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Abstract

In natural language processing (NLP), state-
of-the-art (SOTA) semi-supervised learning
(SSL) frameworks have shown great perfor-
mance on deep pre-trained language models
such as BERT, and are expected to signifi-
cantly reduce the demand for manual label-
ing. However, our empirical studies indi-
cate that these frameworks are not suitable for
lightweight models such as TextCNN, LSTM
and etc. In this work, we develop a new SSL
framework called FLiText, which stands for
Faster and Lighter semi-supervised Text clas-
sification. FLiText introduces an inspirer net-
work together with the consistency regulariza-
tion framework, which leverages a generalized
regular constraint on the lightweight models
for efficient SSL. As a result, FLiText obtains
new SOTA performance for lightweight mod-
els across multiple SSL. benchmarks on text
classification. Compared with existing SOTA
SSL methods on TextCNN, FLiText improves
the accuracy of lightweight model TextCNN
from 51.00% to 90.49% on IMDb, 39.8% to
58.06% on Yelp-5, and from 55.3% to 65.08%
on Yahoo. In addition, compared with the fully
supervised method on the full dataset, FLi-
Text just uses less than 1% of labeled data to
improve the accuracy by 6.59%, 3.94%, and
3.22% on the datasets of IMDb, Yelp-5, and
Yahoo respectively.

1 Introduction

Developments in deep learning technology have
great breakthroughs in most natural language pro-
cessing (NLP) tasks, such as machine transla-
tion, sentiment analysis, and reading comprehen-
sion. (Devlin et al., 2019; Yang et al., 2019; Li
et al., 2020; Ji et al., 2020; Zhong et al., 2020;
Tao et al., 2019; Zhang et al., 2019; Wang et al.,
2019; Tian et al., 2020a,b) The success of these
advancements is highly dependent on large-scale
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and high-quality manual labeled data. However,
obtaining vast amounts of high-quality labeled data
is expensive. Especially in certain fields, such as fi-
nance, medicine, law, and so on, text labeling relies
on the in-depth participation of field experts. The
rapid development of SSL technology is expected
to significantly reduce the demand for labeled data.
The core goal of this technology is to use a small
number of labeled data and vast amounts of unla-
beled data to train a model with good generaliza-
tion performance to solve machine-learning prob-
lems. (Lee, 2013; Laine and Aila, 2016; Miyato
et al., 2018; Tarvainen and Valpola, 2017; Berth-
elot et al., 2019b; Xie et al., 2020; Sohn et al.,
2020; Berthelot et al., 2019a) Unsupervised data
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Figure 1: Comparison of the scale of parameters be-
tween FLiText and pre-trained language models in re-
cent years.

augmentation (UDA) (Xie et al., 2020) and Mix-
Text (Chen et al., 2020) are SOTA SSL methods for
text classification, and have been used to various
tasks with notable success. In NLP, applying the
SSL framework to deep pre-trained language mod-
els (e.g., BERT, GPT, and XLNet) has been demon-
strated effective. However, the good performance
of these SSL methods depends on a bulky “large
model”. In most practical situations, due to the
large-scale parameters and slow inference speed,
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it is difficult to implement these models with lim-
ited resources, such as mobile devices (Sun et al.),
online search engines (Lu et al., 2020), and edge
platforms (Tambe et al., 2020). An intuitive idea
to address the problem is to apply the SSL method
on a small model, such as TextCNN, of which the
parameter scale is about one or two orders of mag-
nitude lower than that of BERT, as shown in Figure
1. However, many applications show that the ex-
isting SOTA SSL framework performs poorly on
lightweight models. Furthermore, there is a lack of
relevant research on the implementation of SSL on
lightweight models.

This paper develops an SSL framework on
lightweight models, for faster and lighter semi-
supervised text classification (FLiText). We use
a deep pre-trained inspirer network to learn the
distribution relationship and the task-specific fea-
tures of the data. Next, the inspirer network pro-
vides two types of regularization constraints on a
lightweight model. The intuitive explanation is as
follows: “Teachers not only teach results but also
teach experiences in the learning process so that
students can learn more effectively.” To evaluate
FLiText, we compare FLiText and SOTA methods
on three benchmark text classification datasets. We
also conduct an ablation study to verify the perfor-
mance of each part of FLiText. The results show
that FLiText can significantly improve the infer-
ence speed while maintaining or exceeding SOTA
performance. Compared with UDA on TextCNN,
FLiText improves the accuracy from 51.00% to
90.32% on the IMDb dataset, from 39.80% to
58.06% on the Yelp-5 dataset, and from 55.30%
to 65.08% on the Yahoo dataset. Compared with
the supervised learning on complete datasets, the
performance is improved by 6.28%, 4.08%, and
3.81% on the three datasets respectively, by just
using less than 1% labeled data. Our contributions
can be summarized as follows:

* To our best of knowledge, in NLP, FLi-
Text is the first SSL framework proposed for
lightweight models, which can achieve new
SOTA SSL performance on multiple datasets.

* We experimentally demonstrate that FLi-
Text using less than 1% labeled data outper-
forms the supervised method using complete
datasets on a lightweight model.

