the temperature to control the sensitivity
of models to negative examples. IV is the batch size for in-batch
negative sampling.

As discussed before, the quality of negative examples has a
big impact on the CL performance. Therefore, we divide A;
into positive set A" and negative set A; and reformulate (2)
to better describe the ideal optimization target:

1 N 2117 2 +ZJ€A+f(zzlaz]2)

N;f Zil; ‘2)+Zk€A+UA f(zﬂazkl)

3)

To this end, the problem turns reconstructing A} and A; based
on in-batch negative sampling, which is very challenging due to
the lack of supervised signals. In response, we introduce EM
algorithm into the optimization and propose a novel EMCRL
strategy to tackle this problem, which we will give a detailed
introduction in the following section.

B. EM-Enhanced Optimization

As reported in Fig. 1, similarity scores can be used to help
boost the learning process of CL-based models by identifying
the false negatives. Meanwhile, a powerful model will generate
similarity scores with high confidence, which will improve the
quality of similarity-based false negative example identifica-
tion. In other words, this is a dynamically interactive learning
process. Thus, we can assume that there exists a latent variable
Z, describing the ground-truth similarity distributions among
in-batch negatives and the anchor. Since Z is unobserved under
the unsupervised setting, we propose to employ the EM algo-
rithm and design a novel EMCRL strategy to approximate this
distribution (i.e., approximating A;" and A;).

First of all, we leverage the following equation to denote the
output of the learning model for the ¢th input:

M(XL,O) ZP(R=T|X,L,0), X?,: (.Ifi],l'iz) (4)
where X; = (x;1, 242 ) denotes the ith input sentence pair. R = r
represents the predicted relation of (1, ).

With this notation, we can revisit CL optimization target
(3), which focuses on learning precise sentence representations
and distinguishing semantic relations among different sentences
accurately. Specifically, the optimization target is to obtain the
best 8 for maximizing the joint probability between a given
sentence pair and the corresponding similarity relation, which
can be formulated as the following likelihood function:

N
6 = arg max L(6) = arg max Z logP(X;, R;|0). (5)
0 0o 5

For simplicity, in the following parts, we will ignore the summa-
tion notation and take the ith input X; to introduce the details.
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Since the latent variable R; is unobserved, we can follow EM
algorithm and modify (5) as follows:

6 = arg max Z P(R|X;,004)logP(X;, R|O)
9 (m)

@ R

= arg max E M(X;, 044)logP(X;, R|O) (6)
0
@) R M

where operation (1) (M(X;,6004)) represents that using
learned parameters 6,4 to estimate R; for the input pair X;.
The motivation behind this operation is as follows: assuming
that model parameter 8 has been learned well, we can use 6 to
estimate the latent variable 12, which can be used to describe the
similarity distribution of the input data. To this end, operation
(1) can be treated as the E-step: fixing the learning parameters
6,14 to calculate the joint distribution of input data.

After obtaining the similarity distribution of input data, we
then use the predicted distribution to retrain the model param-
eters for better similarity score calculation. This is consistent
with the operation (2) in (6). According to total probability, we
can rewrite the latter part as follows:

logP(X;, R|0) =log (P(R|X;,0)P(X;|0))
~logP(R|X;,0)
=logM (X;,0) (N

since sentence pair X; is sampled randomly from entire training
data with equal probability in CL framework, it is independent
of model parameters 0. In other words, P(X;|0) is determined
by the dataset. When the dataset is confirmed, P(X;|0) can
be treated as a constant term. We can leverage logM (X, 0) to
approximate operation (2) in (6). In this process, we keep other
information fixed and update model parameters 6. Therefore,
operation (2) can be treated as the M-step: maximizing (7) to
update the model.

