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Abstract. This paper puts forward theme analysis problem in order
to automatically solve composition writing questions in Chinese college
entrance examination. Theme analysis is to distillate the embedded se-
mantic information from the given materials or documents. We proposes
a hierarchical neural network framework to address this problem. Two
deep learning based models under the proposed framework are presented.
Besides, two transfer learning strategies based on the proposed deep
learning models are tried to deal with the lack of large training data for
composition theme analysis problems. Experimental results on two tag
recommendation data sets show the effect of the proposed deep learning
based theme analysis models. Also, we show the effect of the proposed
model with transfer learning on a composition writing questions data set
built by ourself.
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1 Introduction

Automatically solving the material composition writing questions in a univer-
sity’s entrance examination like Gaokao [1] in China challenges natural language
processing technology. Composition generation is a way to take up this challenge.
Composition generation differs from text generation in that it needs to correctly
analyze the theme firstly according to the specified materials. The target of text
generation is to express the specified data in a natural language way. The spec-
ified data could be database records [2] or key words [3]. The key problem of
text generation is language grounding [4], while the key problem for material
composition generation is theme analysis.

How to analyze the theme from a given material? Because words are usually
used to express the themes, theme analysis is related to key word extraction
task [5]. Key words extraction methods can only output the words in the input
text. However, the words expressing the theme of the material usually are not
in the raw text and can capture the real semantic meaning behind the text.
For example, the theme analysis results of the material in Fig 1 could be {&
RO, RIARLEE, Si4E0) ({dedication, dutiful, responsibility}). Recently, [6]
propose a deep keyphrase generation method, which attempts to capture the



TESCH L N IEAIRPRL, RIEERE —RADTFR00FHILE - (6077)

AR — A EAR T2 B CRMIERIHE - BATTRIBRAR G, LHAEE /R, B
FHINT « I TEHT, MERIMBREES, £ EE-PRLE - BETESIEE,
P “EBOEmETET  PER: xF, ARRBIHERAE, XRAMFERERI - BT
Vi <ok, PR — N ? MEERGU L HBHE T EE L
Zla, BAEEMRERXGEIL, BERT, BEMBIEEERART - F2MBI1FZ
VAR, AR AR T MR 7

BRI, BIEME, MIESCH, BRURE, AEBREMENE LS ELEE
3, REEE, AMEDE-

Read the following materials and write an essay of no less than 800 words. (60)

The owner of a boat asked a ship repairer to paint his boat. The repairer found that
there was a small hole in the bottom of the boat during painting, he patched the hole
by the way. A few days later, the owner came to thank him and gave him a big red
envelope. The repairer felt surprised and said: “you have already paid.” The owner
said: “yes, that is for painting, this is the return to patch the hole.” The repairer said:
“Oh, just a little thing by the way......” The owner said gratefully: “when I heard that
the children rowed out to the sea by the boat, I came to remember the bottom hole of
the boat. I was so desperate and thought they couldn’t come back. When they came
back safely, I realized that you saved them.”

Choose the right angle, determine the theme, make clear the genre, give the title; do
not escape the scope of the content and meaning of the material, no plagiarism.

Fig. 1. An example of material composition question

deep semantic meaning of the content with a deep learning method. This work
is also inspired by [6].

Another related task is tag recommendation [7]. Tag recommendation task
has many similarities with this problem if we use tags to express the themes of
materials. Both of them need to find tags to represent the meaning of a given
text or materials. However one of the principle of making out the questions of
Gaokao is to avoid similarity with history questions. So the successful collab-
orative filtering approaches in tag recommendation are not suitable for theme
analysis for material composition question. Because themes are the distillation
of materials, the theme analysis methods should have the ability to understand
the materials.

Although there is still lack of clear explanation for the mechanism of deep
learning, it does show the potential when dealing with semantic representation
learning [8] and semantic reasoning [9]. Due to the promising of deep learning
methods in natural language processing, deep learning based methods for doc-
ument theme analysis required by composition generation are proposed in this
work.

Deep learning models usually need large annotated training data to achieve
good performance due to the numerous parameters in the models. However, no
large annotated training data for theme analysis of material composition ques-
tion is provided currently. One possible solution is to involve transfer learning [10]
and some annotated training data for similarity tasks such as tag recommenda-



tion. Fortunately, the annotated training data for tag recommendation can be
collected easily from some big social media websites such as Douban! and Zhihu?.
Transfer learning for deep learning is also a hot research topic recently [11,12].
We try several transfer learning strategies based on the proposed deep learning
models in this work to prompt the performance of theme analysis for material
composition question.

2 Problem Definition

Most of the composition writing questions in Gaokao are material compositions.
In a material composition question, a short essay is given and the students are
required to write a composition based on the theme embedded in given material
as shown in the example of Fig 1. Theme analysis is the key step in the whole
procedure of composition generation. It will be fail in this question if the theme
is wrongly analyzed.

