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Abstract

This paper presents Semi-Bert which combined semi-
supervised learning and pre-trained language models. We use
Semi-Bert in chat Q&A matching to help many companies
judge whether the service provider provides the correct an-
swer to the customer. Semi-Bert consists of two parts: su-
pervised learning and unsupervised learning. The supervised
learning part mainly fine-tunes Bert to adapt to downstream
tasks. The unsupervised learning part mainly improves the
robustness of the model and makes the Bert perceive the data
distribution of the unlabeled data to improve the generaliza-
tion ability of the Semi-Bert. We also use data augmentation
to generate a large amount of data for unsupervised learning.
The final loss of our model is the sum of the cross-entropy
loss of supervised learning and the consistency loss of un-
supervised learning. Our experiments show that our model
achieves inspiring performance on the dataset of the Real Es-
tate Industry Chat Quiz Matching Competition in DataFoun-
tain.

Introduction
Many companies will assign a service provider, such as real
estate agent and insurance account manager, to answer cus-
tomer questions to better serve customers. With the rapid
development of the Internet, Instant Messaging (IM) has be-
come the most popular communication method on the Inter-
net. At present, most service providers and customers com-
municate on the IM APP. IM communication is a neces-
sary link for both parties to build trust. Customers need to
frequently ask the server many questions in this scenario,
and it is very important whether the server provides the cus-
tomer with a good feeling and professional service. There-
fore, there is a crucial issue how to judge whether the ser-
vice provider has answered the customer’s question, so we
developed a chat Q&A matching system to solve this prob-
lem. Unlike common Q&A systems, our system does not an-
swer customer questions, but judges whether the questions
answered by the server are the questions asked by the cus-
tomer. So our task can be regarded as a classification task, in
other words, whether the answer answers the question.

Due to the rapid development of deep learning, previ-
ous works is based on neural network modeling of sentence
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pairs through supervised learning. Kalchbrenner, Grefen-
stette, and Blunsom (2014) describe a convolutional archi-
tecture dubbed the Dynamic Convolutional Neural Network
(DCNN) that they adopt for the semantic modelling of sen-
tences. Liu et al. (2015) propose a multi-timescale long
short-term memory (MT-LSTM) neural network to model
sentences. Yin et al. (2016) presents a general Attention
Based Convolutional Neural Network (ABCNN) for model-
ing a pair of sentences. Recently, the pre-trained language
model, such as Bert(Devlin et al. 2018) and RoBerta(Liu
et al. 2019), achieved state-of-the-art results in most NLP
tasks, the method based on the pre-trained language model
has also been applied to Q&A matching and has achieved
significant performance. However, the Q&A matching task
of chat in IM apps is different from other Q&A matching
tasks. The contents of chat in IM apps are random and frag-
mented. Questions and answers are composed of irregular
and informal sentences, and the text length is short, so the
previous method can’t solve this problem well. therefore,
we combined semi-supervised learning and pre-trained lan-
guage models to solve this problem.

Related work
Pre-training models Pre-training models and fine-tuning
methods have achieved great success in NLP applications in
recent years, and have been applied to various NLP tasks. As
we all know, Bert model is a language representation model
released by Google in October 2018, and Bert has swept
the optimal results of 11 tasks in the field of NLP, which
is arguably the most important breakthrough in NLP nowa-
days. Bert model is a model obtained by training Masked
Language Model and predicting the next sentence task. Our
task is to automatically detect whether a question answer
matches, which is a text classification problem. Consider-
ing the excellent performance of BERT on NLP tasks, we
choose BERT as our baseline.

Semi-supervised learning of text data Supervised learn-
ing often requires a large amount of labeled data, and the
cost of labeled data is relatively high, so it is of great im-
portance how to use a large amount of unlabeled data to im-
prove the effect of supervised learning. This way of learn-
ing using small amount of labeled data and large amount of
unlabeled data is called Semi-Supervised Learning (SSL).
Semi-supervised learning has received a lot of attention in



the field of NLP because unlabeled data is often rich com-
pared to labeled data. Lee (2013) predicts the unlabeled data
by the network, and then sharpen the predictions to obtains
pseudo-labels. Xie et al. (2019) proposes a data augmenta-
tion method based on unsupervised data, UDA (Unsuper-
vised Data Augmentation). The UDA method generates un-
supervised data that is consistent with the original unsuper-
vised data in terms of distribution.

