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Introduction

• How to quickly categorize huge amount of  text has 
become a challenging problem in the modern age 

• By means of  current computational technologies, 
we can quickly collect and classify the topic of  a 
news document 

• Individuals and businesses can both benefit from 
this to find documents of  their interests
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Topic as Category

• A topic is essentially associated with specific times, 
places, and persons (Nallapati et al., 2004) 

• These terms can be considered as keywords, and 
utilized for classification purposes.  

• In this work, we examine the power of  neural-
network based representations in capturing the 
relations between those keywords on the surface, 
and the topic of  the document. 
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Previous Work

• Most previous methods rely on some measures of  
the importance of  keyword features  

• Keyword weighting based on traditional 
statistical methods such as TF*IDF, conditional 
probability, and/or generation probability  

• It has been proven that keywords are very 
important in text categorization tasks 
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Previous Work (II)

• Machine learning approaches: 

• Supervised: given a training corpus containing a 
set of  manually-tagged examples of  predefined 
topics, a supervised classifier is employed to train 
a topic detection model to classify a document 

• Unsupervised: clustering of  keywords and/or 
semantic information in text
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Text Representation

• A document can be represented as a vector for the 
computer to learn a classifier 

• e.g., vector space model, SVMs, kNN, and 
logistic regression 

• Or, use latent semantic information to model the 
relationships between text and its topic 

• e.g., latent semantic analysis (LSA), probabilistic 
LSA, and latent Dirichlet allocation (LDA)
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Neural Network

• Recently, there is an exploding interest in 
representing words or documents through neural 
network (NN), or ‘deep learning’ models 

• It inspired us to use vectors learned from NNs and 
a robust vector-based classifier to categorize text 

• Utilize the power of  NNs to capture hidden 
connections between words and topics
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Method
• We propose a novel use of  word embedding for text 

classification 

• Word embedding: a by-product of  neural network 
language model  

• It can learn hidden semantic and syntactic 
regularities in various NLP applications 

• Representative methods for the word level include 
the continuous bag-of-word (CBOW) model and the 
skip-gram (SG) model (Mikolov et al., 2013)

11



CBOW

• Predict this word based on its 
neighbors 

• Sum vectors of  context words 

• Linear activation function in 
hidden layer 

• Output a vector 

• Back-propagation to adjust the 
input vector and weights
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Skip-gram (SG)

• Predict neighbors word based on this 
word 

• Input vector of  this word 

• Linear activation function in hidden layer 

• Output n other words 

• Back-propagation to adjust the input 
vector and weights

13



From Word to Document

• By the same line of  thought, we can represent a 
sentence/paragraph/document using a vector. 

(Le and Mikolov, 2014) 

• A sentence or document ID is put into the 
vocabulary as a special word. 

• Train the ID with the whole sentence/document as 
the context. 

• CBOW⇒DM, SG⇒DBOW
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Novel Representation 
for Documents

• Distributed Keyword Vectors, DKV 

• Rank keywords for each category using LLR 

• A document is represented by the combination of  
keyword vectors 

• Weights of  keywords are  

determined by LLR 

• More discriminative
15



Unseen Documents

• An unseen document might contain no keywords 

• We can represent it by using n nearest DKVs

16

Mean vector 
of new 

document

Keyword 
vector

Weighted mean of 
keyword vectors



Outline

• Introduction 

• Previous Work 

• Proposed Method 

• Experiments 

• Results & Discussion 

• Conclusion

17



Corpus

• We collected a corpus of  100,000 Chinese news 
articles from Yahoo! online news 

• Each article is categorized into five topics, namely, 
Sports, Health, Politics, Travel, and Education 

• Training and testing sets both contain 50,000 
documents, with equal amount of  documents/topic

18



Experimental Settings

• DKV:  

• Train CBOW word vectors with 100 dimensions  

• Rank keywords using LLR 

• Weighted sum of  keywords’ vectors represents a 
documents for learning an SVM classifier 