Theme analysis for material composition can be defined as following: given
a short essay D, the target of theme analysis is to find a function F, which can
map D to a word set T = {wy,wa, -, w,}. T represents the theme of D and
can be used as the clue and input for composition generation.

Given the example in Fig 1, the output 7" of theme analysis function F’ should
be { ZFHOL, REIARE, 70} ({dedication, dutiful, responsibility}). The
words in T are the sublimation of the given essay, which can not be obtained
through literal comprehension.

There are 3-fold challenges for theme analysis of material composition:

— lack of large annotated material-theme pairs training data.

— theme is the distillation of materials, not the surface expression of that.

— the expression of theme needs to be suitable for following procedure of com-
position Writing.

3 Method

In this work, a hierarchical neural network framework is proposed to learn the
semantic representation Vj,. of the give short essay D in material composition
writing questions. With this representation, a predictor can be trained to output
the confidence score 6(w;|Vge.) for each candidate theme word w;. The theme
analysis results for a material composition writing question consist of the words
with the top N confidence score. N could be defined according to the require-
ments of applications. A theme word vocabulary 7" could be built in previous.

Two models are presented under this framework in the following. One is
based on Gated Recurrent Unit (GRU) [13], named GRU-GRU model; The
other is based on Convolutional Neural Networks (CNN) [14] and GRU, named
CNN-GRU Model.

! https://www.douban.com/
% https://www.zhihu.com/



3.1 GRU-GRU Model

The GRU-GRU model architecture is shown in Fig 2. In Fig 2, the bottom
two recurrent neural network (RNN) parts encode the input text into semantic
representation. The unit of the RNN layers is Gated Recurrent Unit. The word
embedding (word vector) of each word in D is taken as the input of the network.

Topic Word Set [Tl_ ........... !

Sentence-Encoder-GRU

Fig. 2. GRU-GRU Model Architecture for Theme Analysis

The bottom part is a RNN word-sentence encoder. A “(\s)” is used to denote
the end of a sentence. When encountering “(\s)”, the hidden layer values of
current RNN are taken as the sentence vector V;, of current sentence s;. In this
way, we can get Vi, V,, -+, Vs for a D with n sentences. The middle part is
a RNN sentence-document encoder which takes Vs, of each sentence s; as input
and outputs the semantic representation Vy,. of D . The top part is a two-layer
neural network. It takes document vector Vy,. as input and output the confidence
score d,,, of being theme word for each word w; in T'. §,,, is calculated by Eq 1,
b, is a row of matrix W in Fig 2. The size of matrix W is |T'| X |Vioc|-

O, = Sigmoid(Py, - Vaoe) (1)

For a document D, the loss function of the network is defined as Eq 2. In
Eq 2, Tp is the theme words set for D; M is the size of theme vocabulary T

M
L=Y 1Y logby + Y log(l—0dy,) (2)

=1 w;€Tp w; ¢Tp



3.2 CNN-GRU Model

Convolutional Neural Networks (CNN) could better capture the local feature
and has better performance when leaning the sentence semantic representation
[15]. So, we propose CNN-GRU model by replacing the bottom layer in GRU-
GRU model with CNN layer as shown in Fig 3. Other parts of the model are
same as what in GRU-GRU model.
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Fig. 3. CNN-GRU Model Architecture for Theme Analysis

3.3 Transfer Learning Strategies

In this section, two transfer learning strategies are proposed to overcome the
shortage of theme analysis training data problem and boost the performance of
theme analysis. Both of them are based on GRU-GRU model.

Feature Representation Based Transfer Learning In GRU-GRU model,
Vioe can be considered as a document representation. Inspired by [16], we propose
a feature representation based transfer learning strategy, which train the GRU-
GRU model with source domain training data and re-train the top part of Fig 2
with target domain training data. Training data of source domain can be very
large, so we can get a good document representation. Based on this transfered
representation, better classifiers can be obtained by the small training data in
the target domain.

Fine-tuning Based Transfer Learning In the proposed feature representa-
tion based transfer learning, only the parameters in the top part of Fig 2 are



modified by the target domain training data, which requires source domain and
target domain have large similarities. While in fine-tuning based transfer learn-
ing, we first train the GRU-GRU model with source domain training data and
then fine-tuning the whole network with the training data in target domain. In
this way, all the parameters of GRU-GRU model learned from source domain will
be adjusted to the target domain. When the differences between source domain
and the target domain are large, this strategy may more suitable.

4 Data Set

Three data sets are used in this work: Composition, Zhihu and Douban. Table 1
shows samples of the three data set.

“Composition” data set is built by ourselves, which contains 1515 material
composition problem and are annotated with theme-material pairs. The themes
are expressed by words.

