
Highlights
Preciser Comparison: Augmented Multi-layer Dynamic Contrastive Strategy for Text2text Ques-
tion Classification
Jiyao Wang,Zijie Chen,Yijia Zhang,Dengbo He,Fangzhen Lin

• A comprehensive framework (ADMC) is proposed and deployed for text2text question classification in the industry
dialog system

• Multi-layered dynamic contrastive learning mechanism ensures better performance on distinguishing confusable
classes

• ADMC integrates optional data augmentation, distance measuring, and loss function component
• ADMC is tested and compared with several baselines and variants on two industry datasets and three public datasets



Preciser Comparison: Augmented Multi-layer Dynamic Contrastive
Strategy for Text2text Question Classification
Jiyao Wanga,b, Zijie Chenb, Yijia Zhangb, Dengbo Hea,c,d,< and Fangzhen Linb

aSystems Hub, The Hong Kong University of Science and Technology (Guangzhou), Guangzhou, China
bSchool of Engineering, The Hong Kong University of Science and Technology, Hong Kong S.A.R., China
cHKUST Shenzhen-Hong Kong Collaborative Innovation Research Institute, Futian, Shenzhen, China
dDepartment of Civil and Environmental Engineering, The Hong Kong University of Science and Technology, Hong Kong S.A.R., China

A R T I C L E I N F O
Keywords:
Text2text question classification
Dynamic negative sampling
Supervised contrastive learning
Data augmentation

A B S T R A C T
Text2text question classification (TQC), as a particular application case of question classification
(QC), is of great practical value. Traditional QC methods usually label categories of questions using
one or multiple keywords provided by users. In contrast, in TQC, each question in natural language is
automatically categorized into pre-designed standard question classes, which are coded in the form of
short text. Because of this unique characteristic, TQC relies on a specifically designed framework and
should be trained and validated based on customized experimental datasets. Previous TQC-related
work mainly utilized textual similarity-matching methods. However, no effective pairwise learning
paradigm has been proposed in TQC to model correlations between input text and classes; and the
influence of distance metrics and loss function in TQC has not been investigated. In this work, we
propose a novel and comprehensive strategy, Augmented Dynamic Multi-layer Contrastive (ADMC),
to resolve the challenge of TQC. Our framework consists of (1) an optional data augmentation
module, (2) one stage for dynamic negative sampling, and (3) one stage for precise matching. The
comprehensive TQC framework with ADMC strategy in this work resolves data imbalance and
explores distance metrics learning via multiple augmentation options and dynamic negative sampling
based on multi-layer contrastive learning. To compensate for the shortage of public datasets for this
task, we collected two real-world datasets and adaptively expanded three existing public datasets,
which will be available after data masking. The results show that our ADMC outperformed other
baseline methods investigated in this paper.

1. Introduction
Question classification (QC) is a fundamental subtask

of natural language processing. QC, with a wide range
of practical applications (e.g., intelligent Question-Answer
systems), has attracted extensive attention from scholars
for many years (Liu, Qiu, Chen, Wu and Huang, 2015).
As an essential tool to understand users’ intentions, QC
algorithms categorize users’ questions into different cate-
gories, enabling the system to provide feedback based on
answer mechanisms in different categories (Jeon, Croft and
Lee, 2005). With traditional QC, the class of questions is
usually labeled as one word or a set of keywords, which
has been treated as a multi-class or multi-label classification
approach (Ma and Chen, 2022). Specifically, in traditional
QC, each class is considered as a one-hot vector, or in the
form of a probability distribution vector without semantic
information, and the classification task is conducted by
learning the mapping function between users’ inputs and the
class identifications. However, the process of extracting or
pre-setting keywords to represent standard questions (i.e.,
artificial keyword labeling) may introduce bias in the dataset
(Rao, Liu, Tay, Yang, Shi and Lin, 2019).

The Text2text question classification (TQC) may resolve
this issue. Instead of labeling the question classes as key-
words, the TQC defines each class of question as a short text
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(i.e., pre-designed standard questions) in the same language
as the question input. When users ask a question or describe
what they want, the TQC can automatically assign users’
input into a semantically-close standard question set which is
described by short texts as well. TQC exists in a wide range
of intelligent customer service in the present industry.

However, there are still many issues waiting to be re-
solved for TQC training. First, TQC problem can be solved
using deep semantic textual matching, which models not
only the correlations between texts but also the strong ca-
pacity of representation and the flexible post-interaction
paradigm introduced by the deep models. However, as the
number of model parameters and computational complexity
increases in TQC problems, deep interaction-based methods
can become highly computationally demanding (Khattab
and Zaharia, 2020). Second, in TQC, the semantic tex-
tual similarity metrics, which have been widely utilized
in representation-based match methods, may need to be
carefully selected in order to improve TQC performance.
Further, we are short of feasible training datasets for TQC,
as the number of the standard question is restricted in most
of the existing training datasets if pairwise paradigms are
used. Pointwise paradigms for learning are applied in many
fields (e.g., recommender system (Zhu, Cao, Lu and Gu,
2021)), while they cannot be applied in TQC. Since the
computational space and time cost will be huge, and there
will be an issue of data imbalance during the learning
process, if we expand the existing dataset by selecting all
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1. Individual Response
2. Prevention
3. Comparison
4. …

1. What would you do if you found out you or other had covid?
2. How can I protect myself from a covid infection?
3. What is the difference between covid and other diseases?
4. …

Original labels Expanded questions

Figure 1: Examples of expanding datasets for TQC.

other unmatch standard questions as negative samples for
each input sentence or manually determining the matching
relationship between two sentences may work.

