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Abstract

For the poor effect of few-shot text classification caused by insufficient
data for feature representation, this paper combines wide and deep attention
bidirectional long short time memory (WDAB-LSTM) and a prototypical
network to optimize text features for better classification performance. With
this proposed algorithm, text enhancement and preprocessing are firstly
adopted to solve the problem of insufficient samples and WDAB-LSTM is
used to increase word attention to get output vectors containing important
context-related information. Then the prototypical network is added to opti-
mize the distance measurement module in the model for a better effect on
feature extraction and sample representation. To test the performance of this
algorithm, Amazon Review Sentiment Classification (ARSC), Text Retrieval
Conference (TREC), and Kaggle are selected. Compared with the Siamese
network and the prototypical network, the proposed algorithm with feature
optimization has a relatively higher accuracy rate, precision rate, recall rate,
and F value.

Keywords: Few-shot learning, text classification, feature optimization,
WDAB-LSTM prototypical network.
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1 Introduction

Although great achievements have been obtained in text classification with
traditional methods relying on a large amount of data to pretrain language
models, it is not so satisfactory when there is not sufficient data for feature
extraction as the task requires [1-3]. Hence few-shot text classification,
which concerns learning from limited data samples for useful features,
and processing them is still a research topic [4-6]. The common few-
shot text classification algorithms in this article include memory networks,
meta-learning, Bayesian calculations, and measurement.

A memory network is often used for few-shot text classification. Its main
idea is to extract relevant knowledge from data and store it in external storage
in the form of key-value [7-9]. When forecasting the samples in the query set,
relevant keys are found for corresponding values according to information
on the query object. Santoro [10], Geng [11], etc. used memory networks
to help classification models learn from new data to complete few-shot text
classification tasks. Although the memory network provides more effective
information for the model, it requires large storage space.

Meta-learning, another method commonly used in recent years, learns
from data with known tags for their distribution. It is advantageous in gen-
eralization and task adaptation [12—-14]. Munkhdalai [15] and Yu et al. [16]
used this method to enhance the generalization ability of classification models
for better classification effects. However, large numbers of parameters, slow
convergence speed, and high complexity turn out to be its shortcomings.

For few-shot text classification algorithms, besides the convergence speed
and classification accuracy, the uncertainty of the algorithm also needs to be
considered [17-20]. Bayesian inference can solve this problem and it can
improve the robustness of the algorithm. Yoon et al. [21] proposed a model-
agnostic meta-learning (MAML) method based on the Bayesian model to
reduce the uncertainty of the algorithm by fitting the posterior distribution of
parameters. However, this method needs a long time and a large space for
model training.

In order to reduce the complexity of the algorithm for the convenience of
calculation and optimization, scholars have studied a few-shot text classifica-
tion method based on measurement which extracts features of the samples to
build an appropriate feature space and model the distance between samples to
obtain a function through learning to measure the similarity based on the prin-
ciple of same-near and different-far to predict the classification of unlabeled
data [22-24]. Snell [25], Li [26], etc. improved the generalization ability of
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the model by calculating the distance between the query objects and each
classification prototype in the support set. However, the method based on the
measurement is sensitive to sample size. When there are insufficient samples,
a wrong selection of measurement function will affect the performance of the
model.

Based on the analysis of relevant technologies and algorithms for few-
shot text classification, this paper proposes a method combining wide and
deep attention bidirectional long short time memory (WDAB-LSTM) and a
prototypical network. This algorithm underlines two aspects: sample size and
feature optimization. For the former, text enhancement and preprocessing are
needed in the face of insufficient samples. For the latter, WDAB-LSTM and
a prototypical network are used to optimize the model in context-relatedness
and vector distance measurement so as to promise a lower sensitivity of
the algorithm to samples and thus improve classification performance. The
performance of the proposed algorithm is tested with the classic few-shot text
classification dataset Amazon Review Sentiment Classification (ARSC), Text
Retrieval Conference (TREC), and Kaggle, and compared with the Siamese
neural network and prototypical neural network. Experimental results show
that the proposed network performs better in accuracy, precision, recall, Fy
value, and errors rate.

