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摘要

跨語言主題以往的研究大多建構在多語言文本，其中又以 Mimno
所發表的多語言主題模型(Polylingual Topic Model)最具代表，然而這
類的跨語言主題模型皆受限於文本結構，其表現隨著文本中相對應的
語言文章佔有比率減少而衰弛。類似的多語言對應文章像是歐洲議會
記錄或是香港政府公告，同樣一份內容會有多語言的對應版本，這樣
的資源並不容易取得，其文章種類及數量也相對一般文章而言稀少。
在汲取各語言主題的方法上，若是使用翻譯器或是翻譯人員，這樣的
方式不僅耗時且成本高昂，不同領域的用詞也會影響翻譯的正確性。
每個地區的人們所討論的主題不盡相同，過往的多語言主題模型
研究僅能汲取各語言共同的討論主題。本篇論文提出的方法採用三種
對應不同語言的文字向量空間方式來建構跨語言主題模型，不僅不需
要多語言對應文本，打破了過往多語言主題模型的限制，除了在多語
言主題的表現上能與 Mimno 的多語言主題模型比擬，還能有效汲取
僅在單一語言討論的主題。

關鍵字：主題模型、多語言主題模型、跨語言主題模型、文字向量空
間、多語言對應文本
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Abstract
Most of cross-lingual topic models in the previous work rely on the parallel or
comparable corpus. The polylingual topic model (PLTM) proposed by Mimno et al (2009)
is the most representative one. However, parallel or comparable corpus like Europarl and
Wikipedia are not available in many cases. In this thesis, we propose a method combining
the techniques of mapping word vector spaces between languages and topic modeling
(LDA). The cross-lingual word vector mapping enables us to map word vector spaces,
and LDA helps us group words into topics. Thus, we combine two techniques to construct
the cross-lingual topic model.
In contrast to PLTM, our proposed approach does not need the comparable or
parallel corpus to construct the cross-lingual topic model and identify the topics discussed
only in a single language.
We compare the performance of PLTM and our approach using UM-corpus (Tian,
L et al., 2014), an English-Chinese bilingual corpus. The results of the evaluations show
that our proposed approach could align the topics across languages properly and the
performance is comparable with the PLTM.

Keywords: LDA, Topic modeling, Cross-lingual topic model, Polylingual topic
model, Parallel corpus, Word vector space.
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CHAPTER 1 – Introduction
Over the past several decades, globalization has speeded up global interconnection,
and its influence has been widened on many aspects including economy, culture, societies,
and politics. As a result, international brands and figures have quickly emerged and
widely discussed on a global scale in different languages. For example, notable mobile
phones such as Apple iPhone, Samsung Galaxy, or Sony Xperia, may receive news
coverage and reviews from different corners of the world expressed in different languages.
To allow for a comprehensive and comparative understanding of how people feel about
some entities, opinions expressed at different places, often in different languages, need to
be taken into account in a holistic way. However, NLP tools in different languages, which
are essential for opinion mining, vary a lot in their maturity. Essential NLP tasks include
word segmentation, part-of-speech tagging, named entity recognition, word sense
disambiguation, and relation (dependency) extraction. As can be imagined, English, the
most widely spoken language worldwide and dominating language in scientific research,
is heavily researched in the NLP community and has the most complete NLP tools. Thus,
opinion mining for English text has the highest accuracy, as evidenced by a large number
of English-based social media monitoring tools. However, for NLP tasks in other
languages, more works need to be done.
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Topic Detection has emerged as an important analysis tool for large text collections.
There are already researches using probabilistic model for extracting topics hidden in the
text, and these approaches have shown outstanding performance in clustering documents
into topic-based categories. One of the state-of-the-art topic modeling methods is Latent
Dirichlet Allocation (LDA). LDA can capture coherence in a document collection
because semantically similar words tend to occur in similar contexts and is widely used
for analyzing topic trends in research literature (Mann et al.,2006; Hall et al., 2008),
inferring images captions (Blei and Jordan, 2003), social network analysis (McCallum et
al., 2005), and building up a more efficient query method by expanding search term with
related words in information retrieval (Wei and Croft, 2006). However, most existing
techniques consider only monolingual contexts, which is not sufficient now since the need
of handling multilingual context increases as more information shared between countries.
Due to the maturity of global interconnection, in addition to receiving the information
from the newspaper, more and more people receive digital information from social media
or mobile application in more than one languages. However, when it comes to crosslingual topic analysis, resources are unbalanced in different languages.
The ability to access and analyze documents in different languages has become an
important asset and an enriching experience for individuals, enterprises, and governments.
Recently, some works have been devoted to topic modeling that involves multiple
2

languages, called cross-lingual topic model. However, previous works on cross-lingual
(or bilingual) topic modeling connect the languages by assuming the existence of
comparable or parallel corpus (Kim &Khudanpur, 2004; Ni, Sun, Hu, &Chen, 2009; Tam
&Schultz, 2007; Zhao &Xing, 2006), which means, given a sentence or a document in a
specific language, there is a corresponding sentence or document in another language.
Most of the user-generated data, nevertheless, are unstructured, noisy and not aligned. A
straightforward approach is to apply machine translation techniques to construct
comparable corpus. However, there are limitations in machine translation, and the
incorrect translation will lead to a bad result in the subsequent analysis. Previous works
adopt parallel corpora like Europarl corpus (Koehn, 2005) and comparable corpus such
as Wikipedia (Ni et al, 2009) for inferring the cross-lingual topic models, with the
polylingual topic model (PLTM) (Mimno et al., 2009) being the most representative one.
PLTM, an extension of LDA, assists with detecting topic trends in the multilingual
comparable corpus. However, such comparable corpora are rare, and thus the proposed
cross-lingual topic model may have limited applicability. Besides PLTM, there is another
type of bilingual topic model (Boyd-Graber and Blei, 2009) that requires bilingual word
matching. However, the assumption of the existence of bilingual word matching causes
another problem—how to form the proper bilingual word matchings. Bilingual word
matchings derived from general dictionary usually would not work in special domains.
3