* We propose a new semi-supervised distillation
method for knowledge distilling from BERT

to TextCNN, which outperforms output-based
knowledge distillation (KD) significantly.

* We experimentally demonstrate introduc-
ing a consistent regularization framework
in KD improves the performance of the
student model. Our source code can be
obtained from: https://github.com/
valuesimplex/FLiText.

2 Related Work

Semi-Supervised Learning: (Lee, 2013) uses
the pseudo labels and the unlabeled data for su-
pervised learning. (Rasmus et al., 2015) obtains
the learning signal by autoencoder. (Laine and
Aila, 2016) calculates the mean square error be-
tween the prediction of the current model and the
average of the historical prediction to construct
the consistency regularization. (Miyato et al.,
2018) adopts the method of adversarial learning
to generate noise. (Berthelot et al., 2019b) uses
the average of the prediction of K types of data
augmentation on unlabeled data to achieve con-
sistency regularization. (Berthelot et al., 2019a)
aligns the predicted distribution with the ground-
truth distribution. UDA (Xie et al., 2020) achieves
consistency regularization on unlabeled data after
back translation and tf-idf representation. (Chen
et al., 2020) proposes “TMix’’ data augmentation.
(Ren et al., 2020) adds weights for each unlabeled
sample. However, these SOTA methods all rely on
the deep pre-trained language model such as BERT,
and so far no research on the SSL on lightweight
models has been shown.

Knowledge Distillation:  (Hinton et al., 2015)
uses student model to mimic teacher’s prediction
by soft target. (Tang et al., 2019) distills BERT
into a single layer of BILSTM. For the first time,
the knowledge of the Transformer-based model
was distilled into the non Transformer-based model.
(Sun et al., 2019) extracts knowledge from the in-
termediate layer of the BERT; (Sanh et al., 2019)
distills knowledge during the model’s pre-trained
stage; (Jiao et al., 2020) combines the above
various methods and propose a two-stage distil-
lation method. Although all of these methods have
achieved excellent results, the transformer has the
problem of a huge amount of parameters and high
computational complexity.
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3 Method

3.1 Framework

As shown in Figure 2, the biggest difference be-
tween FLiText and the previous SSL model is the
introduction of an inspirer network outside the
lightweight target network. The inspirer network
utilizes consistency regularization and data aug-
mentation technology to sufficiently mine infor-
mation and features from the unlabeled data and
limited labeled data. Then it provides a regularized
constraint on two levels (i.e., output and hidden
spaces) to lead the lightweight target network to
realize efficient SSL using only a few labeled data.
The entire framework comes from two types of in-
sights. First, (Ba and Caruana, 2014) mentions
that training a lightweight model based on the out-
put of a larger model would be better than on the
original data. Additionally, the general approxima-
tion theorem (Nguyen et al., 2016) identifies that
most functional spaces contained in lightweight
models could cover the target function required by
the downstream task. Therefore, as a supplement
to the current optimizer, the inspirer network can
provide a well-qualified regularized constraint for
the training of the lightweight model.

We define X = (z;,v:),7 € (1,...,n) as the la-
beled dataset, U = (u;),j € (1,...,m) as the un-
labeled dataset, where n is the number of labeled
samples, m is the number of unlabeled samples.

3.1.1 Inspirer Network

The inspirer network comprises three parts: text
encoder, text classifier, and feature projection.
The text encoder is a pre-trained language model
stacked with multiple transformer structures, such
as BERT. Given an input sentence x;, we can ob-
tain a representation of the feature vector of “[CLS]”
from BERT, where h; € R¢

h; = BERT(;) (1)

where d is the dimension of hidden vector.

We use h; and a two-layer multi-layer percep-
tron (MLP) to construct the text classifier and fine-
tuning the downstream classification task. We de-

note the result obtained by the MLP as zi(T):

" = MLP(h;) )

To align the dimensions of BERT and TextCNN,
we feed hidden state into the feature projection,

Ig(-), which compose of a single MLP and a non-
linear activation function. The output can be de-
noted as I f!, where | € L represents the number
of transformer layers.

Ig(-) = Tanh(MLP(-)) 3)

Ifl = Ig(Transformer(z;)) 4)
3.1.2 Target Network

The target network comprises a text encoder, a
text classifier, and a feature projection. We use
TextCNN (Kim, 2014) as the text encoder.

Because of its lightweight and parallelism, it has
been broadly applied to all types of text-treatment
systems (Tao et al., 2019; Zhang et al., 2019; Wang
et al., 2019; Tian et al., 2020a,b). Given an input
sentence z;, we use TextCNN to extract its infor-
mation and the max-pooling operation to obtain its
vector representation, ¢; € R?

¢i = MaxPool(CNN(z;)) 5)

where d represents the dimension of hidden vector
output by TextCNN.

We use ¢; and an MLP to construct a text classi-
fier for the downstream text classification task. We
denote the result obtained by the MLP as zi(s)

2 = MLP(c;) (6)

The structure of the feature projection is the
same as that of the inspirer. The difference is that
we use the feature map to replace the output of the
transformer layer in the inspirer:

Tg(-) = Tanh(MLP(.)) )

Tt} =Tg(CNN(x;)) (8)

Tg(-) is the feature projection of the target network,
and T fik is the projection representations of thy,
CNN filter.