To resolve the above-mentioned issues, in this paper,
we propose an Augmented Dynamic Multi-layer Contrastive
(ADMC) strategy for the TQC problem. ADMC consists of
three progressive parts: an optional data augmentation mod-
ule, one stage for dynamic negative sampling, and one stage
for precise matching. For text representation, we use two in-
dependent transformer-based models as text representation
tools. Further, we propose dynamic contrastive networks
to generate semantic-close negative samples and precisely
distinguish the target classes from negative samples.

In summary, the contributions of this paper are as fol-
lows:

• We proposed a novel strategy named ADMC for
TQC. Compared to text matching or classification
frameworks (Nie, Zhang, Geng, Ramamurthy, Song
and Jiang, 2020; Shen, He, Gao, Deng and Mesnil,
2014; Chen, Zhu, Ling, Wei, Jiang and Inkpen, 2016),
we improve the single-layer training paradigm and
replace the optimization goal with a dynamic multi-
layer pairwise contrastive loss, which is designed
specifically for supervised tasks. This model is prepar-
ing to be deployed and tested in a business bank.

• To compensate for the shortage of experimental datasets,
we collect two real-world datasets and expand three
public datasets (i.e., seeing some examples of ex-
panding from Figure 1 and they will be released to
researchers after we finish business desensitization.

• Extensive comparison experiments on five datasets
illustrated that our framework achieves better results
compared to all baseline methods being compared in
this study, and our framework reaches satisfying accu-
racy in distinguishing confusing classes. Finally, we
compare and discuss the effects of different distance
metrics and loss function options in all datasets.

2. Related Work
2.1. Contrastive Learning

Contrastive learning, which can improve the model’s
capacity to distinguish data points from positive points to
negative points, has been widely used in computer vision,
particularly in self-supervised tasks, to bring the latent repre-
sentations of samples belonging to the same class closer (Le-
Khac, Healy and Smeaton, 2020; Chen, Kornblith, Norouzi

and Hinton, 2020). Chen et al. (2020) proposed a simpli-
fied framework of contrastive loss without a memory bank.
Previous work also introduced the normalized temperature-
scaled cross-entropy loss, usually called NT-Xent loss or In-
foNCE (Hjelm, Fedorov, Lavoie-Marchildon, Grewal, Bach-
man, Trischler and Bengio, 2018), in which the positive
examples were generated by data augmentation. Further,
Khosla, Teterwak, Wang, Sarna, Tian, Isola, Maschinot, Liu
and Krishnan (2020) extended SimCLR to take advantage
of label information: they included other training instances
with the same label in the set of "positive".

Contrastive loss has also been widely applied to pre-
train and fine-tunes the models. For example, some re-
searchers started to use the contrastive loss to do the pre-
training in classical pre-trained language models (Fang,
Wang, Zhou, Ding and Xie, 2020; Meng, Xiong, Bajaj,
Bennett, Han, Song et al., 2021). In (Gunel, Du, Conneau
and Stoyanov, 2020), a combination of cross-entropy and
supervised contrast loss has been used to fine-tune pre-
trained language models to promote performance in few-
shot application scenarios. Yan, Li, Wang, Zhang and Xu
(2021) used a self-supervised sentence representation pre-
train framework (i.e., ConSERT) to fine-tune BERT (Devlin,
Chang, Lee and Toutanova, 2018). To obtain sentence em-
bedding and achieve satisfying performance in sentence sim-
ilarity tasks, Gao, Yao and Chen (2021) used a contrastive
loss extended from SimCLR as an optimization goal. In our
work, we propose an innovative way to take advantage of
both supervised pairwise loss and contrastive loss.
2.2. Deep Semantic Textual Matching

Deep learning has achieved remarkable success in both
text classification and semantic textual matching problems.
Compared to traditional textual matching methods (i.e.,
TF.IDF (Ramos et al., 2003), BM25 (Robertson and Zaragoza,
2009), SimHash (Sadowski and Levin, 2007), and so on),
deep learning models can automatically learn high-dimensional
textual features without tedious feature engineering and it
has a better capacity for representation.

From the perspective of the structural design of mod-
els, previous works can be categorized into two classes
(Huang and Cao, 2021): representation-based methods and
interaction-based methods. Further, representation-based
methods focus on the construction of a representation layer, a
similarity measure function with generally fixed parameters,
or a learnable match-scoring model. By contrast, interaction-
based methods place more emphasis on the two sentences to
be interacted with and matched after the interaction.

Before the introduction of pre-trained models, there were
various works designing sophisticated learning paradigms
and interaction structures (Rao et al., 2019; Mueller and
Thyagarajan, 2016). Most of them extract semantic infor-
mation by the convolutional neural network (CNN) (Chen,
2015) or long short term memory (LSTM) (Hochreiter and
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Figure 2: The overall architecture of ADMC.