To tackle this problem, previous works leverage the resources in a resource-rich language,
usually English. Some works employ machine translation that directly translates text or
lexicon dictionary in a source language to a target language (Wan, 2009). Machine
translation system has been developed for years, however, their performance is still far
behind the performance of human expert translators especially in the specific domain.
Although PLTM allows for the absence of some document language versions, its
performance would drop significantly when the ratio of missing documents language
versions increases (Mimno et al., 2009). In this work, our proposed method links topics
across languages of each document without extra languages dictionary, nor does it require
parallel or comparable corpora, and yet it is able to identify coherent topics from a
collection of documents that are written in different languages.
Recently, representation learning methods, or deep learning, has been widely adopted
in many AI applications. Prettenhofer and Stein use correspondence learning algorithm
to map sentences from the source language to the target language (Prettenhofer &Stein,
2010). These word embedding methods learn common word representations for different
languages instead of directly looking into the textual structure. Mikolov, Le, and
Sutskever proposed to first construct word spaces for source and target languages
independently by using word2vec (Mikolov et al. 2013). It then applies a transformation
function, constructed from a bilingual dictionary, linearly mapping words from the source
4

language space to the target one, and the method performs well in translation task. The
method proposed by. Faruqui and Dyer utilize a bilingual dictionary in Canonical
correlation analysis (CCA) to project two different language spaces to a bilingual joint
vector space. In addition, Smith, Turban, Hamblin, and Hammerla employ single value
decomposition (SVD) to learn a linear transformation from top frequency translation pairs
in the corpus. They aligned 78 pre-trained FastText embeddings and the results are
promising. In this work, we incorporate the technique of cross-lingual word space
mapping into cross-lingual topic detection. As a result, our proposed methods construct a
cross-lingual topic model without requiring the parallel or comparable corpus, in contrast
to previous works in cross-lingual topic modeling.
We propose a method to construct three cross-lingual topic models separately by three
word space mapping methods, namely, Cross-Lingual Topic Model (CLTM) with Least
Square (CLTM-LS), Cross-Lingual Topic Model with CCA (CLTM-CCA) and CrossLingual Topic Model with SVD (CLTM-SVD). The three CLTMs apply the
corresponding word space mapping methods with the same word space of each language
constructed by word2vec, and then align the topics generated from the LDA of each
language. We use the existing parallel corpus: UM-Corpus (Tian, L et al., 2014) to
evaluate three CLTMs. The results of all three CLTMs show the capability of identifying
topics in UM-Corpus.
5

The contributions of this paper are:
⚫

We improve the limitation that the PLTM can be constructed only if there exists
a large comparable corpus.

⚫

We break the limitation that the PLTM could not retrieve the topic only
discussed in one language documents.

⚫

The topic model across languages allows for cross-country understanding by
providing marketers and analysts with the ability to characterize the contents of
collections in different languages and identify trends in topic prevalence.

The thesis is organized as follows. In Chapter 2, we introduce the related work of
the cross-lingual information retrieval. Then, we illustrate our approach in Chapter 3. The
experimental results are described in chapter 4. In the last chapter, we draw conclusions
and point out future research directions.
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CHAPTER 2 – Related Work
2.1 Cross-lingual Topic Model
Cross-lingual topic model was originally proposed in (Mimno et al., 2009; Ni et al.,
2009; Blei et al., 2009). It is derived from and seen as an extension of the monolingual
topic model, LDA, proposed by (Blei et al., 2003). The cross-lingual topic model needs
to collect cross-language tuples rather than a single language corpus. Each tuple is
composed of several comparable documents written in different languages but
addressing the same topics or issues. For example, an article in Wikipedia has several
language versions. This assumption on the existence of document tuple differentiates
the cross-lingual topic model from the monolingual topic model because it assumes
that documents in the same tuple share the same topic distribution. Table 2-1 shows
the performance of the polylingual topic model (PLTM) proposed in (Mimno et al.
2009) when varying the proportion p of full document tuples. As can be seen, when p
is lower than 0.25, the Jenson Shannon divergence will dramatically increase, making
the proposed cross-lingual model inapplicable.

7

Table 2-1: The Jenson Shannon divergence between a document’s derived topic vector
and the real topic vector when varying the proportion p of full document tuples. (Mimno
et al. 2009)
p

Mean Jenson-Shannon Divergence

0.01

0.83755

0.05

0.79144

0.1

0.70228

0.25

0.38480

0.5

0.29712

Furthermore, PLTM assumes that every topic in each language has a languagespecific discrete distribution over words (in that language). That is to say, each topic has
a set of cross-lingual word distributions. Figure 2-1 shows the graphical model, where
each language is denoted by l  {1, …, L}. To generate a document tuple w = (w1, …,
wL ) , the document-topic distribution 𝜃 is first drawn from Dirichlet distribution with
concentration parameter . There are L sets of language-specific topic-word distribution,

1, ..., L, where each distribution is drawn from another Dirichlet language-specific and
concentration parameter  l, 1  l L. For each document w l in w, a latent topic zl is drawn
for each word in w l by following . Each observed word is generated by following 𝜑𝑧𝑙 𝑙 .
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Figure 2‑1: The Plate Notation of Polylingual Topic Model (Mimno et al. 2009)

The polylingual topic models (Mimno et al., 2009; Ni et al., 2009) have been
extended to tackle several multilingual text mining problems.
2.2 Cross-lingual Word Representation
Some of the state-of-the-art works try to interpret text into semantic representation.
Unlike the previous approaches mentioned above, researches in this category do not need
syntactic information such as part-of-speech or dependency relation in the analyzing
process. Therefore, languages with fewer NLP resources can be analyzed. The most
frequently used technique is called word embedding, which was first developed by
Bengio et al. (2006) to represent high-dimensional data. The word-embedding technique
is later enhanced by (Mikolov, Corrado, Chen, &Dean, 2013), and they also created
word2vec, a toolkit for a more efficient vector space model training. When applying
word-embedding in sentiment analysis, instead of directly using the words in the
document themselves, the documents in the corpus will be transformed to a multi-
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dimensional vector space by machine learning approaches, with each vector representing
a word’s semantic representation. After the modeling process, either supervised or
unsupervised machine learning will be used to annotate each document with sentiment
polarity. Monolingual word vectors embed language in a high-dimensional vector space,
such that the similarity of two words is defined by their proximity in this space (Mikolov
et al., 2013). Multilingual learning can be categorized into projection-based approaches
and regularization-based approaches (Xing et al., 2015). In the projection-based
approaches, the embedding is contracted for each language individually with monolingual
data, and then one or several projections are learned using multilingual data to represent
the relation between languages (Xing et al., 2015). Mikolov’s method uses distributed
representation of words and learns a linear projection from a small bilingual data to map
the source language space to the target language space. Specifically, two sets of the word
vectors in different languages were obtained independently, and map word vectors from
the source language space to the target language space by a linear matrix T trained from
a dictionary. Outstandingly, despite its simplicity the precision of the procedure reaches
33% precision in translation task. Another similar method is Canonical correlation
analysis (CCA). CCA had previously been used to iteratively extract translation pairs
directly from monolingual corpora (Haghighi et al., 2008).