3.2 Two-stage Learning

FLiText consists of two training stages: Inspirer
pre-training and Target network training. In the
first stage, we introduce a variety of advanced
semi-supervised ideas to complete the inspirer’s
training at downstream tasks. During the second
stage, FLiText maintains the inspirer’s parameters
unchanged and guides the training of the target net-
work in the downstream tasks via multi-level reg-
ular constraints provided by the inspirer network,
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Figure 2: The architecture of FLiText. EN-SUP is labeled data of which the language is English; The red and green
circles denote the different category of the text; EN-UNSU is unlabeled data of which the language is English and
FR-UNSUP is noise version of the unlabeled data of which the language is French; FD represents the feature-based
distillation loss designed by FLiText; OD represents the output-based distillation loss.

ultimately achieving efficient semi-supervised dis-
tillation learning. By means of the two-stage train-
ing operation, FLiText finally completes the SSL
on the lightweight target network.

3.2.1 Inspirer Network Training

The training method is inspired by a consistency
regularization framework. The loss function con-
sists of two parts: the cross-entropy loss applied to
labeled data and the consistent regularization loss
on the unlabeled data. Similar to (Xie et al., 2020),
to restrain over-fitting, we also use training-signal
annealing technology to balance the participation
of labeled data in the training process. Given un-
labeled data wu; and its noise version a; € X%, we
calculate the inspirer training loss:

Log =Y Y y,log(p(x:,6))) ©)
1EN ceC
L™ = Lop + KL(p(us, 0), p(as, 0))  (10)

where the superscript v is the unlabeled data identi-
fier, a is the noise data identifier, (7") is the inspirer
identifier, N is the number of labeled samples, and
C'is the total number of labeled categories. p(-)
is the predicted probability distribution produced

by the model for input = and parameter 6. Lo is
the standard cross-entropy loss applied to labeled
samples and L(7) is the objective function of the
inspirer. Other symbols are the same as before.

3.2.2 Target Network Distillation

In FLiText, we use two types of distillation meth-
ods together with the consistency regularization
framework to complete the guidance of the inspirer
network to the target network, by applying a regu-
larized constraint to the objective function of the
target network.

Output-based Distillation. Like (Mukherjee
and Hassan Awadallah, 2020) , we also use hard
label or soft label for output-based KD method:

2
Looge = |27 —4”“2 (1)
yl = argmaz(p(x;,0))  (12)
Lhara = CE(p(z:,0) 9, 5")  (13)
where yfT) is the predicted label.
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Feature-based Distillation. Due to the output-
based KD method does not account for the inter-
mediate learning process, we next introduce an-
other KD method: feature-based KD. (Jawahar
et al., 2019) shows that BERT can capture surface,
syntactic and semantic representations from low-
level layer to high-level layer. Inspired by this,
considering that the text features extracted by the
CNN filters with different sizes are different, FLi-
Text assumes that the linguistic level of features
captured by the CNN filters increases with their
size. For example, a convolution having a window
size of 4 is mainly focus on word-level features,
whereas filters having a window size of 15 can cap-
ture semantic-level features. As shown in Figure
3, the proposed hidden-space feature-based distilla-
tion scheme can achieve knowledge transfer from
BERT to TextCNN. In this scheme, we align the
small-size filters with the lower layers of the BERT
and the large-size ones with the higher layers. This
is equivalent to imposing an a priori constraint on
TextCNN. Namely, small filters are required to cap-
ture word-level features, medium filters capture
syntactic features, and large ones capture semantic
features. We use the feature projection to match the

ADD&Norm

ADD&Norm
CNN

Figure 3: Architecture of Feature Distillation.

transformer’s hidden states and feature maps. We
complete the knowledge extraction by minimizing
the mean-squared error between the two feature
projections, which is recorded as the feature distil-
lation loss, Lfeature_distill-

Lfeature_distill = MSE(Ilea szk) (14)

Consistency Regularization. Owing to the dif-
ferences in the parameter space and the network
structure between the target and inspirer networks,
there is a problem of knowledge loss during the
learning process. If only the KD methods are
adopted, the target network would not be able to
learn some of the functional characteristics of the
inspirer network. Therefore, we introduce consis-
tency regularization to constrain the target network,
which keeps it smooth enough in the function space.
Thus, the network should be flat around the input
data. Even if the input data change slightly or
their forms change while remaining semantically
unchanged, the output of the model can remain ba-
sically the same. This is consistent with the training
of the inspirer network:

L) o = KL(p(ui, ), p(ai,0)9) (15

consist —

Finally, the loss function of the target network is

Liotar = Lo + LS, + L)

feature_distill

(unsup) (unsup) (S)
+Ldistill + Lfcatureidistill + Lconsist

16)

where the superscript (sup) is the labeled sample
identifier, (unsup) is the unlabled sample identi-
fier. Lo represents the classification loss calcu-
lated on labeled data. Lg‘zg% is the output-based

distillation loss on the labeled data; L%ﬁlm_ distill
is the feature-based distillation loss on the labeled
data; and Li‘j}l sist 18 the consistency regularity loss

of TextCNN.