2 Text Preprocessing for Few-shot Classification

To solve the problem of insufficient samples in the data set, text enhancement
and preprocessing should be conducted to increase the number of samples
before classification.

2.1 Text Enhancement Based on EDA and Back Translation

This paper uses easy data augmentation (EDA) and back translation for text
enhancement. After text enhancement, the number of samples in the dataset
can be significantly increased, which is helpful for model parameters through
training and alleviates the overfitting of few-shot learning models.

EDA [27] includes the following four methods:

Synonym replacement: x words are randomly sampled from the input sam-
ple sequence and then replaced by their synonyms randomly selected from
the corresponding synonym set. For example, “This book is so interesting
that I read it all day.” becomes “This book is so entertaining that I read it all
day.” after replacement.
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Random insertion: Randomly sample a word from the input sample
sequence and select a position in the original input sample sequence to place
its synonym.

Random exchange: Exchange two words randomly selected in the input
sample sequence.

Random deletion: Based on experience and sample sequence length, set the
proportion of words that can be deleted in the sample sequence. Randomly
delete words from the input sample sequence at the set certain proportion. For
example, “This book is so interesting that I read it all day.” becomes “book is
so interesting I read it all day.” after random deletion.

These processes are completed and the text is further enhanced by a back
translation which translates sample data into an intermediate language and
then from the intermediate language back to the original language. This is a
common technique for text enhancement. After back translation, new sample
data with the same meaning as the original ones in different expressions will
be obtained. Compared with the original data, it is likely that the new sample
data changed in sentence structure will have some words obtained such as the
synonyms of the original words or the deleted ones from back translation.

2.2 Text Preprocessing

Text preprocessing comes after text enhancement. In this experiment, Stan-
ford’s Global Vectors for Word Representation (GloVe) whose total size
is 1.75GB from the training of the super large dataset Common Crawl is
used [28]. The dimension of the pre-training word embedding is 300. After
the word list is obtained, the text in the dataset is preprocessed as follows:

1. Deactivated words such as “a” and “to” are deleted when training
the GloVe word embedding, so these words are removed from the
experimental training set data in this paper.

2. Some special symbols, including “$?!., #% () *+-/:;<=>", etc. are
removed.

3. For numbers, all those greater than 9 in the pre-training word embed-
dings are replaced by “#”. For example, “123” becomes “# # #” and
“15.80” becomes “# #. # #”.

Finally, the cleaned dictionary (glossary) is used as the experimental
input, which is a matrix of word embeddings composed of those selected
from the dictionary.
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3 Strategy for Few-shot Text Classification

The WDAB-LSTM prototypical network model proposed in this paper is
shown in Figure 1. This model represents categories in the dataset as vectors
and then the distance between these vectors and those of the new samples is
calculated, where the nearest one decides which category the new samples
should fall into.

