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ABSTRACT Faced with the large amount of unlabeled short text data appearing on the Internet, it is
necessary to categorize them using clustering that can divide text into several clusters based on similarity
degree of text semantics. Recently, combining clustering with contrastive learning has been the focus of
clustering research. Due to the excellent representation learning ability of contrastive learning, clustering
achieves better results on short texts that are high-dimensional and sparse. However, contrastive learning
pays more attention to general feature representation at the instance-level and ignores the semantic-level
correlation of data belonging to same cluster in clustering. The inconsistent training objectives of contrastive
learning and clustering lead to lower confidence of clustering results and sparse cluster space. To improve this
problem, we propose a clustering method based on Dynamic Adjustment for Contrastive Learning (DACL).
The method smoothly transitions loss weight of model from contrastive learning to clustering during
training and filters negative samples in contrastive learning by the pseudo-labels generated by clustering.
To demonstrate the effectiveness of the method, DACL is compared with eight short text clustering models
on eight datasets. The results show that we achieve considerable performance improvements on most datasets
compared to state-of-the-art short text clustering methods. In addition, The effectiveness of loss smooth

transition and negative filtering is proved by ablation experiments.

INDEX TERMS Contrastive learning, deep clustering, dynamic adjustment, short text clustering.

I. INTRODUCTION

With development of self-media and popularity of social
media, short texts have become a common form of content
on the Internet. Categorizing these short texts is an important
step for other data mining tasks, such as public opinion
analysis and event detection [1]. Due to large number of
texts and high cost of labeling, it is necessary to categorize
them using unsupervised methods. Clustering is one of the
important unsupervised methods, that can divide text into
several clusters based on similarity degree of text seman-
tics. Traditional clustering methods, such as K-Means [2]
and Gaussian Mixture Model (GMM) [3], usually rely on
distance measures of samples in initial dimension space to
calculate similarity. Because of insufficient feature represen-
tation capability, distance measure often does not represent
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semantics similarity between samples well when facing short
text data with high sparsity, high noise and high dimension-
ality [4]. Recently, some works combine clustering with deep
representation learning to achieve better clustering results by
embedding original data into low-dimensional space [5].
Contrastive learning has recently achieved remarkable
results in deep representation learning [6]. In the unsuper-
vised context, contrastive learning usually considers each
instance as a category represented by a feature vector. Pos-
itive pairs are constructed by data augmentation, and other
instances are treated as negative instances. Feature repre-
sentation of samples is learned by maximizing similarity of
positive pairs from same sample and minimizing similar-
ity of negative instances from other samples. Unlike other
self-supervised methods that perform representation learn-
ing by reconstructing or generating original data, such as
Auto-Encoder (AE) [7] and Generative Adversarial Net-
works (GAN) [8], contrast learning performs representation
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FIGURE 1. Visualize TSNE in embedded spatial representation of
SeachSnippets dataset. Each point represents each sample, and each
color represents each true semantic cluster.

(d) Smooth transition.

learning based on the computation of distance measures in
the feature space like clustering, so the feature representations
obtained by contrast learning are more friendly to clustering.
Some works combine clustering with contrastive learning
to obtain better clustering results [9]. However, as shown
in Figure 1, contrastive learning makes sample distribution
scattered and clustering makes sample close to the cluster
center. Clustering tasks require samples in the same cluster
to be as similar as possible, that is, samples are as small
as possible from the semantic center they belong to and as
large as possible from other semantic centers. The purpose
of comparative learning is to learn the general characteristics
of samples. Each instance is regarded as a category, and all
other instances are regarded as negative instances. As a result,
samples belonging to the same semantic cluster are regarded
as negative instances of each other, and samples cannot learn
the overall semantic information of clusters and the semantic
information differences between clusters.