Faruqui & Dyer (2014)

showed that with the combination of CCA and dimensionality reduction it improved the
10

performance of monolingual vectors on standard evaluation tasks. Furthermore, Ammar
et al., (2016) extended CCA to map 59 languages into a single shared space by setting the
vector space of the initial (monolingual) English embeddings serve as the multilingual
vector space since English usually provides the large corpora and wide availability of
bilingual dictionaries and estimate projections from the monolingual embeddings of the
other languages into the English space. Another extension of CCA is Lu et al. (2015)
perform CCA in deep non-linear neural network. In addition, Xing et al. (2015) proposed
an approximate procedure composed of gradient descent updates and repeated
applications of the SVD which normalizes the word vectors on a hypersphere and
constrains the linear transform as an orthogonal transform. Xing et al. (2015) solve the
inherent inconsistency in the Mikolov’s approach based on unnormalized word vectors
and a linear transform. On the other hand, the regularization-based approaches relate to
the multilingual constraint in the objective function for learning the embedding. Zou et
al. (2013) proposed a method adding an extra term to reflect the distances of some pairs
of semantically related words from different languages into the objective function.
Another similar approach is proposed in (Klementiev et al., 2012), which casts
multilingual learning as a multitask learning and encodes the multilingual information in
the interaction matrix.

11

2.3 Topic Model with Word Representation
Latent Dirichlet Allocation (LDA) is a Bayesian technique that is widely used for
retrieving topics in corpora of documents. It conceives of a document as a probability
distribution on a small number of topics, and a topic as a (relatively sparse) distribution
over words (Blei et al., 2003). However, traditional topic models do not account for
semantic regularities in language. Distributional representations of words display
semantic consistency over directional metrics such as cosine similarity. However, neither
categorical nor Gaussian observational distributions used in existing topic models are
appropriate to leverage such correlations (Batmanghelich, K. et al, 2016). Recently, the
word embeddings learned from large, unstructured corpora have been showed the ability
to capture semantic regularities in language effectively. Thus, some previous works
perform LDA with word embedding to improve the performance. One way to employ
semantic similarity is to use the Euclidean distance between word vectors, which reduces
to a Gaussian observational distribution for topic modeling (Das et al., 2015). The cosine
distance between word embeddings is another popular method and has been proved to be
a good measure of semantic relatedness (Mikolov et al., 2013; Pennington et al., 2014).
Das et al. (2015) proposed a variant of LDA which performs on continuous space
embeddings of words for imposing the expectation of semantic regularities by replacing
the opaque word types normally modeled in LDA with continuous space embedding of
12

these words, which are extracted from multivariate Gaussian. Their model is able to group
words that are semantically similar and lead to more coherent topics by performing
inference over the vector representations of the word. Batmanghelich et al. (2016)
proposed a method utilizing von Mises-Fisher (vMF), which is well-suited to model such
directional data (Dhillon and Sra, 2003; Banerjee et al., 2005) but has not been previously
applied to topic models, depend on the cosine similarity between the word vectors instead
of Euclidean distance. In addition, Moody (2016) extends the Skipgram NegativeSampling (Mikolov et al., 2013) to construct unsupervised document representations,
lda2vec, generating coherent topics. With word, topic, and document vectors jointly
trained and embedded in a common representation space Moody’s method preserves
semantic regularities between the learned word vector and generates sparse and
interpretable document-to-topic proportions in the way of LDA.

The word embeddings have been incorporated to produce state-of-the-art results in
numerous supervised natural language processing tasks; however, most of the previous
works performed or extend the traditional LDA with word embedding focus on the
monolingual corpus although there already have some works mapping word vector spaces
with different languages. On the other hand, the need of parallel or comparable documents
for PLTM is inefficient in the real world, since that kind of documents is too scarce. Thus,
13

we propose an approach that incorporates the techniques of word representation mapping
and traditional LDA to construct the cross-lingual topic model (CLTM) for tackling the
problem of PLTM and extend the ability of traditional LDA with the word embedding.

14

CHAPTER 3 – Our Approach

Figure 3-1: Approach framework
Word embedding was first developed by Bengio et al. (2006) to represent highdimensional data and later enhanced by (Mikolov, Corrado, Chen, &Dean, 2013), who
also created word2vec, a toolkit for a more efficient vector space model training. We use
word embedding for mapping words of different languages to their corresponding vectors,
and the similarities between words in different languages can be subsequently measured.

15

Formally, we are given a monolingual document sets Di, 1  i  n , where n is the number
of languages considered. In this section, we describe three methods to map words in
different languages and LDA for constructing a topic model. Figure 3-1 shows our
approach framework.

3.1 Word representation

We adopt skip-gram to train word representations efficiently from a large volume of
text dataset. The idea is to build word vector space model that predicts word’s contexts
well at the sentence level. In this research, we do not use original full softmax skip-gram
but utilize negative sampling skip-gram to improve efficiency.
As a result shown in Mikolov et al (2013), skip-gram is capable of generating word
vectors that well preserve their semantics. For example, ‘fox’ and ‘cat’ may be assigned
word vectors that are highly similar because their context words in corpus could be quite
similar, e.g., ‘quick’, ‘brown’, ‘jumps’, and ‘over’.