Moreover, since input pair X; only has a similar or dissimilar
relation in CL framework, we can align (6) and (7) with the
cross-entropy target as follows:

0= arg max Z M(X;,004)logM (X, 0)
vy TE{0,1} (E step)
=argmax{[(E + O;_; + O)log(0,));
0

+[(1 = (0 + 04— +O0))log(1 — O)];} (8)

where {E,O;_;,O} represent ground-truth relation, model
prediction in the (¢ — 1)th iteration, and random flip, which
we use to approximate {A;, A7} in (3). O, is the predicted
sentence pair relation (also known as the similarity score distri-
bution) from the learning model in the ¢th iteration. [-]; denotes
that the calculation is focused on the ith example. If we use the
equation Y = E 4+ Oy + O, this formulation is a standard
cross-entropy target: Y, In(Y;) + (1 = Y,) = (1 — In(Y3)).
One step further, we provide an example in Fig. 4 to visualize
the learning target in (8). In CL framework, we have known
that input data z; have a positive relation with its augmen-
tation Z,. Therefore, we can use diagonal matrix E to add
this prior information into the learning process. Moreover, if
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Fig. 4. Visualization of optimization target of our proposed EMCRL. (a) The
diagonal matrix E for the original contrastive result. (b) The model prediction
in the (t-1)th iteration. (c) The random flip result. (d) The total optimization
target in EMCRL.

we have additional side information about the similarity dis-
tribution among the anchor and the in-batch negatives (e.g.,
supervised signals), we can also add them into E. Next, it is
hard to obtain the ground-truth similarity distribution among the
anchor and in-batch negative examples. Therefore, following
the settings of EM algorithm, we treat the distribution as a
hidden variable, which is approximated by the learning model.
Thus, we leverage O;_; to denote the model capability in the
previous iteration and to guide the learning process in the cur-
rent iteration. Moreover, since EM algorithm is very sensitive
to the initialization, we add O with the probability 7 to improve
the robustness of EMCRL. Along this line, we can effectively
approximate the ground-truth similarity distribution between
the anchor and the in-batch negatives, improve the quality of
{A;, A7} in CL framework, and boost the performance of CL-
based models.

We have to note that O is imported to prevent the learning
model from being affected by initial parameters and improve the
model robustness. To implement this design, we first initialize
a square matrix of dimension equal to the batch size. Then,
we randomly assign some element to 1 with the probability 7,
which can be treated as the pseudopositive relations of the an-
chor and corresponding negatives. Thus, we obtain the random
flip matrix O for model learning.

C. Discussion

Different from the existing in-batch negative sampling modi-
fication work, EMCRL has following desirable properties: first,
EMCRL is isolated from the original data type and only focuses
on semantic representations, which ensures its flexibility. Sec-
ond, EMCRL employs EM algorithm to identify false negative
examples with similarity scores and update parameters of learn-
ing models iteratively. The identification process is dynamic and
related to the model capability so that it can estimate the ground-
truth relations among in-batch negatives and the anchor, which
is essential for the CL performance improvement. Moreover,
this process does not require label information. Therefore, EM-
CRL is adaptive and has broader applications. Third, EMCRL
modifies M-step by adding a random flip during optimization,
which is helpful to alleviate the dependency of EM algorithm on
the initialization and improve the model robustness. However,
EMCRL still has some weaknesses. Since the optimization tar-
get in M-step is highly affected by learned embeddings. The
selection of the representation model is a key factor in the
final performance. Moreover, label information should also be
considered when available, which we leave as our future work.
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Algorithm 1: Pseudocode of EMCRL

input : X: a batch of data with N examples;

n: the flip probability in M-step;

e: threshold to verify whether the model is optimized;
output: H': learned representations for the input

1 Data augmentation method Aug(-), the encoder Enc(-), and
the projection Proj(-);

repeat

for each example x in current batch do

Use Aug(-) to generate T, Z2;

Use Enc(-) with parameter 0! to generate hy, hs;
Use Proj(-) to obtain 21, z2;

6 Generate diagonal matrix E for current batch;

// E-step

7 Use Cosine Similarity to calculate the similarity
score between x and 2(N — 1) negative examples
and obtain O;_1;

// M-step

8 Initialize a square matrix and randomly assign some

element to 1 with probability 7 and obtain O;

9 Construct the optimization target

Y=E+O,_,+0 ;

10 Calculate the Cross-Entropy loss with Eq.(8) and use

AdamW to update the learning model and obtain

parameters 6°.

n s W N

11 until Loss; — Loss—1) < ¢

IV. EXPERIMENTS

In this section, we first introduce datasets and experiment
settings. Then, we provide a detailed analysis of experiment
results and all methods. Moreover, we will provide a case study
to better demonstrate the effectiveness of EMCRL.