Zhihu and Douban are collected from two social media web sites: Zhihu and
Douban. Zhihu data set are built by ourselves and 50,000 documents with their
corresponding tags are downloaded from Zhihu Website. Douban data set came
from Si [17] and Liu [18]. We compare our work with them on the same data
set. The reasons why we use these two data sets are: 1) the shortage of large
annotated material-theme pairs data set; 2) tags are given by users for numerous
documents in the two websites, which could be considered as document theme
words; 3) easy to compare with other works.
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Table 1. Samples of Zhihu and Douban Data Set



5 Experimental Results

5.1 Experimental Settings

The experiments are designed for two purposes: 1) to show the theme analysis
abilities of the two proposed deep learning models; 2) to verify the effect of the
proposed transfer learning strategies.

Settings for deep learning based theme analysis 10,000 and 5,000 samples
are randomly chosen from Zhihu data set as training data and test data respec-
tively. The vocabulary T is built by collecting all the tag words in the training
data. The embeddings of words are trained using the training data by word2vec?
tools. The dimension of word vector is 200. In GRU-GRU model, the recurrent
hidden layer of the word layer GRU contains 200 hidden units while sentences
layer GRU contains 500. As to CNN-GRU model, we use three convolutional fil-
ters whose widths are 1, 2 and 3 to encode semantics of unigrams, bigrams and
trigrams in a sentence. And the number of filters is 200, while the parameters
of sentences layer GRU are the same as GRU-GRU model. Parameters of our
model are randomly initialized over a uniform distribution with support [-0.01,
0.01]. The model is trained with the AdaDelta[19] algorithm.

The Top3 theme words given by the proposed models are used as the theme
analysis results.

Precision, recall and F1-measure are taken as the evaluation criteria. The final
evaluation scores are computed by micro-averaging (i.e. averaging on resources
of test set). The tags given by users in the test data are taken as gold standard.

Settings for transfer learning The Zhihu data set and Composition data
set are taken as source domain and target domain respectively. The detail in-
formation about the data used in transfer learning experiments are shown in
Table 2.

Data set ftraining|fitest|f candidate tags
Composition (Target domain)|1415 100 |694
Zhihu (Source domain) 10,000 5,000{5000

Table 2. Data settings for transfer learning

5.2 Experimental Results

Table 3 shows the results of the “GRU+GRU” and “CNN+GRU” models.

3 https://code.google.com/archive/p/word2vec/



Method Precision|Recall|F1-measure
GRU+GRU|0.2762 0.3173 |0.2766
CNN+GRU|0.2828 0.3247 0.2828

Table 3. Experimental results on Zhihu Data Set

In order to better evaluate the performance of the proposed models, we com-
pare their performances with TAM [17] and WTM [18] on Douban data set.
With 49,050 documents with their corresponding tags from Douban as training
data and 12,132 as test data, the comparison results are shown in Table 4.

Method Precision|Recall|F1-measure
TAM 0.2971 10.3230 0.2676
WTM 0.3498 |0.4182 0.3311

GRU+GRU 0.3680 |0.4052 0.3337
CNN+GRU 0.3835 |0.4213 0.3480

Table 4. Experimental results on Douban Data Set

Due to no titles are given for essays in material composition writing questions,
our models don’t deal with the title of a document. That’s the reason why we
didn’t compare the results with title information in [17] and [18] .

From Table 4, it is obvious that two deep learning based models have better
performance. The results indicate that deep learning based methods have better
ability to understand the semantic of the documents than previous methods.
Also, “CNN+GRU” model outperforms “GRU+GRU” model consistently on
two data sets, which shows that CNN can use local information to obtain better
sentence representation. Samples in Zhihu data set are more similar with material
composition questions because most tags for a document can be found in the
document in Douban data set. That’s also the reason for the higher performance
in Douban data set.

Table 5 shows the results of theme analysis on Composition data set with
different methods. P@Q5 is used as the evaluation criteria. GRU+GRU model
can only achieve 0.078 when we directly use 1415 training samples chosen from
composition data set. The poor performance is largely due to the small number
of training data compared with the results in Table 4. Two transfer learning
methods can greatly boost the performance from 0.078 to more than 0.3. So
transfer learning based on the deep learning model is a promising way to deal
with theme analysis for material composition generation.



Method P@s
GRU+GRU 0.078
Feature Representation|0.324
Fine-tuning 0.341

Table 5. Experimental results on Composition Data Set

6 Conclusion

The first step of automatic composition generation for material composition
questions in Gaokao is to identify the theme of the given materials, which is
even a big challenge for most high school students. This work proposes a deep
learning framework to solve this problem. The contributions of this work lie
in: 1)put forward theme analysis problem for material composition questions in
Gaokao; 2) present two deep learning based methods to solve theme analysis
problem and Show the potential of deep learning based theme analysis methods
with two social media data sets; 3) propose transfer learning strategies to make
the deep learning models trained on social media data set can be used to analyze
material composition question data.
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