4 Experiments

4.1 Dataset

We verify the performance of FLiText on three
publicly available English text classification bench-
mark datasets: IMDb (Maas et al., 2011), Ya-
hoo (Zhang et al., 2015) and Yelp-5 (Xie et al.,
2020). From Yahoo and Yelp-5, we randomly sam-
ple 70,000 sentences of unlabeled data, and 5,000
sentences as test data to verify the SSL method. We
also randomly select 70,000 sentences of labeled
data as a full dataset for the supervision method.
For all datasets, we use French as an intermediate
language for back translation. Table 1 shows the
statistical information.

4.2 Implementation Details

In all experiments, we set the max sentence length
to be 256. The dropout rate is 0.5. We use Adam to
optimize the parameters of each model. It is found
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Dataset Class Labeled Dev Test

IMDb 2 25000 25000 25000
Yelp-5 5 70000 5000 5000
Yahoo 10 70000 5000 5000

Table 1: Statistics of the IMDDb, Yahoo and Yelp-5.

that all of the methods including the proposed work
in this paper and other methods for comparison can
achieve the best performance within 10 epochs. In
order to ensure the consistency of the experimental
conditions, 10 epochs are uniformly used. For the
inspirer network, we use BERT-based-uncased' as
the encoder, a two-layer MLP with 768 hidden
states, and tanh as the activation function. The
learning rate is 2e-5 for the BERT encoder and 1le-
3 for the MLP model. For the target network, we
use the Glove” 300d vector as the embedding layer
initialization parameter, TextCNN as the encoder.
We use filters with sizes of 2, 3, 5, 7, 9 and 11
respectively. The number of output channels is 200,
and the max-pooling operation is used to extract
key information. For the project layer, we use a
single layer MLP with a hidden size of 256 and a
Relu as the activation function. Most of the reports
(Chen et al., 2020; Xie et al., 2020; Sohn et al.,
2020; Berthelot et al., 2019a) about SSL only report
accuracy or error rate. Hence, we also use accuracy
for comparison with other works in this paper.

4.3 Result

We evaluate FLiText and baselines under different
numbers of labeled data. The amount of labeled
data is 20, 500, and 2500 respectively for IMDb,
500, 1000, and 2500 respectively for Yelp-5 and
Yahoo. All of the amounts of unlabeled data is
70000. The experimental results are shown in Table
2.

Compared with the supervised learn-
ing method. The results of FLiText and
TextCNN(fully) in Table 2 show that, with only
500 labeled data, FLiText greatly exceeds the fully
supervised method on the performance by 6.59%,
3.94%, and 3.22% for each dataset respectively.
Also, as the size of the labeled data increases
to 2500, the performance is further improved to

"https://github.com/google-research/
bert

https://apache-mxnet.s3.cn-north-1.
amazonaws.com.cn/gluon/embeddings/glove/
glove.6B.zip

be 7.06%, 6.28%, and 6.18%. This shows that
FLiText is an effective SSL method for lightweight
models.

Comparison with existing SOTA SSL methods
on TextCNN. Since the TMix method proposed
by MixText cannot be directly applied to TextCNN,
we apply the UDA framework to TextCNN.
Among the results of FLiText, UDA(TextCNN)
and TextCNN, there are two major findings. Firstly,
when using 500 labeled data, FLiText achieves
an accuracy improvement of 11.8%, 18.26%, and
9.78%, compared to UDA(TextCNN) on the three
datasets respectively. Secondly, in contrast, when
using 2500 labeled data (5 times of FLiText), the ac-
curacy of UDA(TextCNN) on the IMDb and YELP-
5 is 3.16% and 6% lower than TextCNN(fully)
respectively. This shows that, due to the limited
feature extraction capabilities of the model, the
application of UDA to TextCNN does not work.
These two results show that FLiText is a SOTA
semi-supervised text classification framework for
lightweight models.

Comparison with existing SOTA SSL methods.
In this part, we compare the performance of FLi-
Text, UDA, and MixText on the three datasets.
Three conclusions are drawn from Table 2. Firstly,
FLiText performs better on the IMDb and Yelp-
5 datasets. For example, with 500 labeled data,
the accuracy of FLiText on Yelp-5 is 1.53% and
3.72% higher than UDA and MixText, respectively.
Secondly, on the IMDb dataset, as the number of
labeled data decreases, FLiText has a more obvious
advantage in performance compared with the other
two methods. The same phenomenon can be ob-
served on the Yelp-5 dataset. This shows that FLi-
Text has a stronger ability to capture text features
in scenarios with a few labeled data. Third, we also
find that due to the relatively high difficulty for text
classification of the Yahoo dataset with multiple
10 categories, the performance of FLiText is 1% to
2% lower than UDA or MixText under the three
different volumes of labeled data. Overall, the per-
formance of FLiText surpasses or approaches that
of the SOTA frameworks on the semi-supervised
text classification benchmarks, while the model ob-
tained by FLiText is lighter (the scale of the param-
eters is only one-thousandth of UDA or MixText),
and faster (the inference speed is 67 times faster
than UDA or MixText). As a result, FLiText is a
very practical framework, suitable for many actual
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Model IMDb Yelp-5 Yahoo