The inconsistent training objectives of contrast learning
and clustering, resulting in a bias between the final training
results and the requirements of clustering tasks. The samples
treat other samples in the same cluster as negative exam-
ples leading to sparse space within the cluster, which is not
conducive to the learning of cluster semantic information.
In order to solve the problem of existing comparative clus-
tering methods, we propose a clustering method of short
texts based on Dynamic Adjustment for Contrastive Learning
(DACL). To solve the problem of inconsistency of training
objectives, DACL is designed a new adjustment function to
dynamically adjust the weights of contrast loss and clustering
loss in the total loss function. By adjusting the function, the
focus of model training smoothly transitions from contrast
learning to cluster, which enables samples to learn seman-
tic information of clusters and improves the confidence of
sample cluster assignment probability. To avoid samples from
the same cluster becoming negative instances, we intro-
duce the semantic information of clusters into contrastive
learning. DACL assigns clusters of samples as pseudo labels
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and excludes instances with the same label from negative
instances. In addition, due to possible errors in the assignment
of pseudo-labels, resulting in cumulative errors in subsequent
training, only samples with high confidence are assigned
pseudo-labels, and the remaining samples are still considered
a category for each instance. To summarize, the major con-
tributions of our work are as follows:

« We propose a method to dynamically adjust the loss
weights to mitigate the inconsistency of training objec-
tives between contrast learning and clustering. During
the training process, the weight of contrastive loss and
clustering loss in total loss is adjusted by the dynamic
adjustment function to achieve a smooth transition from
representation learning to cluster feature learning.

« We introduce the cluster assignment information of sam-
ples into the contrast learning to filter negative instances
by generating pseudo-labels with high confidence in
the cluster assignment probability. By this method, the
problem of samples being selected as negative instances
from the same cluster is avoided, and the quality of
negative instances is effectively improved, making the
data representation of contrast learning more friendly to
clustering.

« We deeply analyzed and demonstrated the effectiveness
of DACL through comparative experiments and ablation
experiments. Compared with state-of-the-art short text
clustering models, DACL achieves better performance
on most of the datasets.

The rest of this paper is organized as follows. Section II
reviews the related research in the field of deep clustering
and contrastive learning. Section III presents the architecture
of the proposed model. Section IV analyzes and discusses
the experiments performed. Finally, the conclusion and future
works are drawn in Section V.

Il. RELATED WORK

In this section, we give a brief introduction to recent develop-
ments on two related topics, deep clustering and contrastive
learning.

A. DEEP CLUSTERING

Although traditional clustering methods are widely used,
the clustering results on large and complex datasets are not
satisfactory due to the lack of representation learning capa-
bility. Benefiting from the powerful representation capability
of deep neural networks, deep clustering has shown good
performance on complex datasets. Yang et al. [10] proposed
deep clustering network (DCN) combines AE with K-Means
for deep clustering learning. Because K-Means is not dif-
ferentiable, DCN adopts strategy of alternate optimization
of network parameters and cluster centers. Xie ef al. [11]
proposed Deep Embedded Clustering (DEC), a method that
simultaneously learns feature representations and cluster
assignments using deep neural networks. Both DCN and
DEC use autoencoders as an auxiliary task for representa-
tion learning in clustering, while the features obtained from
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autoencoders are based on reconstructing the original data
and are not relevant to clustering based on distance metrics.
To further improve the clustering performance, some works
focus on the pairwise distance relationships of samples in
the feature space and train models with them [12], [13].
These models obtain similar samples by K-Nearest Neigh-
bor (KNN) and learn the representation by minimizing the
distance to similar samples and maximizing the distance to
other samples. Recently, contrast learning based on feature
space distance measures has achieved excellent performance
in representation learning. Zhang et al. [14] proposed Sup-
porting Clustering with Contrastive Learning (SCCL) uses
contrast learning for representation learning and sharpened
confidence distributions for clustering learning. Clustering
is performed by jointly optimizing contrast loss and clus-
tering loss. Xu et al. [15] proposed Invariant Information
Clustering (IIC) directly maximizing the mutual informa-
tion between the original samples and augmentation samples
based on information bottleneck theory. IIC can effectively
filter redundant information and capture invariant informa-
tion between samples.

Since clustering has no representation learning capabil-
ity, deep clustering mostly obtains feature representations of
samples through self-supervised learning of auxiliary tasks,
and features obtained by auxiliary tasks are expected to be
friendly to clustering. All the above models train the model
by combining the auxiliary and clustering tasks by iterative,
sequential or joint training methods. However, the auxiliary
task focuses more on representation learning of samples
themselves, and clustering focuses more on whole features of
clusters formed by samples and the differences between clus-
ters. Due to the inconsistent objectives of the auxiliary task
and clustering, iterative or sequential learning corrupts the
feature representation of the samples learned by the auxiliary
task, while joint learning yields clustering results with low
semantic confidence. To moderate the target inconsistency,
DACL uses a joint training method of clustering and auxiliary
tasks, and a new adjustment function is designed to dynami-
cally adjust the weights of auxiliary task loss and clustering
loss to the total loss during training. The focus of training
is gradually and smoothly transitioned from representation
learning to clustering as the training progresses, which avoids
the destruction of the feature representation of the samples
and gradually reduces the influence of the auxiliary task
during training to improve the confidence of the clustering
results.