• Evaluation metric: F-1 score 

• We test 1) against other classification methods, and 2) 
with various settings for the amount of  keywords
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Comparisons
• Naïve Bayes (NB) 

• Vector space model (VSM) 

• Latent Dirichlet allocation for representation with 
an SVM classifier (LDA) 

• Two neural network-based representations (DM 
and DBOW) with the same dimensionality setting 
as DKV, and an SVM classifier 

• Evaluation: F-1 score
20
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Results I

22

vector using a weighted average of the vectors which cor-
respond to words in the keyword list. Fig. 2 illustrates the
DKV model, in which, the document Dt is represented as
a weighted average of the keyword vectors, and the weight
�i for a keyword KWi is determined by its LLR value. If
there is no keyword in a document, we calculate the mean
of all word vectors in this document and compute cosine
similarity against all keyword vectors to find the closest ones to
represent this document. Conceptually, we are projecting each
document onto a high dimensional vector space constructed
from keywords, to which subsequent clustering or classifier
can be applied.

III. EXPERIMENTS

A. Dataset and Setting

We collected a corpus1 of Chinese news articles from Ya-
hoo! online news website, in which each article is categorized
into five topics, namely, Sports, Health, Politics, Travel, and
Education. A total of 100,000 articles are kept and divided into
training and test sets, each containing 50,000 articles. Each set
contains roughly the same amount of articles on the five topics.
For evaluation metrics, we adopt the convention of using F1-
scores.

Five text representation models are implemented and com-
pared with the proposed method. First, a baseline system
that uses Naı̈ve Bayes for classification, is denoted as NB
[21]. Next is a vector space model [1], denoted as VSM. In
addition, we evaluate the latent Dirichlet allocation (LDA)
method [8] for representation of a document, and subsequently
used to train an SVM classifier (denoted as LDA).2 Lastly, we
compare two neural network-based document representations,
DM and DBOW, proposed in [13].3 They are trained using
the dimensionality setting of 100, i.e., every document is
represented as a vector containing 100 elements.

Our system, denoted as DKV, is constructed as the fol-
lowing. At the outset of the training stage, word vectors are
learned using CBOW with HS. The dimensionality is set to
be 100, which is identical as that of DM and DBOW. Next,
we calculate LLR values of every word in the corpus, and
select top 200 distinctive ones for each topic. This threshold
is found to be useful in [19]. The weight of a keyword vector
is set to be the log LLR value times a scaling factor of two.
Afterwards, sum of the weighted keyword vectors are used as
representations for each document, and support vector machine
(SVM) [23] is trained to classify the topic of the document.
To ensure the fairness of this experiment, the keyword vectors
are frozen at test time, so that new context words in the testing
documents will not be learned by the model.

In order to study the effectiveness as well as the charac-
teristics of keyword vectors, we conducted two experiments.
In the first experiment, we compare the ability of the six

1Should we clear copyright issues, this corpus will be made publicly
available.

2The dictionary required by all comparing methods is constructed by
removing stop words in [22], and retaining tokens that make up 90% of the
accumulated frequency. For unseen events, we use the Laplace smoothing
in NB. We use a toolkit at http://nlp.stanford.edu/software/tmt/tmt-0.4/ to
implement LDA.

3Implemented using https://github.com/piskvorky/gensim/

TABLE I. F1-SCORES (%) OF SIX TOPIC DETECTION SYSTEMS ON THE
CHINESE NEWS CORPUS. BOLD: THE BEST SCORE ACROSS ALL SYSTEMS.

Topic NB VSM LDA DM DBOW DKV

Sport 67.07 79.13 80.20 90.67 90.74 92.22
Health 40.41 63.65 80.35 86.73 86.67 90.29

Politics 42.86 66.89 67.31 85.41 85.70 86.78
Travel 42.52 66.31 80.37 74.08 74.40 72.01

Education 28.25 41.07 58.01 71.64 71.61 74.54

Average 44.22 63.41 73.25 81.71 81.82 83.17

methods to categorize news documents into five predefined
topics. Then, the second experiment tries to investigate the
effect of the amount of keywords on the proposed method.
More specifically, we want to know if more keywords lead to
a better performance.