20 500 2500 | 500 1000 2500 | 500 1000 2500
TextCNN(fully) 83.9 54.12 61.86
UDA(BERT) 90.15 90.27 91.07 | 56.53 59.64 61.37 | 66.86 68.9 70.32
MixText 7824 88.17 90.02 | 5434 5798 60.02 | 67.38 68.84 70.4
UDA (TextCNN) 51.00 78.38 80.74 | 39.8 42.6 48.12 | 553 5558 62.32
TextCNN(KD) 90.32 90.43 90.21 | 56.87 5798 58.35 | 64.23 65.81 66.75
UDA(ALBERT) 88.24 89.04 90.07 | 51.08 5543 5744 |62.13 64.81 66.07
UDA+KD(DistilBERTg) | 89.51 90.42 91.06 | 57.21 58.41 59.87 | 55.09 60.64 66.97
UDA+KD(TinyBERT,) | 87.17 88.23 89.17 | 56.51 57.79 5897 | 64.67 66.17 67.46
UDA+KD(TinyBERTg) | 87.54 89.26 90.34 | 56.41 57.94 5943 | 66.01 67.87 69.76
FLiText 90.49 90.74 90.96 | 58.06 59.27 604 | 65.08 67.25 68.04

Table 2: Performance (test accuracy(%)) comparison with baselines. The three numbers in the next row of each
dataset indicate the amount of labeled data; UDA(TextCNN) means applying UDA to TextCNN; TextCNN(fully)
is a supervised method that uses the full dataset for training; TextCNN(KD) means distilling the knowledge of
the inspirer into TextCNN; MixText uses the {7,9,12} layer for TMix; UDA(ALBERT) means applying UDA to
ALBERT; UDA+KD(DistilBERT() means performing the KD method of 6 layers DistilBERT to get a smaller and
lighter model from BERT trained by UDA; UDA+KD(TinyBERT,) means performing the KD method of 4 layers
TinyBERT to get a smaller and lighter model from BERT trained by UDA; FLiText is our proposed method.

Model #SpeedUp | #Params | #FLOPs
UDA(BERT) 1.0x 110.08M | 22.5B
MixText 1.0x 85.7M | 24.3B
UDA(ALBERT) 1.2x 122M | 20.7B
UDA+KD(DistilBERTg) | 2.3% 52T 11.3B
UDA+KD(TinyBERT}) 10.2% 14.4M 1.2B
UDA+KD(TinyBERTj) 2.1x 67.5M 11.3B
FLiText 67.2% 9.6M 0.5B

Table 3: Inference speed with Intel(R) Xeon(R) Plat-
inum 8163 CPU @2.50GHz.

industrial scenarios, especially in resource-limited
scenarios or large-scale online systems, such as e-
commerce search and real-time recommendation
systems.

Comparison with the lightweight BERT. As
shown in Table 2, the lightweight BERT (ALBERT)
does not perform well under the framework of
UDA, and is worse than that of FLiText. For exam-
ple, when using 500 labeled data, FLiText achieves
accuracy improvement of 1.7%, 6.98% and 2.95%,
compared to UDA(ALBERT) on the three datasets
respectively. Moreover, even the base version of
ALBERT has the same inference speed as BERT,
which is 52 times of our method, as shown in Table
3.

Comparison with the KD method for BERT.
In the experiment, we also performed the
KD methods of DistilBERTs, TinyBERT,, and
TinyBERTg to get smaller and lighter models from

BERT trained by UDA, to compare with FLi-
Text. As shown in Table 2, the performance of
“UDA+KD(DistilBERTg)” is worse than FLiText
under almost all experimental conditions, where
the accuracy of the former is at least 0.5% lower
than that of the latter. The same conclusion can also
be seen in the comparison with TinyBERT4, which
is the fastest variant of BERT in our experiment
as shown in Table 3. Compared with TinyBERT¢,
FLiText performs much better on the IMDb and
Yelp-5 datasets. Though the performance of FLi-
Text is about 1% lower than TinyBERTg on the
dataset of Yahoo, it is 32x faster and 7x smaller
than TinyBERT¢, which is a valuable trade-off in
the situations with low resources.

Comparison of the efficiency. From the results
of Table 3, FLiText is 11.5x smaller and 67.2x
faster than that of UDA(BERT), and it performs as
well as UDA(BERT) on the datasets of IMDb and
Yelp-5 with only 2.7% FLOPs. Compared with
“UDA+KD(TinyBERT4)”, which is the smallest
variant of BERT in Table 2 and Table 3, FLiText
is 2x smaller and 6.7 x faster, and achieves accu-
racy improvement of about from 1.5% to 3% on
the three datasets with 46.2% FLOPs. In terms
of computational complexity, (Vaswani et al.,
2017) shows that Multi-Head Self-Attention re-
quires O(n?d + nd?) operations while 1D-CNN
requires O(k % n * d) operations, where n is the
sequence length, d is the representation dimen-
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sion, k is the kernel size of convolutions. There-
fore, the computational complexity of BERT is
O(L * (n*d + nd?)) ~ O(L * n * n * d), where
L is the number of Transformer blocks, and the
complexity of TextCNN is O(N x k xn *d), where
N is the number of CNN kernels. Considering that
N x k << L % n in our situation, so the computa-
tional complexity of FLiText is much smaller than
that of UDA(BERT).