Schmidhuber, 1997). Because of the outstanding perfor-
mance of pre-train models, recent studies paid more atten-
tion to improving matching performance by designing pre-
train tasks considering measuring textual similarity (Wang,
Wei, Dong, Bao, Yang and Zhou, 2020; Song, Tan, Qin, Lu
and Liu, 2020) or proposing better pre-trained models (Song
et al., 2020). Strictly speaking, the above two directions be-
long to representation-based methods and interaction-based
methods, respectively.

However, challenges still exist. Fine-tuning pre-trained
models cannot always be effective, especially when facing
application scenarios that are different from the pre-train
corpus or require less time and computational resources. Be-
sides, current representation-based methods still did down-
stream tasks based on pointwise paradigms. In order to
resolve the above-mentioned issues, an interaction-based
framework, the ADMC framework, has been proposed in
this paper, which may lead to better performance in solving
TQC problem.

3. Approach
3.1. Problem Formulation

Given a training batch ^.xi; yi/‘Ni=1, both xi and yi are in
the form of short text, xi presents one user’s input question,
and yi is the matching standard question. X denotes the
whole set of user’s input questions, and Y is the set of all
standard questions. Our goal is to learn a modelM.xi;Y/ to
find the x¤

is semantic closest yi from Y . For symbol declara-
tion, each short text has a limited lengthL. The dimension of
an embedding vector outputted by encoders is D, and there
are P standard questions in total. The summarized symbols
and descriptions are presented in Table 1. Key components
are discussed as follows.

Table 1
A summary of symbols and descriptions

Symbol Description
xi User’s input question i.
yi The matching standard question i.
X The whole set of user’s input questions.
Y The set of all standard questions
L The limited length of all texts.
D The dimension of embedding vector.
P The total number of standard questions.
N The size of the training batch.
K The number of the negative samples in each

semantic-close standard question set.
E The representation matrix of X after stage one.
R The representation matrix of Y after stage one.
E¤ The representation matrix of X after stage two.
R¤ The representation matrix of Y after stage two.
ei The representation of xi in stage one.
ri The representation of yi in stage one.
� The hyperparameter to control the temperature

of NT-Xent loss.
Ci The dynamically generated semantic-close

standard question set.
e¤
i The representation of xi in stage two.
r¤
i The representation of yi in stage two.
ci The representation matrix of the semantic-close

standard question set of Ci.

3.2. Framework
Our proposed ADMC strategy (shown in Figure 2) de-

ploys two transformer-based encoders to get high-dimension
representations of user input xi and standard question yi.There are two stages with identical encoders but different
optimization objects. The final matching results will be
generated by the second stage.
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3.2.1. Data Augmentation
Due to the lack of samples in some classes, models

may not learn sufficient information regarding some classes,
which may lead to low accuracy in these classes (i.e., long-
tail classes). To resolve this issue, we consider four data
augmentation strategies to generate samples for training, in-
cluding dropout, cutoff, paraphrasing, and back translation.
Our strategy of augmented samples ensures that the number
of trainable samples for all categories is above or equal to the
mean. We provide the following four methods in ADMC:

• Dropout: Dropout is an efficient way of regulariza-
tion to avoid overfitting. Early studies showed the
effectiveness of the augmentation strategy in avoiding
overfitting in contrastive learning. In our experimental
settings, by a specific rate, we randomly set elements
as zero in the output token embedding matrix.

• Cutoff: Based on the difference in erasing position,
the cutoff strategy includes token cutoff and feature
cutoff (Shen, Zheng, Shen, Qu and Chen, 2020). The
cutoff strategy randomly erases some tokens (for token
cutoff) and feature dimensions (for feature cutoff) in
the L � D feature matrix. In this work, we apply the
feature cutoff as the cutoff strategy.

• Paraphrasing: Unlike the implicit augmentation meth-
ods, paraphrasing uses an extra generative model to
obtain more sentences with different expressions but
similar meanings. In our work, for the trainable user
input texts of each tail class, the python package Parrot
Damodaran (2021) is deployed to generate new texts
for compensation until the number of trainable texts
reaches the average magnitude.

• Back Translation: As another explicit augmentation
method, back translation generates augment samples
using machine translation models to translate text into
another language and then translate it back again to
increase the number of trainable x to the average
number for the tail class. In particular, in our work,
we use the google translation package to translate the
input English text into multiple other languages, then
translate them back to English.

3.2.2. Distance Metrics and Pairwise Contrastive
Learning

Metric learning aims to investigate how to learn a dis-
tance function on a specific task so that the distance function
can help nearest-neighbor-based algorithms to achieve better
performance. The distance in the embedded space should
preserve the objects’ similarity, i.e., similar objects get close
and dissimilar objects to get far away (Sun, Fu, Wang, Zhang
and Ye, 2021). Commonly used distance function includes
cosine similarity, Euclidean distance, etc (Gomaa, Fahmy
et al., 2013).

In our proposed framework ADMC, we adaptively trans-
fer normalized temperature-scaled cross-entropy loss (NT-
Xent) (Chen and He, 2021) as a pairwise contrastive loss

for supervised tasks. The NT-Xent can be adjusted for this
two-stage framework. To simplify the explanation of the
computation way of the loss function, the data imbalance is
not considered in this part.