The calculation of the model is based on data contained in the support
set. Each classification is calculated by the vector representation of its cor-
responding sample data with an average value. In the testing phase of the
network, the prediction sample data is mapped to a sample space of equal
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Figure 1 WDAB-LSTM prototypical network model.
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size to calculate the distance between the new sample space and the existing
classification vectors. The classification vector with the smallest distance
value is taken as the classification of the prediction sample [29, 30]. A certain
type of sample is put into the wide and deep encoder for the vectorization of
each sample. The wide and deep encoder consists of a wide network and a
deep network. The wide network is a single-layer aBi-LSTM network that
uses a bidirectional LSTM model to extract contextual information from
text. Samples are output in the wide network either directly through back-
to-front LSTM or through front-to-back LSTM and attention layers. This one
is the attention layer used to extract the importance and connections between
words. The deep network part is a two-layer aBi-LSTM network that extracts
contextual information from text. The samples are output in the deep network
either directly through back-to-front LSTM or through two layers of front-to-
back LSTM and attention layers. This attention layer is consistent with the
attention layer in the wide network architecture, which is used to extract the
importance and connections between words. In this way, the model can focus
on both important semantic information and all words in the sentence. The
output of the wide and deep encoder is vectorized using Equation (1). Then,
the representation of the class is to be obtained by summing the vectors of
each sample, as shown in Equation (2). The vectorization of each sample
is obtained by putting samples in the query set into the editor, as shown in
Equation (3). A function d : RM x Ry; — [0,400) is given to calculate
the distance with the representation of each classification in the support set,
as shown in Equation (4). The label of the class with the smallest distance
is the output value of the sample, as shown in Equation (5). Finally, the
WDAB-LSTM prototypical network uses the Euler formula under Bregman
divergence to calculate the distance between different vectors, that is, the
distance between class vectors and sample vectors, as shown in Equations (6),
and (7).

ei = fol) (1)

where x; represents the ith sample, f, represents the embedded function,
that is, the sample is vectorized by WDAB-LSTM, and e; represents the
vectorized representation of sample .

Cj = Z €; (2)
i
where c; is the vectorized representation of the class.

q = folwq) 3)
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Where x, represents a sample in the query set and ¢ represents the
vectorization of this sample.

dis; = d(q, c;) €]
§ = min(disg) j€1,...,C o)

where dis; is the distance between the query set sample and class c;, ¢ is
the predictive value of the model and it is the label of the class to which the
minimum value belongs.

dg(z,2) = ¢(2) — ¢(2) — (2 = 2)T V(%) (6)
d(z,2) = ||z = 2| (7)

where d represents Bregman divergence; ¢ is a strictly differentiable convex
function; z, 2’ represents two vectors; V is the gradient; d(z, z’) represents
the square of the Euclidean distance between z and 2’.

4 Experimental Results and Analysis

4.1 An Introduction to the Data Set

This paper uses the classic dataset, ARSC, provided by the Amazon plat-
form [32] for few-shot text classification. ARSC includes 23 kinds of review
data, each coming from Amazon users’ comments on, and star selection,
for goods sold. All products are thus graded according to the review data
above. “Graded” refers to the classification of products according to their star
selection (0-5 stars), which includes t5 (5 stars), t4 (3—4 stars), and t2 (0-2
stars), as shown in Figure 2.

The ARSC dataset contains 69 (23 x 3) task data. Its sample data and
categories are shown in Table 1. As there are different pieces of comment on
each product in the original data, the imbalance of sample size for different
tasks asks for new construction of the original data set by selecting data

2 t4 t5
0 star, 1 star, 2 star 3 star, 4 star 5 star

Product reviews in ARSC

Figure 2 Three tasks divided according to star rating of comments.
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Table 1 Sample and classification examples of ARSC

Sample Examples Classification Example
“i saw this pair shoes thought they very cute, however, when they apparel. t2
arrived they smalls stains over front shoe.”

“i liked boots first couple weeks-they very warm comfy, however apparel. t4
they not all durable-after month use soles holes.”

“it golden color very remarkable.. it looks like real gold.. apparel. t5
wonderful piece”

“if you tinted windows this product not work” automotive. t2
“i purchased it year half ago. It still job. However, I recently automotive. t4
noticed duster not work well beginning”

“works great! Use it around house, computer monitors, tvs, your automotive. t5
car dash, etc.”

“i not impressed. It smells just like ordinary soap-so what?” beauty. t2
“i used sample liked fact it cleaned my hair way I want my hair beauty. t4
cleaned.”

“i bought entire line products lisa hair regimen carol daughter beauty.t5
website.”

for each task according to the proportion of the number of comments so
that the data of each task can be balanced. The final data set uses 12 tasks
(including three secondary tasks of books, DVDs, electronic products, and
kitchen products) as the test set and the remaining 57 tasks as the training set.