A. Datasets

To better demonstrate the effectiveness and adaptiveness of
EMCRL, we select sentence representation and image represen-
tation tasks to verify the model performance.

For sentence representation task, we conduct experiments
over seven semantic textual similarity (STS) tasks in an unsu-
pervised manner, similar to SImCSE work [10]. Note that no
STS training sets are considered for evaluation. Moreover, clus-
tering semantically similar sentences together is also employed
to evaluate the quality of sentence embeddings in our work. The
evaluation is conducted with SentEval Toolkit.!

For image representation task, we conduct experiments on
STL10 image classification task [43] in the linear evaluation
setting [8] to verify model generalization performance.

All experiments are conducted five times, and the best results
are reported for model evaluation.

B. Model Implementation

For sentence representation task, we select advanced rep-
resentative model: SimCSE [10] to verify the effectiveness of
EMCRL. BERT},,. and RoBERTay,,,. are considered as back-
bones, separately. Meanwhile, BERT, IS-BERT, RoBERTa, and
IS-RoBERTa are also selected as baselines. The output of the

Uhttps://github.com/facebookresearch/SentEval
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TABLE III
EXPERIMENTAL RESULTS (SPEARMAN’S CORRELATION) ON STS TASKS IN AN UNSUPERVISED MANNER

Model | STS12  STS13 STS14 STS15 STS16 STS-B  SICK-R  Avg.
GloVe embeddings® 5514 70.66 5973 6825  63.66 5802 5376 6132
BERTyye (first-last avg)® 39.70 5938  49.67  66.03  66.19 5387 6206  56.70
IS-BER T ® 5677 6924 6121 7523 70.16  69.21 6425  66.58
SimCSE-BERTy,-dropout 6774 8197 7410 7889 7842 7714 7254 7583
w/ EMCRL-dropout 68.821 82.171 75361 77.83L 78761 78.621  73.601 7645t
SimCSE-BERTpyse-EDA 6871 8212 7466  80.87 7852 7783 7220 7641
w/ EMCRL-EDA 68.43] 82.687 75721 80.69] 78.67 79.931 7354t  77.08%
ROBERTapge (first-last avg)® | 40.88 5874  49.07  65.63 6148 5855  61.63  56.57
IS-RoBERTapgse 5713 7145 6162 7503 7212 6730 6544  67.15
SimCSE-ROBERTap,e-dropout | 70.16  82.11  72.67 8032 805 8079 6891 76.49
w/ EMCRL-dropout 71091  82.371 73411 80467 80717 81267 6875,  76.861
SimCSE-RoBERTapgse-EDA 7042 8195  73.13 8044  80.62  8L.I12 6957 7675
w/ EMCRL-EDA 7138t 8247 73.657 81857 8036, 80.89)  70.15%  77.24%

Note: &: RESULTS FROM [10]. BERTpg: USING BERTpue AS THE EMBEDDING BACKBONE. W/EMCRL: using EMCRL

to improve negative sampling. boldface and underline denote the best and the second best results.

1T (J) Indicates

performance improvement (decrease) compared with original SimCSE.

first token “[CLS]” is treated as the sentence representation.
For data augmentations, we not only select dropout operation
as SimCSE did but also select EDA [19] to generate augmented
samples from different views.