In the first stage of training, we pass a batch of both
the user input sentences xi and matching standard questions
yi into two independent text encoders. After the pooling
operation in the token embedding matrix, we obtain sentence
embedding vectors ei for xi and ri for yi, where ei; ri ¸
ℝN�D, N is the size of batch and D is the dimension of the
feature vector.

We set the representation of each user input text ei as the
anchor point, and the representation of its matching standard
question ri as the positive point. Each data point pair (i.e.,
ei and ri) is trained to find out its counterpart among N-1
in-batch negative samples:

Lstage1.ei; r/ = * log.
exp.sim.ei; ri/_�/

‡N
j=1 1[j�i] exp.sim.ei; rj/_�/

/: (1)

sim.</ indicates the distance metric, � controls the tem-
perature and 1 is the indicator. Finally, we can get the loss
Lstage1 in the first stage. Note that, in ADMC, we select
cosine similarity for the distance metric sim.</.

Cosine_Similarity = Sc.e; r/ = e ⋅ r
ððeðð � ððrðð

: (2)

3.2.3. Dynamic Negative Sampling
Negative class sampling is a decisive factor for over-

all model performance. This component is designed for
optimizing computational time cost and helping ADMC
distinguish the true class from the semantic-close classes.
To reduce the time cost, after the convergence of stage one
training, the question encoder generates a close class set Cifor each training pair, and K is the size of the close class
set Ci. The detailed dynamic negative sample of ADMC is
provided in Algorithm 1.

To be specific, for each user input text xi, after several
iterations of stage one training, we utilize the question en-
coder which shares parameters with the question encoder
in stage one to encode all standard questions, and thus we
acquire a class embedding matrixRi ¸ ℝP�D. For each user
input text in train datasets, we compute the distance between
its representation ei and R. Next, according to distances
computed in the last step, we select top-K classes as the close
classes, which are the negative samples in stage two.

In stage two, the loss function requires some slight
adjustments. The text encoder generates a new vector rep-
resentation e¤

i for xi firstly. And the question encoder returns
the embedding vector r¤i for yi and embedding matrix ci ¸
ℝK�D for Ci. Thus the loss of this part is as follows:

Lstage2.e¤
i; r

¤
i; ci/ = * log.

exp.sim.e¤
i; r

¤
i/_�/

‡K
j=1 exp.sim.e¤

i; cij/_�/
/: (3)
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Table 2
Descriptive Statistics of all datasets.

Dataset # Train # Test # Class # Avg. x # Avg. y

Balance CB_balance 4369 384 347 13.57 10.69
COVID_Q(Wei, Huang, Vosoughi and Wei, 2020) 538 668 15 8.21 6.86

Imbalance
CB_imbalance 3258 474 70 10.34 8.98

TREC_large(Li and Roth, 2002) 2586 500 6 10.05 5.77
TREC_small(Li and Roth, 2002) 1951 500 50 10.15 6.42

Notes: Prefix Num indicates the total number of components, Avg is the average number of words.

Algorithm 1: ADMC
Input:

Text set: ^x1; x2; x3; :::; xi‘
Label set: ^y1; y2; y3; :::; yi‘
Hyperparameters: ^K‘

Output:
Matching label: ^ypred1 ; ypred2 ; :::; ypredi ‘
1: Initialize two text encoders for x and y
2: In stage one:
3: For each batch ^.xi; yi/‘Ni=1:
4: Get representations ^.ei; ri/‘Ni=15: Get in-batch loss following Eq.(1)
6: Finish training of stage one
7: Encoding the whole X and Y to get E and R
8: For each ei in E:
9: Compute distance with each rj in R
10: Determine the top-K semantic-close set Ci11: In stage two:
12: For each batch ^.xi; yi; Ci/‘Ni=113: Get representations ^.e¤

i; r
¤
i; ci/‘

N
i=113: Get in-batch loss following Eq.(3)

14: Finish training of stage two
15: End training
16: Encoding the whole X and Y to get E¤ and R¤

17:For each e¤
i in E¤:

18: Compute distance with each r¤j in R¤
i

19: Get ypredi with the highest similarity score

4. Experiments
4.1. Datasets

For a fair comparison and to test the robustness of
ADMC, we expand three existing public multi-class ques-
tion classification datasets to text2text format. At the same
time, two extra datasets have been collected to overcome the
shortage of experiment datasets. The summary of the five
datasets is presented in Table 2.

CB_balance and CB_imbalance are our collected real-
world datasets, which have been applied to train a bank’s in-
telligent customer system previously. CB_balance includes
a larger size of class space, and each has a similar number of
trainable instances. While CB_imbalance has fewer standard
questions and there is a class imbalance in it.