B. CONTRASTIVE LEARNING

As a promising unsupervised learning paradigm, contrastive
learning has recently achieved state-of-the-art performance in
representation learning. The basic idea of contrastive learning
is to construct positive pairs of samples by data augmentation
or labeling, and map them to feature space. Representation
learning is learned by maximizing the similarity between
positive pairs and minimizing the similarity with other pos-
itive pairs. The construction of positive pairs and negative
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instances has a crucial impact on the performance of com-
parison learning. Chen et al. [16] proposed a Simple Frame-
work for Contrastive Learning of Visual Representations
(SimCLR) generates positive example pairs using data aug-
mentation twice and treats other samples in the same batch as
negative instances. They also demonstrated experimentally
that the number of negative instances has critical impact
on performance. To further increase the number of negative
examples, Misra et al. [17] proposed Pretext-Invariant Rep-
resentation Learning (PIRL) adds a memory storage module
to store feature representation of previous sample, which is
used as negative instances when calculating objective loss
of the current sample. He et al. [18] proposed Momentum
Contrast (MoCo) uses a queue to store negative instances
and designs two encoders, in which the negative instances
encoder is momentum updated by parameter of positive pair
encoder. Cai et al. [19] sorts the negative instances according
to the distance of samples in the feature space, and finds that
95% of the simple negative instances are indispensable, and
0.1% of the most difficult negative instances are unnecessary
and even reduce the effect. Li et al. [20] proposed Contrastive
Clustering(CC) introduced the idea of comparative learning
into the cluster. Based on the idea of label as representation,
CC performs contrastive learning at the instance level and
cluster level in the row space and column space of the feature
matrix.

In unsupervised comparative learning, positive pairs are
usually acquired through data augmentation, so the selection
of negative instances becomes particularly important. The
above methods generate positive pairs through data augmen-
tation and consider all other samples as negative instances.
All the above models treat all other samples as negative
instances, ignoring the semantic relationships between sam-
ples. When comparative learning is combined with clustering
tasks, samples in the same cluster are inevitably consid-
ered negative instances, which reduces the clustering results.
To avoid this situation. DACL introduces cluster assignment
probability information from clustering into comparative
learning. The model assigns false labels to high confidence
data based on cluster assignment probability during training
and excludes samples with the same labels from negative
instances. This method avoids the distance being pulled far
in the feature space because of samples belonging to same
cluster are selected each other as negative instances, which
improves the confidence of cluster allocation.

Ill. PROPOSED METHOD

In view of the problems in above work, a novel model, DACL
proposed for short text cluster, which unifies contrastive
learning and clustering into a training framework for end-to-
end joint training. As shown in Figure 2, this model consists
of three parts, encoder f (-), instance-level contrastive head
g7 (-) and semantic-level clustering header g¢ (-). Encoder is
responsible for embedding the samples into the low dimen-
sional feature space to extract features, the cluster head is
responsible for calculating the distribution probability of the
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FIGURE 2. Model framework.

samples to each cluster, and the contrastive head is respon-
sible for embedding the samples into the contrastive space.
The cluster distribution probability calculated by cluster head
can be used to screen the negative instances in the contrastive
head. Clustering objective loss and contrastive target loss
are used to train the model. Clustering target loss improves
the confidence of clustering results by sharpening the cluster
distribution probability of samples, and contrastive objective
loss optimizes feature representation of samples by maximiz-
ing the distance of positive pairs and minimizing the distance
of negative instances. In the training process, clustering loss
and contrast loss are dynamically added to form the total loss,
and the total loss weight gradually transitions from contrast
loss to clustering loss. The following subsections describe
three components of the model in detail, and finally the
proposed objective loss function is described.