B. Results & Discussion

Table I shows a comprehensive evaluation of DKV and
other methods in the first experiment. The baseline method NB
can only obtain a lower average F1-score of around 44%. And
VSM surpassed the overall performance of NB by about 20%
absolutely. It indicates that using only surface word weightings
and ignore inter-word relations can not lead to a satisfactory
result.

In contrast, the LDA model outperforms the above two
methods with an overall F1-score of 73%, which is an absolute
10% improvement. The ability to include both local and long-
distance word relations may be the reason for its success. For
example, names of important athletes that are far apart from
each other in the text can still be found to have strong relations
in the topic ‘Sport’ using the LDA model. It suggests that, in
order to capture more profound context hidden in the text, one
has to consider not only surface words, but also the relations
and semantics within it. By considering long-distance relations,
the LDA model can obtain a better result. It even obtain the
highest F1-score of 80.37% among all compared methods in
the topic ‘Travel’. All other methods fail to achieve such an
outstanding performance.

On the other hand, neural network-based methods like
DM and DBOW can further improve upon the aforementioned
methods for another 10% absolutely. They demonstrate the
ability to overcome weaknesses of bag-of-word models due to
the combinatorial nature of a vector-based model. In addition,
since the learning process considers all words in the document,
these methods, like the LDA, can include longer context
information into the vector representation. We also observe
that the difference between these two methods is very small.

Last but not least, DKV can further surpass other methods
and obtain the best overall F1-score. These results indicate
that topic can be sufficiently recognized by using only the
information from topic-specific keywords. It demonstrates that
word embedding can encode the complex relations between
keywords and their topics into a dense vector. By means of
an effective keyword weighting like LLR, we can give more
discriminating power to those unique vectors. Paired with a
robust vector-based classifier like SVM, our system can provide
substantial performances. Moreover, such an approach has

• NB and VSM use only surface word weightings, thus fail to reach 
satisfactory performances 

• LDA includes both local and long-distance word relations, leading 
to substaitial success  

• Neural-network based methods have robust representation power 
• DKV can successfully encode the relations between keywords and 

topics into a dense vector, leading to the best overall performance



Results II

• In the range from 200 to 4,000 keywords, F1-score is positively 
related to keyword size, however, 

• The difference is not obvious (< 0.1%) when we reach a certain 
amount (~2,000 keywords) 

• The contribution from keywords has saturated in our model, and 
simply adding more keywords would not lead to improvement 
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TABLE II. F1-SCORES (%) OF DIFFERENT SETTINGS FOR KEYWORD
SIZE IN DKV.

#KWs Sport Health Politics Travel Education Average
200 92.22 90.29 86.78 72.01 74.54 83.17
400 92.69 90.50 87.66 73.98 75.01 83.97
600 92.65 90.62 87.87 74.32 75.26 84.14
800 92.73 90.78 88.01 74.72 75.32 84.31

1000 92.77 90.68 88.19 75.10 75.62 84.47
2000 93.06 90.44 88.26 76.31 76.75 84.96
3000 93.07 90.26 88.44 76.65 76.91 85.07
4000 92.96 90.07 88.40 76.99 76.96 85.08

the advantage of requiring very little supervision and feature
engineering. It automatically learns the importance or weights
of various words inherently. However, for the topic ‘Travel’,
we are only able to achieve a less satisfactory result. This
suggests that the distribution of keywords in the training set
and the test set are not very consistent for this topic. Further
research on how to remedy this weakness is needed for us to
boost the performance of DKV.