During model training, we randomly select 10° sentence pairs
from English Wikipedia, similar to what Gao et al. [10] did.
We leverage AdamW [44] as the optimizer with the learning
rate as 3 x 10™*. The batch size is 640. The embedding size
(i.e., dimension of k| and h;) is 768. The projection size (i.e.,
dimension of z; and z;) is 300. The dropout is set as 0.3. The
noise probability for O is set as 4 x 10™*. The temperature 7
in (2) and (3) is set as 0.4

For image representation task, SImCLR [8] is selected as
the representative model. Similar to sentence evaluation, we
also choose different backbones (i.e., VGG16, ViT-b-16, and
ResNet-50) for generalization evaluation. A linear classifier is
trained on top of frozen backbones for the classification task.
For data augmentations, crop, color distort, flip, and grayscale
are used to generate different image views.

For model training, we also select AdamW as the optimizer.
The corresponding learning rate is 1 x 1073. The batch size is
set as 256. The embedding size and projection size are set as
512 and 128. The dropout is set as 0.3. The noise probability
for O is set as 1 x 107>, The temperature 7 in (2) and (3) is
set as 0.3

For negative sampling, since EMCRL focuses on in-batch
negative sampling strategy and aims to improve the quality of
selected samples, we choose all the other samples except for
the ith example as the negatives of the ith example.

C. Experiments on Sentence Representations

Table III reports overall experiments on STS tasks. To make
a fair comparison, we reproduce SimCSE with different back-
bones and data augmentations. Therefore, the results of Sim-
CSE reported in Table III are slightly different from the results
from the original paper [10]. From these results, we conclude
the following observations.

First of all, CL can effectively improve model performance
by helping models learn invariant features of input data. More-
over, when using EMCRL to improve the quality of negative
sampling, model performance has been further improved to
varying degrees (1.7% and 2.6% improvements for SimCSE-
BERT},e on STS14 and STS-B), proving the effectiveness of
EMCRL. By iteratively using the learning model to estimate
the ground-truth sample similarity distributions and using the
estimation results to update the model parameters, EMCRL can
dynamically improve the quality of in-batch negative sampling
in an unsupervised manner and boost the model performance.

By comparing different backbones and data augmentations,
we observe that ROBERTay,. and EDA-based methods achieve
better performance. For one thing, ROBERTa can generate bet-
ter representations than BERT, which helps to achieve better
performance. Furthermore, EDA can generate more diverse
samples and provide a comprehensive view for input sentences,
which not only is essential for representation learning but also
indicates the necessity of better data augmentations. Moreover,
we observe that improvement of EMCRL on EDA operation is
more obvious than dropout. The possible reason is that EDA
operation is more likely to generate false positive samples,
although generating more diverse samples. On the contrary, by
randomly dropping some learned features, dropout can achieve
competitive performance with minimal risk of generating false
positive samples. This observation is consistent with the con-
clusion in [10].

Apart from the improvement that EMCRL has made, we can
also observe that integrating EMCRL might cause a degradation
of model performance on some tasks (e.g., 1.34% decrease
of SimCSE-BERT-dropout on STS15 and 0.32% decrease of
SimCSE-RoBERTa-EDA on STS16). After a thorough analysis
of these datasets, we speculate the following possible reasons.
Though EMCRL is able to estimate the ground-truth sample
similarity distributions, it is still functional in an unsupervised
manner. The quality of learned representations, different data
augmentations, and parameter initialization will have different
impacts on its effectiveness. Moreover, we leverage randomly
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TABLE IV
IMAGE CLASSIFICATION RESULTS (ACCURACY) OF
LINEAR CLASSIFIERS TRAINED ON
REPRESENTATIONS LEARNED OF SIMCLR WITH
DIFFERENT BACKBONES

Backbones \ SimCLR SimCLR-EMCRL

VGG-16 68.91%  72.16% (+3.25%) 1
ResNet-18 | 79.50%  80.49% (+0.99%)t
ResNet:34 | 79.96%  81.96% (+2.0%)T
ResNet-50 | 81.88%  82.73% (+0.85%)t
ViT-b-16 81.79%  82.83% (+1.04%)1

Note: The boldface and underline denote the best
and second best results.