A. ENCODER

Inspired by recent contrastive learning work [6], this paper
uses data augmentation to generate positive pairs. In view
of feature of short length and sparse features of short text,
context augmentation [21] is used to augment data. That is,
words in the input text are randomly masked and predicted
by pre-training language model, and replace original words
with the predicted words. Formally, randomly select batch
data B = {xi}f-‘i | in dataset X, where M is batch size.
we use two different pre-training language models 7, and
Ty to generate a pair of augmentation data x{ = T, (x;)
and xf’ = T (x;) for each example in B. Then, deep neural
network f (-) with shared parameters is used as encoder to
extract features representing hY = f (x) and h? = f (x?),
and finally get augmented batch data B = {h¢, h? }f‘il
As for encoder, theoretically, our method can use any deep
representation learning network. In this paper, we choose the
same settings as SCCL.
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B. SEMANTIC-LEVEL CLUSTER HEAD

The objective of the clustering head is to divide the samples
into K disjoint clusters, so that semantics in same cluster
are as similar as possible. The semantic center of each clus-
ter is initialized by K-Means to be the centroid u;, k €
{1,2,...,K} of cluster in feature space. Thus we evaluate
similarity between x; and p; by calculating Students t-
distribution [22] of x; in feature space as follows:

a+l

(14 |1k — pgll3 /) 2
qik = t e a+l (1)

Yot (L Nl = pyll3/e)” =
where, « is freedom degree in Student‘s t-distribution. g;;, can
be seen as probability of sample x; is assigned to cluster k,
and distribution of soft assignment probability of sample is
obtained as follows:

q;=gcth) =1[ql, ke{l,2,....,K} )

After obtaining the cluster soft assignment distribution g;
of sample, our objective is to optimize sample representation
by learning from high confidence assignments. So set assis-
tant objective function can be expressed as:

M

Pk = qizk/ D i1 ik
ik = &K

o1 45/

This objective distribution first sharpens soft assignment
probability by raising it to the second power, and then nor-
malizes it by associated cluster frequency [11]. In doing
so, we encourage learning from high confidence cluster
assignments while countering biases caused by unbalanced
clustering.

By Eq.(1) and (3), we obtain respective cluster distribution
and assistant distribution ¢“, qb, r4, pb from two sets of
augmented sample £ and h? in B, and then to cross-optimize

(€)
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the KL divergence between them can be written as:

1
Lc = S(KLIP"llg"1+ KLIp"lig"])
1 M K pl.’ P4
= 3" Phlog=X + phlog—k)  (4)
M= S Tik 9ik
The cluster distribution of samples can be pushed towards
the objective distribution of its corresponding positive pairs
by minimizing the clustering objective loss. In this way, data
assignments with higher confidence can be learned, and at
the same time, the distribution of positive pairs can be close
to each other, thereby improving the clustering quality.

C. INSTANCE-LEVEL CONTRASTIVE HEAD

The objective of contrastive learning is to maximize the
similarity of positive pairs while minimizing the similarity of
negative instances. Since there are no ground truth labels in
the clustering task, we choose data augmentation to construct
instance-level data pairs [23]. To avoid negative samples from
same cluster, we assign pseudo labels to samples based on
cluster soft assignment probability distribution. Samples with
same pseudo labels are considered false negative instances
and excluded from the negative instances.

Formally, any sample /¢ in B and corresponding aug-
mented sample hf’ are selected to become positive pair
{ hf hf’ } and negative pair are instances filtered from other
data in B through pseudo labels. We assign pseudo labels to
data assignments by the cluster soft assignment probability
distribution ¢¢ and qf-’ obtained by Eq.(2) as follows:

max(q;) > €

r { argmax;g; refabl (5

i = -1, max(q;) < €

where, € is the confidence threshold, which is used to avoid
false pseudo labels that are counterproductive. In order to
ensure the consistency of pseudo-labels between positive
pairs, they are checked for identical pseudo-labels as follows:

b

i, yi=w
yi= (6)

’ {—1, WEW

If the pseudo-labels of the positive pairs are different,
pseudo-labels are considered untrusted. Then, the batch data
is filtered through the pseudo-label to obtain a set of negative
instances as follows:

Si =, yi=—1Uly; #yi} 7

To mitigate loss of information due to contrast loss, we map
feature representation of samples to subspace through a non-
linear Multi-layer Perceptron (MLP) g; (-) to obtain samples
subspace representation z; = g; (h;), and calculate the con-
trast loss in the subspace as follows [16]:
ja } exp(sim(z¢, z0)/7)

; = —log ; ;
i Zj esi exp(sim(z{, ;7) /T) + exp(sim(z{, zi’) /T)

®)
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where, 7 is temperature parameter, and sim (-) is the similarity
measure. In this paper, sim (-) is calculated by the normalized
dot product between outputs as follows:

@H@E)HT

b
Iz 121123 [12

sim(z{,z0) = ©9)
By Eq.(8), the respective contrast losses in all positive pairs
in batch data are calculated and averaged as follows:

M
1 a b
L = M ._El(li +17) (10)

D. DYNAMICALLY ADJUSTED OBJECTIVE LOSS FUNCTION
Both the semantic-level clustering head and the instance-level
constive head in our model are single-stage and end-to-end
optimization processes, which joint train model by optimiz-
ing losses of two parts simultaneously. The total objective
loss function consists of clustering loss and contrastive loss
together is defined by:

L=O+A-M)Lc+0o0+ ML an

where, 6 is initial coefficient, o is balance coefficient, and A
is adjustment function of clustering loss and contrastive loss.
Contrast loss focuses more on learning sample features, while
clustering loss focuses more on obtaining clustering results,
so we hope that model first learns appropriate feature repre-
sentations, and then smoothly transitions to clustering to get
good clustering results. Therefore, the adjustment function
is chosen as a monotonic decreasing function with a value
interval of [0,1] as follows:

1
2
where, [ is the current iteration number and L is the expected
total iteration number. At the beginning of training, the model
is mainly trained by contrastive loss, learning better sample
feature representation. As the training proceeds, the weight
of contrastive loss decreases and the weight of cluster loss
increases gradually by adjusting the function. The model
gradually pays more attention to cluster learning until the
training ends.

In the test, the original text x without augmentation is input
model to obtain cluster soft-distribution ¢ from clustering
head. The samples are then divided into clusters with the
highest probability of cluster soft distribution. By this way,
the cluster division of each data in dataset can be obtained
and concated together to form a predicted label vector Y (Y €
RN>1), where Y; is the label predicted of iy, sample. In algo-
rithm 1, a complete training and testing process is shown
using pseudocode.

Al = %cos(én) + (12)

IV. EXPERIMENTS

In this section, we describe the experiment in this paper.
Firstly, we introduce dataset used in experiment, the super
parameters used in the model and the experimental evaluation
indicators. Then, the validity of the model is verified by the
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Algorithm 1 Clustering With Dynamic Adjustment for Con-
trastive Learning

Input: dataset X; iteration number L; batchsize M; cluster
number K; pre-train encoder f (-); augmentations 7y, Tp;
non-linear mlp g;(-)

Output: dataset X corresponding predicted label vector
Y(Y € RVx1)

1: //training

2: initialization cluster center u by K-Means

3: forl=1to L do

4:  randomly select M samples as mini-batch B = {xi}f.‘i 1
from dataset X

s:  compute feature representations h{, hl-b by h{ =
F(Taxi), B} = f(Tp(xp))

6. compute cluster soft-assignments g%, ¢, p®, p® by
Eq.(1) and Eq.(3)

7. comput cluster loss L¢ by Eq.(4)

:  comput subspace representations z; by z; = g7 (h;)

9:  acquire peseudo-labels y; by Eq.(5) and Eq.(6)

10:  filter negative sets S; through Eq (7)

11:  comput contrastive loss £; by Eq.(10)

12:  comput total loss £ by Eq.(11)

13:  update f, g7, u by minimize £

14: end for

15: /] test

16: define Y is predicted label vector

17: for x in X do

18:  compute feature representation # = f (x)

19:  compute cluster soft-assignments g by Eq.(1)

20:  compute cluster assignment by y = argmaxy q

21: Y =[Y]ly]

22: end for

TABLE 1. Dataset statistics.

Documents Clusters

NP Len N¢ L/S
12340 18 8 7
20000 8 20 1

Dataset V|

SearchSnippets 31K
StackOverflow 15K

Biomedical 19K 20000 13 20 1
AgNews 21K 8000 23 4 1
Tweet 5K 2472 8 89 249

11109 28 152 143
11109 6 152 143
11109 22 152 143

GoogleNews-TS 20K
GoogleNews-T 8K
GoogleNews-S 18K

comparison experiment with baseline model, and ablation
experiment verifies that the methods presented in this paper
can improve the clustering effect. Finally, the selection of the
super parameters of the model is explained by the parameter
experiment.