In the second experiment, we want to explore if includ-
ing different amounts of keywords into DKV can affect its
performance. We set the size of keywords from 200 up to
4000 with other parameters remain unchanged, and observe
the variation in F1-scores. Table II shows an evaluation of
the effect of keyword size. Although it appears that F1-score
generally increases when more keywords are included, the
difference is not obvious when we reach a certain amount.
As indicated by underlines, using more than 2000 keywords
can only lead to a less than 0.1% absolute gain overall. For
some topics, the score is even slightly lowered when using
more keywords, indicating that some non-distinctive keywords
may have been included. Fig. 3 plots the results of different
keyword sizes to better visualize the trend of F1-scores. It
shows that the incline is very limited when we surpass 2000
keywords. It suggests that the contribution from keywords has
saturated in our framework, and simply adding more keywords
would not lead to obvious improvements. In order to further
increase the effectiveness of DKV, we may have to devise a
way of learning broader information beyond keywords in our
text representation framework.
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Fig. 3. Comparison of keyword size and overall F1-scores of DKV.

IV. RELATED WORK

Automatic categorization of documents has been an im-
portant research area. Most previous methods rely on some
measures of the importance of keyword features. The weights
of the keyword features are usually based on traditional statis-
tical methods such as TF*IDF, conditional probability, and/or
generation probability. For instance, [24] propose the TF*PDF
algorithm, which extends the above metric to avoid the collapse
of important terms when they appear in many text documents.
As stated in prior work, the IDF decreases the frequency value
for a keyword when it is frequently used. Thus, considering
different news sources or channels, the weight of a term from a
single channel is linearly proportional to the term’s frequency
within it, while exponentially proportional to the ratio of
documents that contain the term in the channel itself. Such
property can be utilized to automatically extract hot topics
across different sources. Thus, weighting of words have been
proven to be useful in text categorization.

Others have adopted machine learning approaches to auto-
matically recognize discriminative features for a topic. Topic
detection can be formulated as a supervised classification
problem [8], [25]. Given a training corpus containing a set of
manually-tagged examples of predefined topics, a supervised
classifier is employed to train a topic detection model to assign
(i.e. classify) a topic to a document. A Naı̈ve Bayes classifier
that uses semantic information is proposed to categorize text
[26]. Alternatively, categorization can be considered as a
clustering task. For instance, [14] attempted to find topics by
clustering keywords using a statistical similarity measure for
grouping documents, each of which represents a topic. The
clusters are then connected chronologically to form a time-
line of the topic. Furthermore, [27] use the tolerance rough set
model to populate a set of feature words into an approximated
latent semantic space. A complete-link clustering algorithm
can be applied to the extracted hot topic sets. As for neural
network-based methods, weighted average of vectors for word
representation has also been proposed in [28]. The advantage
of machine learning approaches is that they can achieve
substantial performance without much human involvement.

On the other hand, knowledge-base approaches have been
proposed to incorporate knowledge such as ontologies into
topic modeling and categorization. Ontology is a representation
that formulate entities, attributes, relationships, and axioms
within a domain in a human understandable, machine-readable
format [29]. These information, in addition to other linguistic
resources, can be incorporated into templates for detecting
the topic of a document [19]. They also can be utilized in
many research fields besides text categorization. For instance,
automatic knowledge construction from documents on the web
can be done using entity relationships [30]. Also, keyword or
key terms in a document can be identified through the use of
ontology [31]. More extensive applications include a recruit-
ment system to provide intelligent matching between employer
advertisements and the curriculum vitae of the candidates [32].
Another example is a travel route recommendation system
that finds customized routes for each tourist based on one’s
preferences [33]. They show that knowledge can be useful
in a variety of ways to support automatic systems. However,
the quality of knowledge can have a large impact on the
performances of these methods.
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Conclusions

• We present a novel model for text categorization 
using distributed keyword vectors as features 

• Demonstrated the potential of  strong representative 
power of  neural networks and effectiveness of  LLR 
in keyword selection 

• More keywords do not equal to better performance, 
but maybe related to the nature of  the corpus
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Future Work

• Improve keyword selection method 

• Deeper neural network for categorization 

• Incorporate semantic information into word vectors 

• Capture long-distance dependency 

• Explore other applications for our method
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Thank You

Questions or comments are welcomed!
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