3.2 Word vector mapping method

In the previous step, we have constructed a word vector space model for words in
each language. To map words in different language, we apply three methods, namely
Linear Projection by Least Squares, Linear Projection with Canonical Correlation
Analysis (CCA) and Orthogonal Transformations by using the singular value
16

decomposition(SVD), proposed by Mikolov et al. (2013), Faruqui et al. (2014) and
Samuel L. Smith et al. (2017) respectively.
The idea is that the mapped word vector of a word should be close to the vector of
the translated word. Consider the Chinse document set Dc and the English document set
De. We first select top N frequent words in Dc , then build a bilingual dictionary by google
i
𝑑
translation API. We denote the dictionary as {vci , vei }𝑁
𝑖=1 , where vc ∈ ℝ denotes the

Chinese word vector of 𝑖th Chinese word and vei ∈ ℝ𝑑 the English word vector of its
translated word.
3.2.1 Linear Projection by Least Squares
Mikolov et al. (2013) proposed a method that can translate word by mapping
between languages from small bilingual data. They applied a linear transformation W to
the source language and used stochastic gradient descent to minimize the squared
reconstruction error:
𝑛

2

min ∑‖𝑊vci − vei ‖
𝑊

(1)

𝑖=1

After learning W from the training data, any word vector in the source language
can be mapped to the target by computing vei = 𝑊vci . Cosine similarity can be used
for evaluating the similarity between two vectors of source and target languages.
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3.2.2 Linear Projection with CCA
There is another projection method which projects two vector space semantic models
constructed in two languages onto a common vector space. Faruqui et al. (2014) proposed
a simple technique based on canonical correlation analysis (CCA) for incorporating
multilingual evidence into vectors generated monolingually. CCA connects two sets of
variables by finding linear combinations of variables that maximally correlate. In this
case, let 𝐶 𝑐 ∈ ℝ𝑛1 ×𝑑1 and 𝐶 𝑒 ∈ ℝ𝑛2 ×𝑑2 be Chinese and English corpus embeddings
vector space where rows represent words. Normally, the size of two corpus are different,
thus there might not exist translation for each word of Cc in Ce. Let wc be a Chinese word
and we be the translated English word. Let 𝑗 and k be two corresponding vectors from
wc in Cc and we in Ce, and U and V be two projection matrices. Then, the projected vectors
are:
𝑗 ′ = 𝑗𝑈 𝑘 ′ = 𝑘𝑉

(2)

and the correlation of two projected vectors can be written as:
′

E[𝑗′ 𝑘 ′ ]

′

𝑝(𝑗 , 𝑘 ) =

√E[𝑗 ′ 2 ]E[𝑘′ 2 ]

(3)

CCA maximizes p for the given set of vectors 𝑗 ′ and 𝑘 ′ and outputs two projection
vectors u and v:
𝑈, 𝑉 = CCA(𝑗, 𝑘) = arg max 𝑝(𝑗𝑈, 𝑘𝑉)
𝑈,𝑉
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(4)

We can project the entire corpus of the two languages Cc and Ce, by using U and V and
apply equation 1. To summarize:
𝑈, 𝑉 = CCA(wc , we )
𝐶𝑐∗ = 𝐶𝑐𝑈
Where,

𝑈 ∈ ℝ𝑛1 ×𝑛 ,

𝑉 ∈ ℝ𝑛2×𝑛

𝐶𝑒∗ = 𝐶𝑒𝑉

contain the projection vectors and

(5)
(6)
𝑛=

min{𝑟𝑎𝑛𝑘(𝑈), 𝑟𝑎𝑛𝑘(𝑉 )}. Thus, the resulting vectors will be shorter than the original
vectors. The translations problem of not having specific domain dictionary can be solve
by CCA, since V and U can be used to project the whole corpus.
3.2.3 Orthogonal Transformations by SVD
Samuel L. Smith et al. (2017) proposed a method built on Dinu et al. (2014) and
proved that the transformation is a rotation found by using the singular value
decomposition (SVD) which mean that a self-consistent linear transformation between
vector spaces is orthogonal. The similarity matrix 𝑆 = 𝐶 𝑒 𝑇𝐶 𝑐 T , which Ce and Cc are
word vector matrices for English and Chinese respectively and each row contains a vector
that computes the cosine similarity between all possible pairs of source and target words.
Standard implementations of the SVD return the singular values in descending order. The
larger the singular value, the more rapidly the mean cosine similarity of the dictionary
decreases if the corresponding vectors are distorted (Smith et al., 2017). The matrix T
maps the source language into the target language and is an orthogonal matrix satisfying
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TTT = I, where I denoted the identity matrix. To compute T that best preserves the
similarity between each pair of (we, wc) , we can compute the SVD of 𝑁 = 𝑊 𝑒 T 𝑊 𝑐 =
𝑈𝛴𝑉 T , and we simply assign T = UV T, where 𝑖 𝑡ℎ 𝑟𝑜𝑤 𝑜𝑓 {𝑊 𝑒 , 𝑊 𝑐 } corresponds to
English and Chinese word vectors of the ith pair in the dictionary. N is a square matrix
whose dimensionality is the same as the word vectors and that make this step efficient. 
is a diagonal matrix containing the singular values while U and V consist of columns of
orthogonal vectors. The cost function is minimized by T = UV T. Following is the
optimized similarity matrix.
𝑆 = 𝐶 𝑒 𝑈𝑉 T 𝐶 𝑐 T

(7)

T

𝑆𝑖𝑗 = 𝐶𝑖𝑒 𝑈𝑉 T 𝐶𝑗𝑐

(8)

= (𝑈 T 𝐶𝑖𝑒 )‧(𝑉 T 𝐶𝑗𝑐 )

(9)

After the above calculation, we map both languages into a single space and the similarity
of 𝐶𝑖𝑐 and 𝐶𝑗𝑒 would be maximized by applying the transformation V

T

to the source

language and U T to the target language.

3.3 Cross-Lingual Topic Model (CLTM)

For simplicity, we derive topic model from LDA, though our approach is general
and can be applied to other topic modeling technique. In the following, we describe the
process to combine LDA and cross-lingual word space for dealing with multilingual
textual data in order to reach our main goal detecting topic across languages.
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We first generate two sets of document-topic matrix and topic-word matrix, denoted
(c, c) and (e, e) respectively, where c(e) is the document-topic distribution for
Chinse (English) documents and c(e) is the topic-word distribution for Chinese
(English) documents, by performing LDA on Chinese and English document sets. Next,
for English topic t, we average the word vector ve(t) for those words selected from the
highest K values in e(t) for mapping it to the Chinese space to obtain ve(t) using the three
word vector mapping methods described before. The similarity between ve(t) and vc(t’) is
computed using cosine similarity. To align similar topics across two languages we require
the technique of data clustering which is able to cluster the similar topics and mark the
outliers. For the above purposes, we chose DBSCAN proposed by M. Ester et al (1996)
to group the topics. DBSCAN is a density-based clustering algorithm which groups
together points that are closely packed together and mark the outlier points whose nearest
neighbors are too far away. Therefore, we perform DBSCAN by using implemented on
Scikit-learn’s implementation1 to group all average word vectors of each topic, so that
the similar topics will be grouped together, and the outliers will be isolated since those
topics only exist in one language documents. Algorithm 1 shows the algorithm of our
processing.