5 Ablation Study

5.1 Different Combinations of Transformer
Layers and CNN Filters

We choose different transformer layers and filters
for multiple combinations and the results are shown
in Table 4. We use { Transformer layer}-{filter size}
to indicate which Transformer layers and CNN
filters are selected. For example, {0,1,2}-{2,3,5}
means that the first, second, and third layers of
BERT are combined with the size of 2, 3, and 5 re-
spectively. Three conclusions are drawn from Table
4. Firstly, a combination of a higher-level Trans-
former layer and a filter with a larger size achieves
better performance. For example, with the com-
bination of {0,1,2}-{2,3,5}, FLiText just achieves
accuracy of 63.4%; with {6,7,8}-{5,7,9}, the ac-
curacy is increased from 63.4% to 64.44%; and
with {9,10,11}-{7,9,11}, the accuracy is yet again
increased to 64.53%. Secondly, our hypothesis that
filters with small window sizes focus on simple
features, and as the filters become larger, the more
advanced features can be captured. We performs
inverted combinations, such as {9,10,11}-{2,3,5}
and {0,1,2}-{7,9,11}, the accuracy is 63.15% and
63.53%, respectively, which is lower than the
combination of {0,1,2}-{2,3,5}. Finally, FLiText
achieves the best accuracy of 65.07% with the com-
binations of {5,7,9,11}-{2,3,9,11}. This combina-
tion features BERT’s middle-level and high-level
transformer, as well as medium and large filters.
Most of the grammatical and semantic information
is transferred from BERT to TextCNN.

5.2 Remove Different Parts of FLiText

In order to verify the performance of each part of
FLiText, we remove each component and show the
results in Table 5. The removal of output-based
distillation results in the worst performance degra-
dation of the performance, which manifests that the
target network mainly learns from the output-based
knowledge The performance decreased 1.24% after

Transformer TextCNN  Accuracy

0,1,2 2,35 63.53
34,5 3,57 64.05
6.7.8 5.7.9 64.44
9,10,11 79,11 64.53
9,10,11 2,3,5 63.15
0,1,2 79,11 63.4
5,79,11 2,39,11 65.08
1,3,5,79,11  2,3,5,7,9,11 64.51

Table 4: Accuracy on Yahoo with 500 labeled data and
70000 unlabeled data with different combinations of
transformer layer and filters.

Model Accuracy
FLiText 67.25
-feature distillation 65.75
-consistency regulation 66.01
-output distillation 35.28

Table 5: Accuracy on Yahoo with 1000 labeled data
and 70000 unlabeled data with remove different part.

removing consistency regularization, which indi-
cates that consistency regularization constraints can
boost the performance in the KD framework. After
removing the feature distillation, the performance
dropped from 67.25% to 65.75%. This shows that
feature distillation can help FLiText transfer more
knowledge from the inspirer network to the target
network on the basis of output-based distillation.

5.3 Consistency Regularization Effect

We add a consistency regularization framework
on the basis of KD to verify the performance of
the former on the latter. The results are shown in
Table 6. We observe that after the introduction
of the consistency regularization, the accuracy of
TextCN N pcr) is increased by 0.22%, 0.66%
and 0.28% on the three datasets respectively, com-
pared to the T'extC'N N (g p). In our opinion, the
improvement of performance brought by the con-
sistency regularization is task-independent and can

Model
TextCNN(KD+CR)

Yelp-5 Yahoo
5798 6581
58.64  66.09

Table 6: Accuracy on Yelp-5 and Yahoo with
1000 labeled data and 70000 unlabeled data.
TextCNNkpycr) represents adding consistency
regularization on T'extC'N N p)
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Model Accuracy
%] 63.37
Relu 65.08
Tanh 64.44

Table 7: Accuracy on Yahoo with 500 labeled data and
70000 unlabeled data. @ is non-linear transformation.

be used as a supplement to KD, so as to guide the
student model to achieve better local smoothness.

5.4 Nonlinear Activation Function Effect

We find that adding a nonlinear transformation to
the feature projection has a distinct impact on the
performance of the model. In order to verify this
impact, we examine the effect of using Relu, Tanh
and avoid nonlinear transformation (&). The re-
sults are shown in Table 7. It can be seen that when
the nonlinear transformation is removed, FLiText
only achieves an accuracy of 63.37%. Using Relu
or Tanh offers a 1.71% or 1.07% boost in perfor-
mance respectively.

6 Conclusion

SSL has made great progress, but its rapid devel-
opment is accompanied by increasingly complex
algorithms and a sharp increase in the amount of
computation, which is undoubtedly a bottleneck to
the actual use of these algorithms in the industry.
Therefore we introduce FLiText, a light and fast
SSL framework for text classification with a convo-
lution network. We show that FLiText achieves new
SOTA results on multiple benchmark datasets on a
lightweight model. Moreover, FLiTex achieves a
close or even better performance compared to the
previous SOTA SSL methods, while maintains a
lightweight architecture with only one-thousandth
of the parameters and a speed boost of more than 50
times. FLiText provides an effective way to deploy
semi-supervised algorithms on resource-limited de-
vices and industrial applications. In future research,
we plan to apply FLiText to a wider range of NLP
tasks, such as relation extraction and machine trans-
lation.