TABLE V
RESULTS OF DIFFERENT POOLING STRATEGIES ON
SIMCSE-BERT,e WITH EMCRL

Strategy | STS-B SICK-R  Avg.
[CLS] 78.62 73.6 76.11
Last layer
Mean Pooling 78.56 73.51 70.04
attention pooling 77.04 71.53 74.29
First-last
Mean Pooling. 78.75 73.56 76.16
Attention Pooling 69.45 67.63 68.54

Note: The boldface and underline denote the best and
second best results.

flip O to introduce some noise to help EMCRL be insensitive
to the initialization. However, this introduced noise may hurt
the model performance when the data are difficult. To this
end, choosing an instance-level CL framework would be a safe
choice. Thus, we can observe that SImMCSE can achieve better
performance without our proposed EMCRL on these datasets.
Meanwhile, this phenomenon also inspires us to explore EM-
CRL in a supervised manner, which is also the future direction
of our work.

D. Experiments on Image Representation

To better evaluate the generalization of EMCRL, we conduct
experiments on image classification over STL10 in a linear eval-
uation setting. Similar to previous experiments, we also select
different backbones for comprehensive evaluation. Results are
summarized in Table IV. We observe that deeper backbones
achieve better performance, proving the importance of back-
bone encoders. This observation is consistent with the results
in Section IV-C. Moreover, EMCRL can further improve the
performance (e.g., 2.0% and 3.25% absolute improvement for
ResNet-34 and VGG-16 backbones). Furthermore, EMCRL can
help SimCLR with a relatively simpler backbone to achieve bet-
ter performance (e.g., 80.49% for ResNet-18 backbone is better
than 79.96% for ResNet-34 backbone). These phenomena also
provide solid proof for the effectiveness and superiority and the
generalization of EMCRL.

E. Ablation Study

To make a deeper analysis about EMCRL, we further com-
pare the effect of different pooling strategies, different data
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augmentations, and different flip probability 1. We also report
the uniformity and alignment results for better illustration. We
select SINCSE-BERT},,se with EMCRL as the baseline and
compare the performance with different settings. Results are
summarized in Tables V and VI and Figs. 5 and 6.

1) Pooling Strategy: Inspired by attention pooling in [45],
we also verify the effectiveness of attention mechanism, as well
as mean pooling. According to Table V, attention mechanism is
not effective in this scenario, even compared with the straight-
forward “[CLS]” representation. The possible reason is that
attention pooling requires extra parameters, which increases the
model complexity. The work [45] obtained the best parameters
in a supervised manner, where parameters are determined by
downstream tasks. However, in unsupervised settings, these
parameters are hard to optimize, which leads to a performance
decrease. Second, mean pooling has better performance when
using the first-last outputs of PLMs, demonstrating that differ-
ent layers in PLMs measure sentences from different aspects.
Selecting a suitable combination of different layers may provide
better access to sentence semantics.

2) Data Augmentation: We mainly focus on EDA and
examine different augmentation strategies. Results are summa-
rized in Table VI. Note that SR denotes synonym replacement;
RI denotes random insertion; RS denotes random swap; and
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TABLE VI
RESULTS OF DIFFERENT AUGMENTATION
STRATEGIES
Strategy | STS-B  SICK-R  Avg.
Dropout 78.62 73.60 76.11
EDA
SR 78.65 73.57 76.11
RI 78.62 73.63 76.13
RS 78.74 73.68 76.21
RD 77.25 72.07 74.66

Note: SR: synonym replacement; RI: random
insertion; RS: random swap; RD: random
deletion. The boldface and underline denote
the best and second best results.