The length of the experimental sample sequence is limited to 100. C-way
K-shot is used for model training, i.e. one episode is constructed for each
training to calculate the gradient and update the parameters of the model. For
each episode, C kinds of data are randomly selected from the training data set,
and from each class K samples are randomly chosen for a total number of C' x
K to form a labeled reference data set, namely, the support set. The remaining
samples from the C-type are used as query sets. To train the model, it is
supposed to learn from the given support set to minimize the loss value of the
query set. In the experiment, a two-way five-shot is selected for the training
and testing of the model. The input is five samples of a certain classification
in the support set, each episode having two classifications with a total of 10
samples.

4.2 Model Training

The training of the WDAB-LSTM prototypical network uses the algorithm
below, in which R means the training set of the model, x represents the input
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of the model, y represents the tag, j represents the predictive value and W
represents the model parameter.

The LazyAdam is used to optimize the function of cross entropy loss
in the training of the WDAB-LSTM prototypical network model. Since the
C-way K-shot method trains to build an episode each time to calculate
the gradient and update the model parameters and there are very limited
samples, only a small number of vectors corresponding to the gradient is
non-zero when updating parameters for each episode of the model. Thus,
the LazyAdam optimizer is needed to process gradient updating for sparse
variables to alleviate the overfitting of few-shot models.

Algorithm: WDAB-LSTM prototypical network training

Input: R

Output:

1: for Episode do

2: Randomly select C classes from R

3: Select K samples from each class to obtain a support set S = (x5, ys)se1(m = K x C)
4: The remaining samples in C' classes form a query set Q = (g, ¥q)g=1

5: Send the support set S to the coding layer to obtain the vectorized representation of each

sample E = e,

6: Sum the sample vectors in E to obtain the vectorized representation of the class T' =
eccel,2,...,C

7: Send the samples in the query set Q to the coding layer to obtain a vectorized representa-
tion g;

8: Calculate the square of the Euclidean distance between various vectors in 7 and g;

9: The class label § with the minimum distance is the predicted value output of the query
sample vector g;

10: Calculate the cross entropy of y and ¢ of the query sample as the loss value

11: Use LazyAdam optimization algorithm to minimize the loss function and update the
model parameter W

12: Return model parameter W

4.3 Experiment and Analysis

According to the settings in Section 4.1, we choose 400 samples from the
query set to identify their categories. Figure 3 shows the results of 400
texts classified by the algorithm in this paper. Green circles in the figure
representing the sample data are divided into three classes t2, t4, and t5.
Obviously, only a few circles are distributed near the boundaries (the two
red lines). It can be seen that the algorithm mentioned in this paper can fulfill
the few-shot text classification.
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Figure 3 Text classification results based on WDAB-LSTM prototypical network.

In order to further analyze the performance of the WDAB-LSTM pro-
totypical network, it is to be compared with the Siamese network [33] and
prototypical network [34] with four indicators (accuracy rate, precision rate,
recall rate, and F; value) shown in Equations (8)—(11).

_ TP+ TN )
TP+TN+ FP+ FN
TP
P=T7p+Fp ©)
TP
R = m (10)
ne 2

where TP is the number of true positive classes; TN is the number of true
negative classes; FP is the number of false positive classes; F'N is the number
of false negative classes.

The Siamese network is an architecture that includes two identical neural
networks. The few-shot text classification method based on twin networks
utilizes a convolutional neural network model with dual shared parameters
to extract sample features, construct feature vectors, calculate the distance
between vectors, and determine whether the samples belong to the same
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class based on the size of the distance. The prototypical network represents
categories in the dataset as vectors and then the distance between these
vectors and those of the new samples is calculated, where the nearest one
decides which category the new samples should fall into. Compared with
the Siamese network and prototypical network, the proposed algorithm can
integrate shallow syntactic and high-level semantic information in sample
sentences, resulting in richer and more effective information. The comparison
of the four indicators for three algorithms is shown in Figures 4—7. The results
show that each index of the WDAB-LSTM prototypical network is superior
to the Siamese network and prototypical network, and the growth rate of each
index is faster.