Text data augmentation Since the training data is insuf-
ficient, we choose to use data augmentation methods to ex-
pand the dataset. Data augmentation methods in the field of
deep learning vision can largely improve the performance of
the model and reduce the data dependency, while doing data
augmentation on NLP is not as convenient as on images,
but there are still some methods. Unlike data augmentation
using images in computer vision, text data augmentation in
NLP is very rare. This is because some simple operations on
an image, such as rotating it or converting it to grayscale, do
not change its semantics. The presence of semantic invari-
ant transformations makes augmentation an important tool
in computer vision research. Wei and Zou (2019) expands
text data using synonym replacement, random insertion, ran-
dom swapping, and random deletion. In many previous stud-
ies on data augmentation for supervised or semi-supervised
learning, the data augmentation method of reverse transla-
tion has been used. Reverse translation not only increases
linguistic diversity but also preserves the semantic informa-
tion of the sentences, which greatly improves the robustness
of the model.

Methodology
In this part, we first describe our architecture, and then in-
troduce each key part of the model in detail.Our Semi-Bert
is shown Figure 1.

Figure 1: Semi-Bert consists of two parts: (1)Supervised learning
(A); (2)Unsupervised learning(B); parameters are shared by three
M modules in the middle. The blue line indicates shared parameters
without gradient return, and the red line indicates those parameters
whose gradients can be returned.

Semi-Bert consists of two parts: 1.Supervised learning
(A); 2.Unsupervised learning(B). Supervised learning is re-
sponsible for slightly adjusting Bert to adapt it to down-
stream tasks.Unsupervised learning is responsible for: (1)

improving the robustness of the model, (2) making the Bert
perceive the distribution of unlabeled dataset, thereby im-
proving the generalization ability.The loss of the final model
is the sum of the cross-entropy loss of supervised learning
and unsupervised consistency loss.

Supervised Learning (A)
This part is mainly composed of input layer, Bert layer, fea-
ture extraction layer and output layer. Input layer:We
follow the design of Bert’s input layer and stitch a ques-
tion and its corresponding answer into a sentence pair form,
[cls]question[sep]answer1[sep]. We add the word embed-
ding, segment embeding and position embedding, then input
it into the Bert. As shown Figure 2.

Figure 2: Input layer

Bert layer: The Bert model is our backbone. The standard
Bert released by Google we use is mainly used to encode
sentence pairs in the input layer to obtain context-sensitive
hidden layers’ representations.

Feature extraction layer: This layer extracts a feature
from the 12 hidden layers representations generated by the
Bert. We mainly selected two features: pooling features and
CNN features.(1)For the pooling feature, we first average
pool the output of the 12 hidden layers generated by Bert,
then maximize the pooling of the 12 average pooling re-
sults. Maximum level will be used to extract the useful fea-
tures of each layer.(2)According to Jawahar, Sagot, and Sed-
dah (2019), we know that each hidden layer’s output in the
Bert model contains different language information, some
contain superficial language information, and some contain
deep grammatical and semantic information. We select the
7, 9, and 12 layers which contain grammatical and semantic
information that are most helpful for text classification for
CNN feature extraction. Specifically, we first sum the 7, 9,
and 12 layers, and then perform CNN operations to extract
CNN features. (3)Finally, we spliced the two features into
the output layer.The whole process is shown in the Figure 3.

Output layer: Output layer is a full link layer plus a soft-
max layer, and finally get the final classification probabil-
ity.We use cross-entropy loss function in supervised learn-
ing.

Unsupervised Learning (B)
In the design of the unsupervised learning, we followed Xie
et al. (2019), this module is composed of three parts: input
layer, reverse translation data enhancement layer and
Bert model.

The design of the input layer is the same as the input
layer of the supervised learning. The only difference is their



Figure 3: Feature extraction layer

data source. One is unsupervised data without labels, and the
other is supervised data with labels.

We take a batch sample from the unsupervised dataset
each time, and send these samples to the reverse-translated
data enhancement model to obtain a batch enhancement
sample, and then pass the original source and the enhanced
sample into the Bert model separately , And then sharpen
its output by controlling the temperature of the source sam-
ple output layer softmax, and finally calculate the KL diver-
gence of the source sample and the enhanced sample output
as the consistency loss function.

It should be noted that the M module in the unsupervised
module is a copy of M module in the supervised learning.
And in the unsupervised learning, M on the left does not per-
form the back propagation of the gradient, and the gradient
of the unsupervised loss function can only be passed back
from M on the right.The detailed diagram of the calculation
process of this module is as Figure 4.

Figure 4: Unsupervised Learning module:M̂ indicates that the
model does not back-propagate the gradient.The final loss: the sum
of the supervised learning loss and the unsupervised loss.

Data enhancement
We use reverse translation and random perturbation oper-
ations for data enhancement. This method has been used
in many previous studies on data enhancement of super-
vised learning or semi-supervised learning. Reverse trans-
lation can not only increase the linguistic diversity but also
retain the semantic information of the sentence, which can
greatly improve the robustness of the model.

In order to increase the diversity of languages, we fol-
lowed Wei and Zou (2019), before reverse translation of the
sentence, a series of disturbance operations are performed
on the sentence, including: unified word replacement, ran-
dom Insert and random swap. However, we did not perform
random deletion. The main reason is that random deletion
may make a big change in the semantics of the sentence.