The three public datasets, i.e., COVID-Q, TREC_large,
and TREC_small, are all multi-class question classification

datasets, in which each class is rewritten to a short text
according to the meaning of the class. COVID-Q consists of
COVID-19 questions which have been annotated into broad
categories, such as transmission and prevention. TREC is a
question-type classification dataset with 6 classes for ques-
tions about a person, location, numeric information, etc. Due
to the two-layer hierarchy class architecture in TREC, we
split TREC into two subsets: TREC_small has the bottom
layer classes and TREC_large has the top layer classes.
4.2. Implementation Details

To extensively test and compare the robustness of ADMC
when different text encoders are utilized, our experiments on
ADMC are built based on three types of transformer-based
text encoders: MiniLM (Wang et al., 2020), MPNet (Song
et al., 2020), and SimCSE (Gao et al., 2021). We set up
two independent encoders, one for user inputs and one for
standard questions. The setting of average sentence length
is based on the longest sentences in the datasets and we
adopt the attention pooling layer after the output layer of
the encoder to get the overall representation of the sentence.
Except for the circumstance when the dropout is utilized as
the augmentation method, the token embedding matrix will
be outputted directly. The ratio of both feature cutoff and
dropout is set to 0.1, and the temperature t of the two-stage
loss function is both set to 0.1. The batch size is set to 64 in
stage one and 32 in stage two in all our experiments. For the
implementation of baselines, due to the specificity of TQC
tasks and their individual design in terms of architecture
and optimization goals, we remains their original designs
in our comparison experiments for fair comparison. Data
augmentation is employed in all imbalance datasets, and we
will further discuss the details of the choice of the distance
metrics and loss functions in subsequent sections.
4.3. Comparison Experiments and Evaluations
4.3.1. Baselines and evaluation metrics

To verify the superiority of our framework, we compare
our framework with several competitive baseline methods on
all five datasets. The six baseline frameworks implemented
in our experiments are as follows:

NC (i.e., Naïve Classification), a simple classification
model utilizing one text encoder without modeling label-
side textual information, with the cross-entropy loss as its
optimization goal.
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Table 3
Results of comparison experiments in CB_imbalance, CB_balance, TREC_small and TREC_large.

CB_imbalance CB_balance
Model acc_mean acc_std f1_mean f1_std acc_mean acc_std f1_mean f1_std

NC + MiniLM 65.11 0.57 37.71 0.50 60.68 0.56 51.22 0.64
HC + MiniLM 68.34 0.37 38.24 0.42 61.47 0.52 51.43 0.67

DSSM + MiniLM 84.50 0.32 72.21 0.43 80.29 0.64 68.89 0.89
ESIM + MiniLM 85.12 0.37 75.29 0.47 83.11 0.53 71.66 0.62

LSHRGMN + MiniLM 87.33 0.15 76.20 0.13 85.17 0.26 75.32 0.15
DC-Match + MiniLM 88.05 0.27 77.67 0.12 86.74 0.22 76.28 0.20
ADMC + MiniLM 89.75 0.23 79.37 0.15 88.75 0.19 79.14 0.24
NC + SimCSE 67.21 0.20 39.54 0.23 61.74 0.36 51.15 0.42
HC + SimCSE 69.50 0.31 39.27 0.28 63.52 0.32 52.73 0.54

DSSM + SimCSE 72.35 0.24 41.02 0.19 66.12 0.35 52.61 0.38
ESIM + SimCSE 74.52 0.40 42.39 0.28 68.31 0.50 53.03 0.23

LSHRGMN + SimCSE 77.52 0.11 42.51 0.10 69.05 0.09 53.57 0.11
DC-Match + SimCSE 79.38 0.11 44.58 0.22 69.33 0.15 53.17 0.16
ADMC + SimCSE 79.11 0.52 44.14 0.39 70.66 0.48 54.26 0.30
NC + MPNet 76.42 0.49 40.35 0.23 69.32 0.43 54.30 0.12
HC + MPNet 79.66 0.35 42.32 0.26 71.23 0.51 56.87 0.25

DSSM + MPNet 86.30 0.41 70.62 0.40 81.13 0.53 63.60 0.36
ESIM + MPNet 87.57 0.31 76.57 0.46 83.27 0.22 70.82 0.28

LSHRGMN + MPNet 89.01 0.15 78.39 0.23 85.37 0.18 76.19 0.28
DC-Match + MPNet 88.89 0.16 79.12 0.22 86.91 0.21 77.25 0.17
ADMC + MPNet 90.29 0.24 82.35 0.34 89.02 0.26 80.59 0.35

TREC_small TREC_large
Model acc_mean acc_std f1_mean f1_std acc_mean acc_std f1_mean f1_std

NC + MiniLM 77.01 0.39 61.13 0.38 82.23 0.29 75.37 0.42
HC + MiniLM 78.24 0.22 60.69 0.52 83.40 0.38 76.77 0.32

DSSM + MiniLM 85.4 0.37 78.09 0.46 93.23 0.21 91.20 0.34
ESIM + MiniLM 87.51 0.42 80.57 0.49 94.40 0.34 92.74 0.29

LSHRGMN + MiniLM 87.00 0.23 80.83 0.32 94.17 0.16 92.70 0.30
DC-Match + MiniLM 89.01 0.25 81.34 0.25 94.89 0.36 93.10 0.08
ADMC + MiniLM 88.60 0.36 82.01 0.25 95.21 0.36 93.67 0.24
NC + SimCSE 69.18 0.27 54.40 0.23 74.47 0.39 72.95 0.41
HC + SimCSE 72.01 0.21 55.67 0.29 76.25 0.30 75.31 0.44

DSSM + SimCSE 75.52 0.33 58.29 0.29 80.52 0.45 78.23 0.36
ESIM + SimCSE 76.23 0.21 60.12 0.32 82.59 0.22 79.19 0.39