References

Jimmy Ba and Rich Caruana. 2014. Do deep nets really
need to be deep? In Advances in Neural Information
Processing Systems, volume 27, pages 2654-2662.
Curran Associates, Inc.

David Berthelot, Nicholas Carlini, Ekin D Cubuk, Alex
Kurakin, Kihyuk Sohn, Han Zhang, and Colin Raf-
fel. 2019a. Remixmatch: Semi-supervised learning
with distribution matching and augmentation anchor-
ing. In International Conference on Learning Rep-
resentations.

David Berthelot, Nicholas Carlini, Ian Goodfellow,
Nicolas Papernot, Avital Oliver, and Colin A Raf-
fel. 2019b. Mixmatch: A holistic approach to semi-
supervised learning. In Advances in Neural Informa-
tion Processing Systems, pages 5049-5059.

Jiaao Chen, Zichao Yang, and Diyi Yang. 2020. Mix-
Text: Linguistically-informed interpolation of hid-
den space for semi-supervised text classification. In
Proceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 2147—
2157. Association for Computational Linguistics.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference of
the North American Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies, Volume 1 (Long and Short Papers), pages
4171-4186.

Geoffrey Hinton, Oriol Vinyals, and Jeffrey Dean.
2015. Distilling the knowledge in a neural network.
In NIPS Deep Learning and Representation Learn-
ing Workshop.

Ganesh Jawahar, Benoit Sagot, and Djamé Seddah.
2019. What does BERT learn about the structure
of language? In Proceedings of the 57th Annual
Meeting of the Association for Computational Lin-
guistics, pages 3651-3657, Florence, Italy. Associa-
tion for Computational Linguistics.

Bin Ji, Jie Yu, Shasha Li, Jun Ma, Qingbo Wu, Yusong
Tan, and Huijun Liu. 2020. Span-based joint entity
and relation extraction with attention-based span-
specific and contextual semantic representations. In
Proceedings of the 28th International Conference on
Computational Linguistics, pages 88-99.

Xiaoqi Jiao, Yichun Yin, Lifeng Shang, Xin Jiang,
Xiao Chen, Linlin Li, Fang Wang, and Qun Liu.
2020. TinyBERT: Distilling BERT for natural lan-
guage understanding. In Findings of the Association
for Computational Linguistics: EMNLP 2020, pages
4163—4174, Online. Association for Computational
Linguistics.

Yoon Kim. 2014. Convolutional neural networks
for sentence classification. In Proceedings of the
2014 Conference on Empirical Methods in Natural
Language Processing (EMNLP), pages 1746-1751,
Doha, Qatar. Association for Computational Lin-
guistics.

Samuli Laine and Timo Aila. 2016. Temporal ensem-
bling for semi-supervised learning. arXiv preprint
arXiv:1610.02242.

2489



Dong-Hyun Lee. 2013. Pseudo-label: The simple and
efficient semi-supervised learning method for deep
neural networks. In Workshop on challenges in rep-
resentation learning, ICML, volume 3.

Xiaonan Li, Hang Yan, Xipeng Qiu, and Xuanjing
Huang. 2020. FLAT: Chinese NER using flat-lattice
transformer. In Proceedings of the 58th Annual
Meeting of the Association for Computational Lin-
guistics, pages 6836—-6842.

Wenhao Lu, Jian Jiao, and Ruofei Zhang. 2020. Twin-
bert: Distilling knowledge to twin-structured com-
pressed bert models for large-scale retrieval. In Pro-
ceedings of the 29th ACM International Conference
on Information & Knowledge Management, pages
2645-2652.

Andrew L. Maas, Raymond E. Daly, Peter T. Pham,
Dan Huang, Andrew Y. Ng, and Christopher Potts.
2011. Learning word vectors for sentiment analy-
sis. In Proceedings of the 49th Annual Meeting of
the Association for Computational Linguistics: Hu-
man Language Technologies, pages 142—150, Port-
land, Oregon, USA. Association for Computational
Linguistics.

Takeru Miyato, Shin-ichi Maeda, Masanori Koyama,
and Shin Ishii. 2018. Virtual adversarial training:
a regularization method for supervised and semi-
supervised learning. IEEE transactions on pat-
tern analysis and machine intelligence, 41(8):1979-
1993.

Subhabrata Mukherjee and Ahmed Hassan Awadallah.
2020. XtremeDistil: Multi-stage distillation for mas-
sive multilingual models. In Proceedings of the
58th Annual Meeting of the Association for Compu-
tational Linguistics, Online. Association for Compu-
tational Linguistics.

Hien D. Nguyen, Luke R. Lloyd-Jones, and Geoffrey J.
McLachlan. 2016. A universal approximation theo-
rem for mixture-of-experts models. Neural Compu-
tation, 28(12):2585-2593.

Antti Rasmus, Mathias Berglund, Mikko Honkala,
Harri Valpola, and Tapani Raiko. 2015.  Semi-
supervised learning with ladder networks. In Ad-
vances in Neural Information Processing Systems,
volume 28, pages 3546-3554. Curran Associates,
Inc.