A. EXPERIMENTAL CONFIGURATIONS

1) DATASET

We evaluated the performance of DACL in short text clus-
tering on eight benchmark datasets, and Table 1 summarizes
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the main statistics. Eight datasets are SearchSnippets [24],
StackOverflow [25], Biomedical [25], AgNews [26],
Tweet [27], GoogleNews-TS, GoogleNews-T, GoogleNews-
S. GoogleNews-TS, GoogleNews-T, and GoogleNews-S are
captured separately by extracting titles and summaries from
the GoogleNews dataset [26]. To demonstrate validity of
model and compare with baseline model, our model does not
apply any pre-processing procedures on all datasets.

2) PARAMETER SETTINGS

We implement model in PyTorch [28] with the Sentence
Transformer library [29]. We choose distilbert-base-nli-stsb-
mean-tokens as the pre-training encoder. We use the ADAM
optimizer [30], setting the batch size to 400, the total number
of iterations to 2000, and the maximum text length to 32. The
learning rate of encoder is le-5, and that of cluster head and
contrast head is le-3. We use context augmentation for data
augmentation and select Bert-base [31] and Roberta [32] to
generate data augmentation pairs.

For cluster header, we use a linear layer of size 728 x K
to approximate the cluster centers, where K is the expected
number of clusters. Set up ¢ = 1, but « = 10 set in
the Biomedical dataset. For the contrastive head, we use a
two-layer linear layer and the ReLU activation function to
make up a size of 728 x 128 MLP as a subspace mapping.
Setupt =0.5,¢ =0.3. Set 6 = 0.3, 0 = 10 in total loss.

3) EVALUATION METRICS

We evaluated our model using two widely used cluster-
ing measures, Normalized Mutual Information (NMI) and
Accuracy (ACC). ACC denotes the degree of conformance
when best mapping between predicting semantic clusters and
ground-truth semantic clusters, and NMI denotes the normal-
ized similarity measure between the two semantic clusters.
The ACC and NMI formulas are as follows:

¥ 1l = map(c;))

ACC = (13)
N
NMI = —I(l; ) (14)
(H(l)+ H(c)/2

where, ¢ denotes predicted semantic cluster, [ denotes
ground-truth semantic cluster, and map(-) denotes the best
mapping between them, which is generally obtained by the
Hungarian algorithm. I (I; ¢) denotes the mutual information
between c and [, and H(-) denotes information entropy. The
value range of ACC and NMI is [0, 1], and higher values of
metrics indicate better cluster performance.

B. COMPARISONS WITH BASELINE
To demonstrate the performance of our model on short text
clustering. We compared eight representative baseline clus-
tering methods on eight datasets, and the details of each
baseline are as follows.
o BoW selects the 1500 most frequently occurring words
in each dataset to form a 1500-dimensional feature vec-
tor, after removing the stop words. Each dimension is the
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number of corresponding words in sample. Computing
K-Means of eigenvectors to get clustering results.

o TF-IDF uses the same method as BoW to get a
1500-dimensional eigenvector. Each dimension is value
of TF-IDF of corresponding word in sample.

« K-Means is applied to the feature vector obtained by the
initialized encoder of the model we proposed.

o DEC|[11]design new clustering loss and simultaneously
learns feature representations and cluster assignments
using deep neural networks.

o STTC [25] uses word2vec to embed the original text
into the low dimensional feature space. Then it is input
into the convolution neural network to learn the deep fea-
ture representation. Finally, the learned representation is
clustered by K-means to obtain the optimal clustering.

o Self-Train [33] uses SIF to get the short text vector,
and then uses autoencoder to reconstruct the short text
vector. Finally, the model is fine-tuned by sharpening the
cluster assignment probability.

o HAC-HD [26] applies hierarchical agglomerative clus-
tering on top of a sparse pairwise similarity matrix
obtained by zeroing-out similarity scores lower than a
chosen threshold value.

o SCCL [14] uses contrast learning for representation
learning and sharpened confidence distributions for
clustering learning. Clustering is performed by jointly
optimizing contrast loss and clustering loss.

In the comparative experiment, the results of our model are
average of five repeated experiments, the results of baseline
model from their paper. The comparison results are shown
in Table 2. On most of the datasets, our model achieves
the best performance compared to existing baseline models,
especially the SCCL model that also uses a combination of
contrast learning and clustering. Compared to SCCL, DACL
achieves better performance by using dynamic adjustment of
loss weights and negative instances filtering, and by push-
ing the cluster distribution of the augmented samples to
its objective distribution of corresponding positive pairs in
semantic-level clustering loss.