1

Scikit-learn’s implementation of DBSCAN is available at:
http://scikit-learn.org/stable/modules/generated/sklearn.cluster.DBSCAN.html
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Algorithm 1: Mapping topic across languages with each transformation matrix
1

TL = [ 𝑇𝐿𝑆 , 𝑇𝐶𝐶𝐴 , 𝑇𝑆𝑉𝐷 ]

2

CL = [ ] //store three coherent LDA models

3

Input: 𝐷c , 𝐷e , TL

4

Output: A list containing three coherent LDA models

5

Build an LDA model 𝐿c = ( 𝜃 𝑐 , 𝜑𝑐 ) from 𝐷c

6

Build an LDA model 𝐿e = ( 𝜃 𝑒 , 𝜑𝑒 ) from 𝐷𝑒

7

For each 𝑇 in TL:

8

Chinese_topics, English_topics = [ ], [ ]

9

For each topic 𝑡 in 𝐿e :

10

𝑃 = Select the top 𝐾 words from t

11

𝑣 𝑒 (𝑡) = 𝑇 ∙ avg 𝑣𝑤𝑒

12

English_topics.append(𝑣 𝑒 (𝑡)) //push the average word vectors of each topic

13

𝑤∈𝑃

For each topic 𝑡′ in 𝐿c:

14

𝑃 = Select the top 𝐾 words from 𝜑𝑡

15

𝑣 𝑐 (𝑡′) = avg 𝑣𝑤𝑐

16

Chinese_topics.append(𝑣 𝑐 (𝑡′)) //push the average word vectors of each topic

𝑤∈𝑃

17

M = DBSCAN(English_topics  Chinese_topics)

18

//Use DBSCAN to cluster similar topics for all topics in English_topics and

19

//Chinese_topics

20

CL.append(M) //Push the result to the list

21

Return CL
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CHAPTER 4 – Experiments
4.1 Data Collection
To compare our proposed approach to the PLTM, we leverage UM-Corpus, a
parallel corpus initially designed for machine translation between Chinese and English.
There are eight different domains in UM-Corpus, News, Spoken, Laws, Thesis,
Educational, Materials, Science, Speech/Subtitles, and Microblog, collected from duallanguage websites. In general, the news domain contains more diversified topics than
other domains which allow us to evaluate the performance of the proposed cross-lingual
topic model in a more comprehensive way. Thus, we chose it as our dataset for the
following experiments. The dataset contains 450K pair sentences and covers topics such
as Economy, Technology, Education, Society, and Politics. To extract lexical features,
we apply Jeiba2 to segment news into word and Stanford Parser3 to tag part-of-speech
each word in Chinese corpus and perform Spacy Python API 4 to tokenize sentence,
lemmatize each word and tag part-of-speech in English corpus. At last, to make each topic
more clearly noun and verb words are preserved for the following experiments.

2
3

4

Jeiba is available at: https://github.com/fxsjy/jieba
Stanford Parser is available at: https://nlp.stanford.edu/software/lex-parser.html
Sapcy Python API is available at: https://spacy.io/
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4.2 Word representation for each language

After natural language processing, 29,818 Chinese words and 21,571 English
words are obtained. Next, we train word vectors by using word2vec and the parameter
settings of skip gram are shown in Table 4-1. To measure the resultant English word space,
we apply WordSimilarity353 (WS-353) Test Collection which contains hundred English
word pairs scored by linguistic experts. We evaluate our English word space by
measuring Pearson correlation and Spearman’s rank of each pair and comparing to those
given by humans. As the result shown in Table 4-2, the correlation value of our English
word space is comparable to that in extant studies. In Chinese, it is difficult to measure
the resultant Chinese word space since the lack of test collection like Ws-353. Thus, in
the next section, we evaluate the cross-lingual word space with cosine similarity instead
of struggling in measuring the performance of Chinese word space.
Table 4-1: Parameter settings of skip-gram
Chinese

English

Dimension

100

Window_Size

5

Min_Count

15

Negative

8
10

Sampling_Rate

1E-04

8E-05

626

1027

The number of most-common
words downsamples
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Table 4-2: Assessing performance of English model on WS-353 and comparing with
other previous studies.
Spearman’s rho

Pearson’s r

0.305

0.271

0.415

0.536

C&W (Collobert et al, 2008)

0.5

N/A

WikiRelate (Strube et al, 2006)

N/A

0.48

Our approach

0.516

0.525

Algorithm
WNE
(Hassan et al, 2011 and Jarmasz, M., 2012)

ROGET
(Hassan et al, 2011 and Jarmasz, M., 2012)

4.3 Ｍapping word vectors across languages

For learning the translation matrix, we extract Chinese words which occur at least
100 times in our dataset, resulting in 6,675 words. These Chinese words are translated
into English words by Google translate. Finally, 3,133 translation pairs are obtained and
used for applying three word vector mapping methods to align the word vector spaces in
languages. In order to compare three word vector mapping methods, we perform them
with the same word vectors, translation pairs, dimension setting and K. First, we train the
translation matrix with the method proposed by Mikolov and use the optimizer Adam
algorithm proposed by Kinga et al. (2015) to speed up the training process and set the
early stop when loss value reaches 0.0030 based on the result of training process shown
in the Figure 4-1. Second, we gain the results of Faruqui’s method by using Scikit-learn’s
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implementation5 of CCA with default parameters. Though Faruqui et al (2014) imply
that we should select 80% of the correlated dimension for the performance, we do not
apply dimensionality reduction following CCA to enable a fair comparison with other
methods. Last, we apply Samuel’s method (2017) using their toolkit 6 with the default
setting to extract an orthogonal matrix to mapping two word vector spaces.