RD denotes random deletion. Among these strategies, SR has a
similar performance to dropout, which demonstrates that SR is a
relatively safe way to generate semantically similar sentences.
Moreover, other strategies (i.e., RI, RS, and RD) have better
performance than SR. For one thing, these results prove that
better data augmentations can provide more diverse examples
for CL to learn invariant features of input data, which is in
favor of improving the capability of CL. Furthermore, stronger
data augmentation strategies are more likely to generate false
negative examples, which will mislead the model training pro-
cess and hurt the model performance. Thus, a better negative
sampling strategy is essential for the utilization of strong data
augmentation strategies. By employing EM algorithm to use
learning models to appropriate ground-truth similarity distribu-
tion for the positive and negative sets construction, as well as
use constructed sets to update parameters of learning models
iteratively, our proposed EMCRL is effective in helping CL to
exploit higher quality samples for representation learning and
improve model performance.

3) Sensitive Test of Hyperparameter 7: In Section III-B,
we propose to add an additional random flip for the model
robustness improvement. Therefore, we conduct experiments
with different flip ratios n to verify its impact. As shown
in Fig. 5, overall performance first increases and then de-
creases. The best results are achieved with 7 = 0.0004. This
phenomenon is in line with our expectations. For increasing
part, the random flip will enforce EMCRL to better estimate the
ground-truth similarity distributions of the in-batch negatives
and the anchor, which will help to improve model performance.
For the decreasing part, when the flip ratio is too large, the
M-step in EMCRL will impose too much noise. Based on (8),
O will mislead EMCRL to estimate the ground-truth similarity
distributions, resulting in an incorrect approximation. As for the
increase in model performance when n > 0.04, we speculate the
possible reason is that the random flip may have some overlap
with the high-confidence false negative samples, resulting in a
smaller proportion of effective flips.

4)  Uniformity and Alignment: Following [46], we also
select uniformity and alignment metrics to verify the contrastive
representation quality of different embedding models. Results
are reported in Fig. 6. Since EMCRL leverages SimCSE as
the base model, we only compare the results of SimCSE with
and without EMCRL strategy. From the figure, we can observe

IEEE TRANSACTIONS ON COMPUTATIONAL SOCIAL SYSTEMS, VOL. 12, NO. 3, JUNE 2025

SimCSE w/o EMCRL === SimCSE w/ EMCRL

140
8 ]
— X
g 100 :.:4
= o
X X
2 <
s (X0 —
s o
5 S|
2 60 0 e
£ o
S NN
? SN
SN SN
KX <X (X0
NN
20 < (X0 ]
SN SN .
NSNS
% LX< <X %% KX e
0.1-0.4 0.4-0.5 0.5-0.6 0.6-0.7 0.7-0.8 0.8-0.9 0.9-1.0
Similaryity Scores
Fig. 7. Learned similarity distributions generated by unsupervised SimCSE

and the one with our proposed EMCRL. Note that the mini-batch data are the
same as the data used in Fig. 1.

that by using EMCRL strategy, the alignment of SimCSE is
improved, whereas uniformity is still kept in a relatively good
performance. This phenomenon proves that EMCRL strategy
is effective in improving the quality of positive and negative
samples, which is in favor of CL performance improvement.

F. Case Study

In this section, we provide some intuitionistic examples to
explain the effectiveness of EMCRL. We first reported the simi-
larity distributions and updated positive and negative sets in one
mini-batch data. Then, we give more intuitionistic examples to
demonstrate the effectiveness of EMCRL.

1) Similarity Score Distribution: We select the same data
with Fig. 1 and report the similarity distribution of SimCSE af-
ter using EMCRL. Compared with unsupervised SimCSE [Fig.
7(a)], when employing our proposed EMCRL, SimCSE [Fig.
7(b)] can generate more diverse similarity scores. Since the
anchor example belongs to the category “1,” according to Fig.
1(a), we can conclude that EMCRL is able to identify false
negative examples effectively. By putting these false negatives
into the positive set, EMCRL helps to boost the capability of
CL to generate high-quality semantic representations, which is
essential for model performance improvement. These results
clearly demonstrate how EMCRL achieves CL-based model
performance improvement.