LSHRGMN + SimCSE 76.19 0.23 61.73 0.30 83.91 0.31 80.29 0.38
DC-Match + SimCSE 77.63 0.38 62.44 0.32 85.23 0.25 81.22 0.18
ADMC + SimCSE 78.32 0.41 63.57 0.30 87.79 0.45 82.52 0.32
NC + MPNet 78.29 0.83 63.31 0.62 85.23 0.43 79.45 1.09
HC + MPNet 79.43 0.61 64.21 0.93 87.62 0.72 83.56 1.21

DSSM + MPNet 86.10 0.46 80.24 0.64 92.32 0.28 91.06 0.48
ESIM + MPNet 87.12 0.53 81.73 0.77 94.48 0.11 93.29 0.19

LSHRGMN + MPNet 88.59 0.41 82.58 0.29 94.91 0.21 93.65 0.11
DC-Match + MPNet 89.70 0.24 83.44 0.27 95.02 0.20 93.73 0.13
ADMC + MPNet 90.20 0.56 84.52 0.69 96.02 0.33 94.48 0.20

Notes: acc_mean and f1_mean indicate the mean value within ten-round tests, and acc_std and f1_std are the standard deviations. The
best results are bolded in black, and the underline marks the second best results.

HC (i.e., Hierarchy Classification), which outputs cat-
egory probability vector generated by the hierarchy softmax
method. It is another classical classification method.

DSSM (Huang, He, Gao, Deng, Acero and Heck, 2013)
(i.e., Deep Structured Semantic Model) uses deep neural
networks to represent text (ie. sentence, query, entity, etc.) as
a vector and applies it to an algorithm in textual similarity
matching scenarios. DSSM models have been widely used

in information retrieval, text sorting, question answering,
image description, and machine translation.

ESIM (Chen et al., 2016) is a typical interaction-based
matching method. The refined design of sequential inferen-
tial structures in ESIM is implemented by several attention-
based interactions, with local inference and global inference
being considered.
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LSHRGMN (Li, Wang, Liu, Niu, Wang, Zhao, Liao,
Yang and Liu, 2022) is a novel interaction-based text-
matching method, which designed a locality-sensitive hash-
ing relational graph. It used locality-sensitive hashing to
represent text as a graph and uses a graph convolutional
neural network to capture the semantic similarity between
texts.

DC-Match (Zou, Liu, Gui, Wang, Zhang, Tang, Li and
Wang, 2022) proposed a novel training strategy for semantic
matching of text, separating keywords from intent by means
of partitioning.

In this work, we select three popular text representation
encoders to measure the robustness and effectiveness of the
proposed ADMC. Text encoders in all baselines are replaced
by MiniLM, SimCSE, and MPNet for fair comparisons.

MiniLM (Wang et al., 2020) is a popular distill pre-
trained language encoder based on transformer (Vaswani,
Shazeer, Parmar, Uszkoreit, Jones, Gomez, Kaiser and Polo-
sukhin, 2017) structure. It distills the self-attention module
of the last Transformer layer of the teacher, and scaled dot-
product is used in the self-attention mechanism. As they
reported, 99% performance is retained compared to other
pre-trained language models (e.g., Devlin et al. (2018)).

SimCSE (Song et al., 2020) is a classical pre-trained
model with contrastive learning methods, which is used for
generating semantic embedding for sentences in an unsu-
pervised learning paradigm. It demonstrates that contrastive
learning can solve the problem of representation degradation
due to pre-trained embedding anisotropic.

MPNet (Gao et al., 2021), which is a popular transformer-
based pre-trained model and widely used. Compared to
(Devlin et al., 2018) and (Yang, Dai, Yang, Carbonell,
Salakhutdinov and Le, 2019), it successfully integrates
MLM and PLM pre-trained tasks into one task and achieves
better performance than previous pre-trained models in
downstream tasks.

We choose classification accuracy and f1 score as met-
rics of model performance. Specifically, the f1 score com-
bines the precision and recall of a classifier into a single
metric by taking their harmonic mean. To test the stability
of performance, we calculate the standard deviation on both
accuracy and f1 score based on the results from ten rounds
of the independent tests.
4.3.2. Performance comparison

Table 3 and 4 show that our proposed ADMC outper-
forms all baselines on our five datasets. We find that ADMC
always achieves better performance on most metrics (2.13%
on accuracy and 3.52% on f1 score average) compared to
DC-Match and LSHRGMN when utilizing MPNet as the text
encoder, which outperforms within baselines. We suppose
that is because of the limited number of informative key-
words in our datasets. For example, for the CB_imbalance
dataset we collected, scenarios and semantic information in
all texts concentrate on bank business. Therefore, most key-
words in texts are repetitive. It might lead to the performance

Table 4
Results of comparison experiments on COVID-Q.