Optimization Strategy
Based on intuition and previous pre-trained models(Sun
et al. 2019; Howard and Ruder 2018). The lower layer of the
Bert model contains more general semantic information, so
we hope that the lower layer has a small learning rate when
fine-tuning. Therefore, we use a layer-by-layer decreasing
learning rate and parameter freezing method to ensure that
the Bert model will not be catastrophically forgotten during
fine-tuning. Specifically, we freeze the entire Bert model at
the beginning of the model iteration training, and as the iter-
ation increases, we gradually unfreeze the Bert model from
top to bottom. At the same time, we use the following for-
mula to set the learning rate of different layers of Bert(1):

ζk−1 = γζk (1)
Where ζ represents the learning rate of the k-1th layer,

krepresents the learning rate of the kth layer, and γ is a co-
efficient less than or equal to 1

We all know that in the early stage of training, the model
usually perform unstably. At this time, the gradient will
fluctuate relatively large, causing parameters to oscillate vi-
olently. This is very unfavorable for our fine-tuned pre-
training model, and may even cause the forgetful disaster
of our pre-trained model. In order to solve this problem, we
use the oblique triangle learning rate. In the early stage of
model training, we use a lower learning rate. As the num-
ber of model iterations increases and the model performance
improves, we gradually increase the learning rate. In the
later stage of training, in order to ensure the model stabil-
ity We gradually reduce the learning rate of convergence.
This changing learning rate is like the oblique triangle in the
Figure 5.

Figure 5: Slanted triangular learning rates



Experiments
Dataset
We used the dataset of the Real Estate Industry Chat Quiz
Matching Competition in DataFountain to verify our model.
Each piece of data in the dataset includes three fields: ques-
tion field, answer field and label field. The statistics of the
dataset are as shown Figure 6.

Figure 6: The left half of the figure describes the number of sam-
ples in the dataset, which are the total number of samples in the
data, the number of samples in the training set, and the number of
samples in the validation set. The figure on the right shows the sta-
tistical information of the sample length in the dataset.

From the figure, it can be seen that 98% of the sample
lengths are less than 50, so we set the longest sample length
to 90 to cover more long samples.We use the training set
as the dataset for supervised learning, and we remove the
labels from the entire sample set as the data for unsupervised
learning.

Data Augmentation
We take use of a Google translation crawler to achieve our
reverse translation. We first perform random synonym re-
placement, random insertion and random exchange opera-
tions from the source Chinese sentence, and then translate it
into English and then translate English back to Chinese.

We perform this data enhancement process on the entire
dataset, so that more than 20,000 samples will be expanded
to more than 40,000 samples. Then we use the training set
and its corresponding enhancement samples as the training
set to achieve supervised data enhancement. We remove the
labels of the entire sample set and the enhanced samples of
the entire sample set as unsupervised training data.

Parameter setting
We use the BERT-base model with 12 layers and a hidden
layer dimension of 769; the dropout rate used throughout
the model training process remains unchanged at 0.1. Using
the adam optimizer where β 1=0.9 and β 1=0.999, the basic
learning rate is 2×10-5; the warm-up probability is 0.1; and
the maximum sentence length we use is 90.For the convo-
lutional layer, we use three filters, and the window size of
each filter is 2, 3, 4. The filter depth is 256.In the final stage
of training, we replaced the Bert model with the Roberta-
large model to obtain high accuracy. Our test results are as
shown Figure 7.

Figure 7: Where Feature represents the feature extraction module,
Augmentation represents the data enhancement module, and Smi
represents the unsupervised learning module on the left.

In order to further verify the effectiveness of unsupervised
learning, we exchange the training set with the verification
set, that is, use 30% of the data for training and 70% of the
data for testing. The test results are as shown Figure 8.

Figure 8: The effectiveness of unsupervised learning

Conclusion
In this paper, we propose a new Smi-Bert model, which is
a semi-supervised model composed of a supervised learning
module and an unsupervised learning module. We mainly
use the Smi-Bert model to solve the question and an-
swer matching problem in the real estate industry. Our ex-
periments further verified: (1) The pre-training model can
greatly improve the performance of downstream tasks; (2)
The information contained in each layer of the pre-training
model(Bert) is different, and some layers are very helpful
for classification tasks. (3) Fine-tuning strategies such as
Slanted triangular learning rates and Discriminative fine-
tunin can further improve model performance and can ef-
fectively avoid forgetting disasters; (4) Unsupervised con-
sistency training can help the model in unlabeled datasets
to further improve the model performance, and the per-
formance improvement is more obvious when the amount
of training data is very small. (5) The data enhancement
method of reverse translation and random disturbance can
effectively expand the dataset to improve the performance
and robustness of the model.
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