Because biomedical-related datasets have much less rel-
evance with corpus of transformer pre-trained models, and
Self-Train pre-trained word embeddings on large biomed-
ical corpus, the model is less effective on the Biomedical
dataset than the Self-Train model. Because the GoogleNews
and Tweet datasets have fewer training samples and more
clusters, contrastive learning requires a large number of train-
ing samples, and the clustering loss obtained by Student‘s
t-distribution will have performance degradation when the
number of clusters is large, HAC-SD model achieves better
performance by applying agglomerative clustering on care-
fully selected pairwise similarities of pre-processed data.

Our model uses Bert as encoder and performs one-stage
and end-to-end training, so the time complexity of DACL
is O(M2N), where N is iterations and M is the text
length. In baseline model, The HAC-SD model uses
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agglomerative clustering method with time complexity of
O(MN? log(N /K)), where K is the number of clusters. The
DEC and Self-Train model use autoencoder as encoder, with
time complexity of O(MN). The STTC model uses convolu-
tion neural networks for encoding and SCCL model uses Bert
for encoding, so their time complexity is O(M ZN). Because
of the large number of samples and the short length of short
text dataset, N is much larger than M. Therefore, except for
HAC-SD, the cost of training the model is roughly equivalent.

C. QUALITATIVE STUDY

In this section, we conduct experiments on the SearchSnip-
pets dataset to analyze the evolution of data in feature space
during training. To understand how the model is trained
by optimizing loss and obtaining the cluster distribution of
samples. We select the distribution of samples at different
training moments in the feature space and use T-SNE to
reduce dimension. The results are shown in Figure 3, the
initial features of samples are mixed, and the distribution
of features is more reasonable with training of contrastive
learning. Then, due to the introduction of the cluster loss, the
sample approaches the cluster center.

We evaluate the intra cluster distance in the process of
model training, and the results are shown in Figure 4. When
the training focus of model is on contrastive learning, the
samples are scattered in the feature space, and as the training
focus transits to distance loss, the samples are gradually
concentrated in the cluster center.

D. ABLATION EXPERIMENT

In this section. To verify the positive impact of our proposed
method on clustering, we performed ablation experiments
on the SeachSnippets dataset. We first assessed the use of
negative case screening, then assessed the method of joint
learning both contrastive loss and clustering loss. As shown
in Table 3, the use of negative case filtering can improve
the ACC and NMI of clustering results when other settings
are the same. Compared with fixed weights and sequential
training, the dynamic adjustment of loss weights achieves the
best results.

E. PARAMETER EXPERIMENT

In this section, we will evaluate the impact of hyperparame-
ters on model performance. On the StackOverflow dataset,
we conduct experiments on loss initial coefficients 6, loss
adjustment functions A, confidence thresholds respectively o
and initial cluster center u.

1) INITIAL LOSS COEFFICIENT

The initial loss coefficient parameter is initial weight of con-
trastive loss and clustering loss in total loss. The smaller this
parameter, the smaller the fixed weight of the loss in training.
The result is shown in Figure 5, this parameter achieves the
best result at 0.5. Low initial coefficient of loss results in
slow updating of cluster head during earlier training, and high
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TABLE 2. Experimental results. Our results are average of five repeated experiments.

Model Searchnippets StackOverflow Biomedical AgNews
ACC NMI ACC NMI ACC NMI ACC NMI
BoW 243 9.3 18.5 14.0 14.3 9.2 27.6 2.6
TF-IDF 31.5 19.2 58.4 58.7 28.3 23.2 34.5 11.9
K-Means 59.0 36.4 60.8 52.3 39.8 32.7 83.9 59.2
DEC 76.9 64.9 74.7 75.3 41.6 37.7 - -
STCC 77.0 63.2 59.8 54.8 43.6 38.1 - -
Self-Train  77.1 56.7 64.8 64.8 54.8 47.1 - -
HAC-SD 82.7 63.8 64.8 59.5 40.1 33.5 82.8 54.6
SCCL 852 71.1 755 74.5 46.2 41.5 88.2 68.2
DACL 86.1 73.6 717.5 76.0 48.6 40.3 88.6 69.0
Model Tweet GoogleNews-TS  GoogleNews-T ~ GoogleNews-S
ACC NMI ACC NMI ACC NMI ACC NMI
BoW 49.7 73.6 57.5 81.9 49.8 73.2 49.0 73.5
TF-IDF 57.0 80.7 68.0 88.9 58.9 79.3 61.9 83.0
K-Means 51.7 79.0 56.0 78.4 62.2 83.3 67.8 87.5
DEC - - - - - - - -
STCC - - - - - - - -
Self-Train - - - - - - - -
HAC-SD 89.6 85.2 85.8 88.0 81.8 84.2 80.6 83.5
SCCL 78.2 89.2 89.8 94.9 75.8 88.3 83.1 90.4
DACL 82.0 90.6 89.6 944 80.5 89.8 84.0 91.7
TABLE 3. Ablation experiments.
Negative instances filter Mathod of joint learning ACC NMI
seq(Lr, Le) 78.0 59.9
Unused Lo+oLlg 85.3 72.0
O+ (1 —=XN)Lc+a(@+NL; 85.8 72.6
Seq(ﬁj, Ec) 78.5 60.7
Used Lo+olz 85.4 72.4