Model acc_mean acc_std f1_mean f1_std
NC+MiniLM 53.50 0.88 47.13 0.57
HC+MiniLM 55.98 0.61 48.11 0.36

DSSM+MiniLM 61.21 0.52 54.69 0.32
ESIM+MiniLM 62.08 0.39 59.87 0.42

LSHRGMN+MiniLM 65.25 0.32 65.29 0.32
DC-Match+MiniLM 68.49 0.37 68.13 0.35

ADMC+MiniLM 73.14 0.40 71.51 0.26
NC+SimCSE 53.51 0.30 39.83 0.26
HC+SimCSE 53.42 0.27 40.10 0.33

DSSM+SimCSE 54.83 0.41 44.52 0.37
ESIM+SimCSE 55.31 0.30 47.01 0.28

LSHRGMN+SimCSE 55.79 0.32 48.75 0.34
DC-Match+SimCSE 56.88 0.27 51.02 0.40

ADMC+SimCSE 56.25 0.38 50.90 0.46
HC+MPNet 54.31 0.69 50.53 0.42
HC+MPNet 55.17 0.78 51.71 0.61

DSSM+MPNet 67.05 0.42 60.36 0.43
ESIM+MPNet 69.21 0.54 63.73 0.52

LSHRGMN+MPNet 71.33 0.27 68.25 0.39
DC-Match+MPNet 74.32 0.34 73.14 0.41

ADMC+MPNet 77.84 0.23 77.08 0.36

Notes: acc_mean and f1_mean indicate the mean value within ten-round tests, and
acc_std and f1_std are the standard deviations. The best results are bolded in

black, and the underline marks the second best results.

decline in LSHRGMN and DC-Match, which strongly rely
on keyword extraction.

Meanwhile, relatively steady standard deviation values
on five datasets of ADMC, 0.17 and 0.23 on accuracy and f1
respectively, illustrate that the multi-layer dynamic negative
sampling and contrastive loss utilized in AMDC are robust
in all datasets.

When we transfer the text encoder from MPNet to
MiniLM, which has fewer parameters, the performance
distribution does not change. Despite an overall decrease
of approximately 1.2% in all models, considering computa-
tional time and space-saving, as a stable performer as well,
MiniLM is worth considering when computing resources
are limited. Notably, when text encoders are replaced by
SimCSE (Gao et al., 2021), the performance of ADMC
significantly declines to a level close to HC + MPNet.
We suppose this is caused by the uniqueness of SimCSE’s
pre-trained tasks. Contrastive learning is easily used for
unsupervised learning semantic embedding of sentences
based on the corpus. The high dependency on pre-trained
corpus makes it harder to be transferred to other language
datasets or tasks.
4.3.3. Case study on distinguishing confusable classes

In this section, to explore the effectiveness of ADMC in
distinguishing confusable classes, we randomly sample one
user sentence as input and visualize the textual similarity
with all classes before and after training on five datasets.
Specifically, for each figure, the horizontal axis indicates the
total number of standard questions in Y , and the number
is the distinct index of each standard question. The vertical
axis indicates the semantic similarity score between each
standard question and the selected users’ input question.

As illustrated in Figure 3, before training, there are
always several confusable classes that show high and close
similarity with the input sentence. In some datasets, the point
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Figure 3: Visualization of the results. The horizontal axis is the id of classes, and the vertical axis is the textual similarity of the
sampled input sentences to each class.

of the ground truth class is even far lower than other con-
fusable classes. After training with ADMC, the new textual
similarity curve shows that there is only one significant point
and the ground truth’s value gains a notable promotion. The
value of other classes is obviously declined to a safe level. In
summary, visualized results show that our proposed ADMC
framework is effective in distinguishing confusable classes.
4.4. Ablation studies and Discussion
4.4.1. Effect of the dynamic negative sampling

We compare the proposed framework ADMC with an-
other variant to verify the effectiveness of dynamic nega-
tive sampling. The experimental variant AC indicates the
framework without stage two. In other words, such a variant
directly makes predictions based on stage one training. Note

Table 5
Comparison of variant AC on five datasets.

Dataset Model acc_mean acc_std f1_mean f1_std

CB_imbalance AC 88.3 0.48 79.66 0.44
ADMC 90.29 0.54 81.21 0.74

CB_balance AC 85.73 0.32 76.05 0.41
ADMC 89.02 0.66 80.59 0.6

TREC_small AC 87.15 0.41 80.52 0.59
ADMC 90.2 0.56 84.52 0.69

TREC_large AC 93.23 0.21 92.45 0.28
ADMC 96.02 0.35 94.48 0.2

COVID-Q AC 75.9 0.12 74.46 0.33
ADMC 77.84 0.23 77.08 0.36

Notes: All models utilize MPNet for text. The best results in each dataset are bolded
in black.

that text encoders of all models are MPNet in this experi-
ment.
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Figure 4: Results of all combinations of distance metrics and loss functions on five datasets. Each point indicates one combination,
and its size is controlled by the relative total number of rounds required for training. Note that text encoders in this experiment
are always MiniLM.

From Table 5, the superior results of ADMC illustrate
that the dynamic negative sampling component is necessary.
Compared to ADMC, the performance of AC is significantly
lower, with an average difference of 2.52% in accuracy and
3.46% in f1 score.
4.4.2. Effect of the distance metric and loss function

We also investigate the effects of different varied loss
functions or distance metrics. To prove ADMC owns the best
combination, we compare two candidate options of the loss
function and distance metrics in ADMC.

The Bayesian Personalized Ranking (BPR) loss (Rendle,
Freudenthaler, Gantner and Schmidt-Thieme, 2012) and the
Hinger loss (Cortes and Vapnik, 1995), are two popular pair-
wise loss functions for textual semantic similarity matching
in previous research. The BPR loss is initially used in the
recommender system to ensure the positive pair has a higher
score. And Hinger loss also performed well on most ranking
tasks. We test both two types of loss in this task.