=== SNN ==l PN === WDAB-LSTM PN

Accuracy rate (%)
S

The number of samples in data set

Figure 4 A comparison of accuracy rate of the three algorithms.

s SNN sl PN =i WDAB-LSTM PN

Precision rate (%)

The number of samples in data set

Figure 5 A comparison of precision rate of the three algorithms.
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sl SNN el PN = « WDAB-LSTM PN

Recall rate (%)

The number of samples in data set

Figure 6 A comparison of recall rate of the three algorithms.

b= SNN  ==if= PN WDAB-LSTM PN

The number of samples in data set

Figure 7 A comparison of the F; value of the three algorithms.

Table 2 Comparison results of average indicators

Average Average  Average  Average

Accuracy  Precision Recall 13
Model Rate (%) Rate (%) Rate (%) Value
Siamese network 60.25 51.63 60.83 0.558
Prototypical network 68.17 58.28 67.92 0.627
WDAB-LSTM prototypical network 72.35 62.79 72.29 0.672

For a fairer comparison, experiments are conducted 50 times with differ-
ent test sets for average values of the four indicators. The experimental results
are shown in Table 2.

To further test the performance of the proposed algorithm, compare the
error rates of the proposed algorithm, Siamese network, and prototypical
network based on TREC, and Kaggle datasets. Among them, TREC datasets
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Table 3 Comparison results of errors rate

Model TREC Kaggle
Datasets Short Text Long Text Short Text Long Text
Siamese network 38.24% 42.58% 36.89% 40.85%
Prototypical network 31.76% 35.52% 30.23% 35.07%

WDAB-LSTM prototypical network  26.02% 28.19% 23.47% 25.38%

from the Defense Advanced Research Projects Agency and the National
Institute of Standards and Technology. Kaggle datasets from Google. During
testing, the data is divided into short text and long text, with a maximum
of 255 characters in short text. The test results are shown in Table 3.
According to the test results, the error rate of the WDAB-LSTM prototypical
network algorithm is lower for both short text classification and long text
classification.

It can be seen from Figures 4-7 and Tables 2 and 3 that the WDAB-
LSTM prototypical network model proposed in this paper has a good effect
on feature extraction and sample representation of few-shot text data and
performs better both in single and repeated experiments when it is subjected
to an evaluation of the four indicators (accuracy rate, precision rate, recall
rate, and F value). In addition, the error rates of text classification with the
three algorithms were tested using the TREC and Kaggle datasets, and the
proposed algorithm had the lowest error rate. The reason is that on the one
hand text enhancement and text preprocessing expand the sample size of the
dataset and on the other the optimized text features and distance measurement
makes the outputs vectors contain important context-related information.

5 Conclusion

In this paper, the WDAB-LSTM prototypical network algorithm is pro-
posed to solve the problems of insufficient feature representation and the
insignificant effect of few-shot text classification. This algorithm optimizes
the representation of text features to output vectors containing important
context-related information so that the negative impact of improper selection
of distance measurement module would be eliminated. In addition, through
text enhancement and text preprocessing, this paper alleviates the problem
of scarcity of few-shot text data resources. Simulation results show that
with the proposed model the average accuracy rate increases by 12.1% and
4.18% respectively, compared with the Siamese network and the prototypical
network, the average precision rate increased by 11.16% and 4.51%, the
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average recall rate by 11.64% and 4.37% and the Fj value by 0.114 and
0.045; the average error rate reduced by 13.88% and 7.38%, which displays
a better performance in feature representation and effective classification.
Despite the improvement, future work needs to find better algorithms and
network structures for measurement modules. The main problem is to avoid
over-dependence on original data for similarity calculation.
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