Figure 4‑1: Loss values of each step
We perform 10-fold cross-validation on translation pairs to evaluate the crosslingaul vector spaces. Translation pairs are partitioned into training pairs (90%) employed
in training translation matrix and testing pairs (10%) for evaluation. Therefore, our

5

Scikit-learn’s implementation of CCA is available at: http://scikitlearn.org/stable/modules/generated/sklearn.cross_decomposition.CCA.html
6
Samuel’s toolkit is available at: https://github.com/Babylonpartners/fastText_multilingual
26

evaluation is to directly estimate the cosine similarity of testing pairs in three cross-lingual
word spaces individually. As the result shown in Table 4-3, the performances of Least
Square and SVD is better than CCA. The reasons why the performance of CCA is worse
than the others is because CCA projects two word spaces to a common space in contrast
to the Least Square and SVD that map the source space to the target space and we do not
apply the dimensionality reduction on CCA. Thus, its word space is more random than
the others. We show the similarity of 10 translation pairs in test data performing on each
method in Table 4-4. As can be seen, the result of CCA is relatively worse than the others.

Table 4-3: Cosine similarity performances of three cross-lingual word spaces
Cross-lingual word space with mapping

10-Fold Cross-Validation

methods

Average Similarity (%)

Least Square

81.8%

CCA

57.1%

SVD

82.1%

Table 4-4: 10 test pairs similarity of each cross-lingual word space
Chinese

English

Least Square

CCA

SVD

分娩

childbirth

0.8665

0.7866

0.8310

污水

sewage

0.9690

0.7228

0.9688

天文學家

astronomer

0.9513

0.8249

0.9256

佛教

buddhism

0.9736

0.7695

0.9753
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叛亂

rebellion

0.8356

0.6423

0.8401

程式師

programmer

0.9547

0.6579

0.9542

百萬富翁

millionaire

0.9445

0.5808

0.9517

誹謗

defamation

0.9234

0.6580

0.9266

愛滋病毒

hiv

0.9107

0.7966

0.9067

指紋

fingerprint

0.9772

0.8774

0.9621

4.4 Topic number setting
Before constructing LDA, we need to find the best number of topics for PLTM and
our proposed approach. Therefore, we build eleven PLTM models by setting the number
of topics between 2 and 22 using Mallet toolkit 7. After performing the PLTM of 2 topic
and other numbers of topic, we manually decided that 16 is the proper number of topics
since it contains more topic information than other models. Table 4-5 shows the results
of PLTM with 2, 4, 8, and 16 topics, several clusters contain irrelevant words of topics
except the result of PLTM with 16 topics. For instance, Topic 4 of PLTM with 4 topics
include the words related to election and terrorist attack, which can be further divided
into Election and Terrorist Attack. Thus, we select 16 as the number of topics for the
following experiments.

7

Mallet toolkit is available at: http://mallet.cs.umass.edu/topics-polylingual.php
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Table 4-5: Topic words of PLTM with 2, 4, 8 and 16 topics
#Topic PLTM

Manual Label

with 2
topics

International
Affairs

with 4
topics

International
Affairs

with 8
topics

International
Affairs

1

with
16
topics

with 2
topics

International
Affairs

Common words

with 4
topics

Common words

with 8
topics

Common words

with
16
topics

Common words

2

Chinese Topic words
English Topic words
安哥拉, 莫桑比克, 亿美元, 奥巴马, 葡萄牙,
俄罗斯, 万美元, 佛得角, 以色列, 伊拉克
china, year, government, percent, million,
system, president, company, country, state
安哥拉, 莫桑比克, 亿美元, 葡萄牙, 万美元,
佛得角, 马普托, 罗安达, 投资者, 航空公司
china, year, percent, million, company, chinese,
market, billion, government, world
安哥拉, 莫桑比克, 亿美元, 葡萄牙, 万美元,
佛得角, 马普托, 罗安达, 航空公司, 天然气
percent, million, china, year, company, billion,
angola, oil, mozambique, chinese
安哥拉, 莫桑比克, 葡萄牙, 佛得角, 马普托,
万美元, 罗安达, 亿美元, 里斯本, 天然气
million, company, angola, mozambique, oil,
percent, china, portuguese, brazil, portugal
意味着, 是因为, 科学家, 年轻人, 办公室,
其他人, 一部分, 互联网, 消费者, 应用程序
people, time, like, life, work, way, day, good,
know, want
意味着, 是因为, 年轻人, 办公室, 其他人,
互联网, 毕业生, 耶和华, 是不是, 大学生
people, like, time, life, work, way, day, good,
know, want
意味着, 是因为, 办公室, 其他人, 年轻人,
是不是, 打电话, 注意力, 任何人, 接下来
people, time, like, work, life, want, know, way,
good, think
意味着, 是因为, 年轻人, 其他人, 全世界,
同性恋, 所有人, 任何人, 科学家, 吸引力
people, life, way, think, good, want, like, know,
time, work
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3

4

with 4
topics

Research and
Medical

with 8
topics

Research and
Medical

with
16
topics

Science

with 4
topics

Election and
Terrorist Attack

with 8
topics

Terrorist Attack

with
16
topics

Terrorist Attack

with 8
topics

Election

Election

topics

6

with 8
topics

system, water, paper, high, method, use, study,
time, control, data
科学家, 结果表明, 对照组, 蛋白质, 葡萄酒,
巧克力, 有助于, 心脏病, 是因为, 糖尿病
water, group, food, blood, found, study, body,
effect, high, rate
结果表明, 混凝土, 稳定性, 发动机, 动力学,
二氧化碳, 太阳能, 科学家, 放射性, 非线性
water, high, method, paper, energy, process,
temperature, analysis, air, structure
奥巴马, 俄罗斯, 以色列, 伊拉克, 领导人,
联合国, 阿富汗, 巴基斯坦, 委员会, 候选人
people, president, government, world, united,
country, state, obama, china, american
俄罗斯, 以色列, 伊拉克, 领导人, 联合国,
阿富汗, 巴基斯坦, 委员会, 叙利亚, 布什总
统
president, government, people, united, country,
south, state, north, military, war
俄罗斯, 以色列, 阿富汗, 巴基斯坦, 伊拉克,