Lbpr.ei; r/ = * 1
N

N
É

j=1
1[j�i] log.sim.ei; ri/*sim.ei; rj//; (4)

Lh.ei; r/ =
N

É

j=1
1[j�i] max.0; m*sim.ei; ri/+sim.ei; rj//: (5)

, where ei, r, and sim.</ are as mentioned in above sections.
m in Eq.(5) is a hyperparameter indicating the margin be-
tween positive and negative pairs.

To investigate the best option for distance metrics be-
tween sentence representations, we explore and compare
three distance metrics: cosine similarity, inner product, and
multi-layer perceptron (MLP) (Gardner and Dorling, 1998).
Notably, because MLP theoretically has the capacity to fit
any function, we consider utilizing a two-layer MLP to learn
the best distance metric. This method has been widely used
in text matching (Huang et al., 2013). In our visualized
results, we used ‘inner’ to represent the inner product and
‘mlp’ for the two-layer neural network.

Figure 4 shows the performance distribution of test com-
binations based on our proposed comprehensive model with
the ADMC strategy with different loss computing ways and
distance metrics. It can be observed that NT-Xent plus cosine
similarity, the combination we utilize in ADMC, reaches
the best overall performance. Results also indicate the effec-
tiveness of the ADMC design. At the same time, NT-Xent
plus cosine similarity required a relatively small number of
training rounds, which can benefit real-world applications.

However, combinations with the inner product perform
the worst among the distance metrics, indicating that the
inner product may not be suitable for TQC task. Besides, al-
though combinations of mlp result in relatively close scores
to the best combination (i.e., NT-Xent plus cosine similar-
ity), it requires more rounds to converge because of its extra
parameters. It seems that using mlp to learn the distance
metric actively is effective but less efficient. Finally, we
also notice that the combination options with either BPR
or Hinger loss has similar performance in this task and
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Table 6
Comparison of varied data augmentation options on three
imbalanced datasets.

Dataset Option acc_mean acc_std f1_mean f1_std

CB_imbalance NA 87.38 0.13 76.59 0.21
DP 88.21 0.20 78.92 0.19
CO 89.52 0.14 80.13 0.18
PA 89.12 0.31 81.52 0.29
BT 90.29 0.24 82.35 0.34

TREC_large NA 93.57 0.18 87.36 0.20
DP 95.07 0.15 90.79 0.17
CO 94.17 0.13 90.20 0.19
PA 96.02 0.29 94.48 0.21
BT 95.53 0.23 92.23 0.28

TREC_small NA 86.60 0.25 82.71 0.22
DP 88.21 0.30 84.24 0.29
CO 87.67 0.29 83.75 0.16
PA 89.02 0.59 84.10 0.39
BT 90.20 0.56 84.52 0.69

Notes: All models utilize MPNet for text. The second column illustrates five options
for the data augmentation component. NA indicates no data augmentation methods

used; DP is Dropout; CO is Cutoff; PA is Paraphrasing; and BT indicates Back
Translation. The best results in each dataset are bolded in black.

are insensitive to the distance metrics. In other words, they
might be interchangeable in some scenarios.
4.4.3. Effect of the data augmentation

In this section, we explore the effectiveness of the data
augmentation component in ADMC and the comparison
between five optional augmentation methods on three im-
balanced datasets. Results are presented in Table 6.

Seeing from Table 6, firstly we can see that the model
without data augmentation always has the worst perfor-
mance. It illustrates the necessity of data augmentation when
doing experiments on an imbalanced dataset. In addition,
compared to implicit augmentation methods (i.e., Dropout,
Cutoff), the best performances are always given by the
model with explicit augmentation methods (i.e., Paraphras-
ing, Back Translation). Specifically, the model with back
translation achieves the best performance in TREC_small
and CB_imbalance, and the model with paraphrasing owns
the highest score in TREC_large. However, observing from
the results, explicit methods seem to introduce more vari-
ance than implicit ways. We suppose it is caused by the
introduction of another model for generating paraphrasing
sentences or translations. Thus, information loss and bias
increase during training inevitably.

5. Conclusion
In this paper, we introduce a novel and comprehensive

Augmented Dynamic Multi-layer Contrastive strategy to
resolve text2text question classification. Multiple data aug-
mentation methods have been utilized to overcome the issue
of possible data imbalance. Multi-layer contrastive learning
increases classification performance by differentiating con-
fusable classes. To test the framework, we adopt two datasets
from real-world application scenarios and expanded three
existing publicly available datasets through data augmenta-
tion. The results show that our fine-tuned ADMC framework
has resulted in significantly better performance compared
to baselines on all five datasets. Especially, the dynamic

negative sampling stage has made two text encoders more
powerful in distinguishing confusable classes by generating
informative representations. Experiments on augmentation
methods, loss function, and distance metrics have also vali-
dated the robustness and flexibility of our proposed ADMC
framework. Besides, an ablation test of the data augmen-
tation component proves its effectiveness. And a detailed
comparison of four popular augmentation methods is done
and their own effects on the TQC task are discussed. In
the future, an end-to-end contrastive framework on TQC is
worth to be further explored.
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