Zhongzheng Ren, Raymond A. Yeh, and Alexander G.
Schwing. 2020. Not all unlabeled data are equal:
Learning to weight data in semi-supervised learning.

Victor Sanh, Lysandre Debut, Julien Chaumond, and
Thomas Wolf. 2019. Distilbert, a distilled version
of bert: smaller, faster, cheaper and lighter. ArXiv,
abs/1910.01108.

Kihyuk Sohn, David Berthelot, Chun-Liang Li, Zizhao
Zhang, Nicholas Carlini, Ekin D Cubuk, Alex Ku-
rakin, Han Zhang, and Colin Raffel. 2020. Fix-
match: Simplifying semi-supervised learning with
consistency and confidence.

Siqgi Sun, Yu Cheng, Zhe Gan, and Jingjing Liu. 2019.
Patient knowledge distillation for BERT model com-
pression. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natu-
ral Language Processing (EMNLP-IJCNLP), pages
4323-4332, Hong Kong, China. Association for
Computational Linguistics.

Zhiqing Sun, Hongkun Yu, Xiaodan Song, Renjie Liu,
Yiming Yang, and Denny Zhou. Mobilebert: a com-
pact task-agnostic bert for resource-limited devices.
pages 2158-2170.

Thierry Tambe, Coleman Hooper, Lillian Pentecost,
En-Yu Yang, Marco Donato, Victor Sanh, Alexan-
der M Rush, David Brooks, and Gu-Yeon Wei. 2020.
Edgebert: Optimizing on-chip inference for multi-
task nlp. arXiv preprint arXiv:2011.14203.

Raphael Tang, Yao Lu, L. Liu, Lili Mou, Olga Vechto-
mova, and Jimmy Lin. 2019. Distilling task-specific
knowledge from bert into simple neural networks.
ArXiv, abs/1903.12136.

Chongyang Tao, Wei Wu, Can Xu, Wenpeng Hu,
Dongyan Zhao, and Rui Yan. 2019. Multi-
representation fusion network for multi-turn re-
sponse selection in retrieval-based chatbots. In Pro-
ceedings of the Twelfth ACM International Con-
ference on Web Search and Data Mining, page
267-275.

Antti Tarvainen and Harri Valpola. 2017. Mean teach-
ers are better role models: Weight-averaged consis-
tency targets improve semi-supervised deep learn-
ing results. In I. Guyon, U. V. Luxburg, S. Bengio,
H. Wallach, R. Fergus, S. Vishwanathan, and R. Gar-
nett, editors, Advances in Neural Information Pro-
cessing Systems 30, pages 1195-1204. Curran Asso-
ciates, Inc.

Hao Tian, Can Gao, Xinyan Xiao, Hao Liu, Bolei
He, Hua Wu, Haifeng Wang, and Feng Wu. 2020a.
SKEP: Sentiment knowledge enhanced pre-training
for sentiment analysis. In Proceedings of the 58th
Annual Meeting of the Association for Computa-
tional Linguistics, pages 4067-4076.

Yuanhe Tian, Yan Song, Fei Xia, Tong Zhang, and
Yonggang Wang. 2020b. Improving Chinese word
segmentation with wordhood memory networks. In
Proceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 8274—
8285.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz
Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. In Proceedings of the 31st International
Conference on Neural Information Processing Sys-
tems, NIPS’17, page 6000-6010, Red Hook, NY,
USA. Curran Associates Inc.

2490



Zhiguo Wang, Patrick Ng, Xiaofei Ma, Ramesh Nal-
lapati, and Bing Xiang. 2019.  Multi-passage
BERT: A globally normalized BERT model for
open-domain question answering. In Proceedings of
the 2019 Conference on Empirical Methods in Nat-
ural Language Processing and the 9th International
Joint Conference on Natural Language Processing
(EMNLP-IJCNLP), pages 5878-5882.

Qizhe Xie, Zihang Dai, Eduard Hovy, Thang Luong,
and Quoc Le. 2020. Unsupervised data augmenta-
tion for consistency training. Advances in Neural
Information Processing Systems, 33.

Zhilin Yang, Zihang Dai, Yiming Yang, Jaime Car-
bonell, Russ R Salakhutdinov, and Quoc V Le. 2019.
Xlnet: Generalized autoregressive pretraining for
language understanding. In Advances in neural in-
formation processing systems, pages 5753-5763.

Wen Zhang, Yang Feng, Fandong Meng, Di You, and
Qun Liu. 2019. Bridging the gap between training
and inference for neural machine translation. In Pro-
ceedings of the 57th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 4334—
4343.

Xiang Zhang, Junbo Zhao, and Yann LeCun. 2015.
Character-level convolutional networks for text clas-
sification. In Proceedings of the 28th International
Conference on Neural Information Processing Sys-
tems - Volume 1, pages 649—657, Cambridge, MA,
USA. MIT Press.

Ming Zhong, Pengfei Liu, Yiran Chen, Danging Wang,
Xipeng Qiu, and Xuanjing Huang. 2020. Extractive
summarization as text matching. In Proceedings of
the 58th Annual Meeting of the Association for Com-
putational Linguistics, pages 6197-6208.

2491