5
with
16

结果表明, 科学家, 计算机, 应用程序, 有助
于, 数据库, 对照组, 意味着, 服务器, 实验
室

Computer
Science

联合国, 领导人, 叙利亚, 乌克兰, 发言人
government, president, united, military, country,
minister, north, south, security, russia
奥巴马, 候选人, 消费者, 投资者, 民主党,
共和党, 参议员, 克林顿, 麦凯恩, 人民币
year, market, company, financial, obama,
money, china, world, economy, business
奥巴马, 委员会, 候选人, 民主党, 共和党,
参议员, 华盛顿, 克林顿, 布什总统, 麦凯恩
president, obama, state, party, house, american,
bush, washington, election, united
计算机, 应用程序, 结果表明, 数据库, 服务
器, 机器人, 混凝土, 发动机, 稳定性, 解决
方案
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system, paper, method, data, use, high, design,
control, process, model
计算机, 应用程序, 数据库, 服务器, 机器人,
with
16
topics

Computer
Science

with 8
topics

Education

7
with
16
topics

Education

with 8
topics

Religion and
Entertainment

8
with
16
topics

Religion

9

with
16
topics

Culture

10

with
16
topics

Sport

with
11

16
topics

Medical

with
12

16

Society

解决方案, 一部分, 传感器, 控制系统, 意味
着
system, data, information, use, control, paper,
design, time, computer, model
毕业生, 大学生, 图书馆, 现代化, 社会主义,
年轻人, 研究所, 商学院, 一部分, 重要性
chinese, university, people, china, development,
school, education, social, world, study
毕业生, 大学生, 年轻人, 研究所, 商学院,
科学家, 一部分, 负责人, 研究员, 美国之音
university, school, chinese, china, people,
english, college, study, year, work
耶和华, 运动员, 奥运会, 俱乐部, 加拿大,
洛杉矶, 博物馆, 意大利, 设计师, 好莱坞
like, old, man, world, day, home, city, time,
come, away
耶和华, 圣诞节, 是因为, 意味着, 基督教,
受害者, 一部分, 以色列, 全世界, 犹太人
man, like, day, people, time, come, away, god,
old, let
洛杉矶, 艺术家, 好莱坞, 博物馆, 詹姆斯,
史密斯, 设计师, 迈克尔, 杰克逊, 查尔斯
like, film, old, music, world, time, book, movie,
story, love
澳大利亚, 意大利, 加拿大, 奥运会, 西班牙,
运动员, 俱乐部, 墨西哥, 航空公司, 世界杯
world, city, air, time, team, space, area, south,
sea, year
对照组, 蛋白质, 科学家, 结果表明, 心脏病,
糖尿病, 艾滋病, 可能性, 维生素, 死亡率
group, blood, study, body, effect, disease,
health, found, treatment, control
现代化, 社会主义, 重要性, 图书馆, 全球化,
发展中国家, 资本主义, 气候变化, 竞争力,
有利于

topics
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development, china, system, chinese, social,
law, education, country, culture, management
消费者, 互联网, 投资者, 制造商, 创始人,
13

14

with
16
topics

Electronic
Commerce

with
16
topics

Job Finding

with
15

16
topics

Finance and
Economic

with
16

16
topics

Food

智能手机, 信用卡, 董事会, 首席执行官, 亚
马逊
company, business, money, market, internet,
online, apple, like, service, price
办公室, 意味着, 是因为, 其他人, 求职者,
注意力, 打电话, 接下来, 是不是, 一段时间
time, people, work, day, want, job, need, know,
like, way
亿美元, 万美元, 投资者, 人民币, 增长率,
金融危机, 经济学家, 经济体, 澳门元, 房地
产
year, percent, china, billion, million, growth,
world, financial, economic, market
葡萄酒, 巧克力, 一部分, 办公室, 牛仔裤,
科学家, 意大利, 是因为, 麦当劳, 动物园
like, food, water, white, black, red, green, room,
eat, away

4.5 Cross-lingual Topic Model (CLTM)

According the result of section 4.4, we set 16 as the number of topic for building
topic model in each language, resulting in total 32 monolingual topics. Next, we apply
our proposed CLTM to group monolingual topics into 16 clusters. so that similar topics
will be grouped together, and the outliers are the topics only discussed in one language
documents. The parameter settings of CLTM with three different mapping methods are
shown in Table 4-6. Due to the diverse density of mapping spaces, different EPS is
adopted in three different methods for acquiring the same number of resultant topics.
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Table 4‑6: The parameter settings of DBSCAN

EPS

CLTM-LS

CLTM-CCA

CLTM-SVD

0.154

0.403

0.165

K

30

min samples

1

Table 4-7 shows some topic clusters of CLTM-LS and their representative words.
To visualize the effect of topics obtained by CLTM, we employ t-SNE algorithm (Maaten
et al., 2008) to reduce topic centroid vectors from 100-dimension to 2-dimension of
CLTM-LS for visualization shown in Figure 4-2. We also provide the results of CLTMCCA and CLTM-SVD in the appendix. The reason why we only deliver the result of
CLTM-LS is the performances of CLTM with different mapping method approximate
each other (see Table 4-9, Table 4-11 and Table 4-15)
Table 4‑7: Topic clustering results of CLTM-LS, where the member names preceded by
character “C” and “E” represent topics from Chinese and English models respectively.
ClusterId

0

Members

C0, E1

Human Label

Representative words

Election

奧巴馬, 候選人, 民主黨, 共和黨, 參
議員, president, obama, bush, state,
party

1

C1, C4,
C11, E0

伊拉克, 巴基斯坦, 阿富汗, 利比亞,
Terrorist attack

穆斯林, government, president, united,
minister, military
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2

C2, C12,
E2, E7, E11

投資者, 億美元, 消費者, 人民幣, 房
地產, market, financial, money, bank,

Finance and
economic

china
3

C3, E14

Scientific
research and
technology

應用程式, 電腦, 資料庫, 伺服器, 機
器人, data, information, use, system,
software
結果表明, 對照組, 蛋白質, 心臟病,

4

C5, E5

Medical

糖尿病, group, blood, disease, study,
treatment

6

7

10

C7, C9,
C15, E3

International
affair

維德角, 航空公司, 澳大利亞, 葡萄
牙, 東帝汶, company, million, angola,
mozambique, china

Common
C8, E6, E10

words

意味著, 其他人, 是因為, 辦公室, 是
不是, people, time, work, like, life

C14, E4

Education

畢業生, 年輕人, 大學生, 求職者, 商
學院, university, school, china, chinese,
year
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Figure 4‑2: The result of CLTM-LS