O+ (1 —A)Lc+o@+NL;, 861  73.6

initial coefficient results in high weight of contrastive loss
during later training.

2) LOSS ADJUSTMENT FUNCTION

The loss adjustment function is a function whose interval
is in [0,1], which decreases monotonically with the number
of iterations. It is used to achieve a smooth transition from
contrastive loss to clustering loss. As shown in Figure 6,
we compare four adjustment functions: convex, linear, con-
cave, and composite as follows [34]:

I
NOE cos(z X E)

l
NOES
D) = 1 [ 1
(= 5005(277)4'5

where, B is base of the exponential function, which is fixed as
0.995 in this paper. The result is shown in Table 4, Composite
function achieved the highest ACC and NMI and achieved the
best performance. Compared with other transfer functions,
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TABLE 4. Loss adjustment function.

Loss adjustment function ACC NMI
1-1/L 762 753

X 76.5  74.0

cos(l/L x w/2) 77.1 752
1/2xcos(l/L xm)+1/2 774 755

the transfer rate of the composite function is from slow to fast
and then from fast to slow, which ensures that the model can
not only learn the characteristic representation of the samples
but also obtain the clustering results with high confidence.

3) CONFIDENCE THRESHOLD

The confidence threshold is parameter that is used to deter-
mine cluster assignment when negative example filtering for
contrastive learning. Data whose cluster assignment proba-
bility is greater than this parameter is assigned to a cluster.
As shown in Figure 7, the best result is obtained at 0.8. Low
confidence thresholds result in data being wrongly assigned
to a cluster, and high thresholds result in too few data being
filtered.
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(c) 1500 iterations. (d) 2000 iterations.
FIGURE 3. Evolution of samples in feature space during training on
SearchSnippets. Each point represents each sample, and each color
represents each true semantic cluster.
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FIGURE 4. Intra cluster distance.
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FIGURE 5. Initial loss coefficient.

4) INITIAL CLUSTER CENTER

The initial cluster center is the cluster semantic center set
before model training begins. The initial cluster center is rep-
resented by a linear layer in the cluster header. With clustering
loss optimization, on the one hand, the samples in the cluster
are closer to cluster center, on the other hand, cluster center
can be updated with the update of the spatial distribution of
samples. We compare three initial clustering methods: ran-
dom, BIRCH, and K-Means. As shown in Table 5, K-Means
achieved best cluster results.
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FIGURE 7. Confidence threshold.

TABLE 5. Initial cluster center.

Cluster method ACC  NMI
Random 234 24.4
BIRCH 76.0 74.5
K-Means 77.3 75.4

V. CONCLUSION AND FUTURE WORK

In this paper, we propose a new short text clustering method
that dynamically combines contrastive learning with unsuper-
vised clustering to solve the problem of inconsistency objec-
tive between contrastive learning and clustering. We eval-
uated the model on eight datasets and achieved better or
comparable results than state-of-the-art methods. In addition,
the Validity of the model was verified by ablation experiment.
The verification results show that dynamic adjustment of loss
of contrastive learning and clustering and negative instances
filter are beneficial to the improvement of clustering result,
which can more effectively solve categorize problem of a
large number of short text on the Internet. However, as with
most related work on clustering, this paper relies on K-Means
to initialize cluster centers on the entire dataset. In large-scale
and online scenes, facing the large number of text streams cur-
rently being generated, it is not possible to handle the issues
of feature shift and clustering initialization. In future work,
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we will try to solve the problem of data stream clustering by
incremental clustering.
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