2) Sentence Representation Visualization: We randomly
sample 30 sentences from English Wikipedia to conduct this
experiment. Since supervised SInCSE-BERT},,. can leverage
labels to better distinguish relations among sentences [10], we
select its generated representations to calculate similarity as the
ground truth. Then, unsupervised SIimCSE and the one with
EMCRL strategy are tested to generate corresponding represen-
tations, respectively. Next, we calculate the cosine similarity of
any two sentences to draw heat maps to visualize corresponding
results and report results in Fig. 8. The left part in Fig. 8(a)
reports the corresponding sentences.

First of all, we observe that for easy samples, all methods
generate accurate representations, as illustrated by the diagonal
line and the red box in the upper left corner in heat maps. Sec-
ond, Fig. 8(a) demonstrates that there exist positive examples
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rate. 0.8
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as any settlers transporting goods must use roads. 0.6
3 He has a small, bucket-like head and carries a trident. :
4 For example, in some systems, the interatomic spacing and the atomic charge of a material could allow only electrons
of certain wavelengths to exist. 0.4
5 The Second Schleswig War was the second military conflict over the Schleswig-Holstein Question of the nineteenth
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6 The 2014 Danish TV series "1864” depicts the Second Schleswig War
7 A second conflict, the Second Schleswig War, erupted in 1864.
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Fig. 8. Similarity visualization heatmaps of sentence embeddings in the left part from (a) Supervised SimCSE; (b) Unsupervised SimCSE; (c) Unsupervised
SimCSE with our proposed EMCRL.

for the anchor in one batch (dark square in the blue rectangle in
the upper right corner in heat maps). In-batch negative sampling
strategy will easily treat them as negatives, which will harm
the capability of CL. Thus, it is essential to distinguish these
false negative samples. Third, Fig. 8(c) is more differentiated
and closer to Fig. 8(a). Its lower right corner, especially the
red box in the lower right corner, is much clearer and more
distinguishable than Fig. 8(b). These phenomena demonstrate
that similarity scores in Fig. 8(c) are more accurate than in
Fig. 8(b). By introducing EM algorithm into the optimization
process, EMCRL can use the training model to generate similar-
ity scores for false negative identification and use the modified
sample sets to train the model iteratively. Therefore, the sample
quality can be improved in an unsupervised manner, which is
helpful for models to generate more accurate and differentiated
representations.
V. CONCLUSION

In this article, we argued that in-batch negative sampling in
CL suffered from a false negative selection problem, which has
compromised the capability of CL. To tackle this problem, we
proposed to incorporate EM algorithm into the optimization of

CL and developed a novel EMCRL. Specifically, we employed
a commonly used CL framework to generate representations.
Then, we focused on improving the quality of in-batch negatives
with the consideration of model capability. By iteratively using
the learning model to estimate the ground-truth sample sim-
ilarity distributions for false negative identification and using
the estimation results to update the model parameters, EMCRL
could help to approximate ground-truth similarity distributions
among in-batch negatives and the anchor. Moreover, to improve
the robustness of EMCRL, we proposed to add a random flip
into the optimization target in M-step of EMCRL, which has
been proven useful. We have to note that EMCRL is model-
agnostic, simple to implement, and stable to train. Finally, we
have conducted extensive experiments to demonstrate the effec-
tiveness of our proposed EMCRL.

VI. LIMITATIONS

To inspire future work, we summarize some limitations of
our proposed EMCRL as follows.

1) Large language models (LLMs) have not been considered

in our work. How to exploit the advantages of LLMs
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to further assist EMCRL for the quality improvement of
examples in CL needs to be investigated.

The optimization in M-step is highly related to the learn-
ing embeddings. How to select the best embedding learn-
ing model should be discussed and verified.

EMCRL achieved impressive performance on sentence
embedding and image classification tasks. The potential
of our proposed method on other downstream tasks, such
as NLI and QA, still needs to be investigated.
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