4.6 Experiment Design
To simulate the difficulty of modeling comparable corpora in the real world, we
decrease the percentage of comparable sentence pairs gradually in our dataset for tracing
the PLTM performance and comparing to our proposed approach. In the following
experiments, we preserve 95%, 90%, 75%, 50%, 25%, 10% and 1% comparable sentence

35

pairs in our dataset. In other words, 5%, 10%, 25%, 50%, 75%, 90% and 99% respectively
sentence pairs are removed one of languages randomly to construct PLTM.
For eliminating the impact of sentences without having obvious topic content, the
sentences whose prevalence of most significant topic is greater than a threshold 0.7 are
extracted. As a result, 96,305 sentences were retained from our dataset. To contrast the
performance of above topic models we use three commonly measurements to evaluate,
entropy for sentence topic proportion, Jensen Shannon Divergence (JSD) proposed by
Lin, J. (1991) for the divergence of document topic distribution between Chinese
sentences and English sentences and topic word coherence for the words in topic.
4.7 Experimental Result

4.7.1 Entropy of each topic model

Normally, a topic model with higher entropy indicates that the model is worse in
detecting topic prevalence of sentences. The lower entropy of topic model reveals that
topic model is more capable to uncover topical contents. For our experiment settings in
section 4.6, a good topic model is expected to get lower average entropy. Therefore, we
average the entropy of topic proportion in each sentence for each topic model to provide
Table 4-8 & Table 4-9.
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Table 4‑8: Entropy of PLTM
PLTM

Full

95%

90%

75%

50%

25%

10%

1%

0.8132

0.9453

0.9381

1.0129

1.0505

1.1181

1.1525

1.1605

Average
Entropy

Table 4‑9: Entropy of CLTM
CLTM

LS

CCA

SVD

Average Entropy

0.8295

0.8390

0.8228

Entropy of PLTM and CLTM
1.4

1.2

Entropy

1

0.8

0.6

0.4

0.2

0
Full

95%

90%

75%

50%

25%

10%

1%

LS

CCA

SVD

Topic Model

Figure 4‑3: Entropy of PLTM and CLTM
As the result shown in Figure 4-3, the performance of our method almost reaches the
PLTM that leaving all sentence pairs intact. The CLTM-LS has the best outcome, 0. 8295
entropy, of three word vector mapping methods although they are not much different.
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4.7.2 Jensen Shannon Divergence (JSD) of document topic distribution

As sentences of different languages from the same pair address the same topic, thus
for each pair’s sentences, we can calculate the divergence between their topic
distributions by JSD.

The lower JSD, the more similar the topic distributions they are.

Table 4‑10: JSD of PLTM
PLTM

Full

95%

90%

75%

50%

25%

10%

1%

0.1912

0.2329

0.2331

0.2948

0.3253

0.4428

0.5076

0.5797

Average
JSD

Table 4‑11: JSD of CLTM
CLTM

LS

CCA

SVD

Average JSD

0.3940

0.4058

0.3827
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JSD of PLTM and CLTM
0.7

0.6

0.5

JSD

0.4

0.3

0.2

0.1

0
Full

95%

90%

75%

25%

50%

10%

1%

LS

CCA

SVD

Topic Model

Figure 4‑4: JSD of PLTM and CLTM

From the results in Figure 4-4, as expected, JSD is higher when we provide fewer
complete sentence pairs, and it significantly decreases as the percentage of comparable
pairs increase.

Table 4-12 & Table 4-13 are resultant topics from PLTM. In Table 4-12,

at 1%, English topic words for all topics are irrelevant to Chinese topic words, and in
Table 4-13, at 25%, English top words for all topics are related to the Chinese one. On
the other hand, the performances of our method are among the 25% to 50% PLTM which
means that the topics are aligned properly in our outcomes, and CLTM-LS has the best
result from the others.
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Table 4‑12: Topics of PLTM with 1% comparable corpora
ZH

伊拉克 巴基斯坦 阿富汗 澳大利亞 布希總統

EN

system paper method model data

ZH

應用程式 洛杉磯 智慧手機 互聯網 創始人

EN

English like film news music

ZH

奧巴馬 候選人 民主黨 參議員 共和黨

EN

method paper model analysis structure

Topic

Topic

Topic

Table 4‑13: Topics of PLTM with 25% comparable corpora
ZH

敘利亞 阿富汗 巴基斯坦 發言人 聯合國

EN

government people military police city

ZH

電腦 現代化 機器人 圖書館 資料庫

EN

system development paper technology design

ZH

奧巴馬 俄羅斯 委員會 華盛頓 候選人

EN

president Obama state party minister

Topic

Topic

Topic

4.7.3 Word coherence of topic

As the result shown in Table 4-13, the words of different languages in a topic have
the similar and coherent meaning, e.g., ‘電腦’ and ‘system’ both are related to technology,
‘奧巴馬’ and ‘president’ are about to the election. To evaluate the coherence of every
resultant cross-lingual topic, we base on the assumption of the distributional hypothesis
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(Harris, 1954) that similar words tend to co-occur in the same contexts. Thus, we evaluate
topics of each model with the UMass coherence (Mimno et al. 2011) to decide the number
of topic in PLTM on our dataset. We show UMass coherence formula in equation (10).
In this metric, pointwise mutual information (PMI) score of every two-words combination
from top N representative words of a topic is calculated. Hence, the higher average score
of a topic indicates the more coherent topic. Notice that PMI scores are estimated in
document level (Röder, M. et al., 2015), where ϵ is added to avoid logarithm of zero.
𝑁 𝑖−1

𝑃(𝑤𝑖 , 𝑤𝑗 ) + 𝜖
1
𝐶𝑈𝑀𝑎𝑠𝑠 =
∑ ∑ log
𝑁∙𝑁
𝑃(𝑤𝑗 )

(10)

𝑖=2 𝑗=1

We revised the formula 10 to the formula 11 for measuring the word coherence of
the CLTM and PLTM, since original UMass scores is used to measure the monolingual
topic model.
𝐶

𝐸

𝑃(𝑤𝑖 , 𝑤𝑗 ) + 𝜖
1
𝐶𝑈𝑀𝑎𝑠𝑠_𝑟𝑒𝑣𝑖𝑠𝑒𝑑 =
∑ ∑ log
𝐶 ∙𝐸
𝑃(𝑤𝑗 )

(11)

𝑖=1 𝑗=1

We combine each sentence pair into one combined sentence so that the PMI scores
are estimated in the combined sentence level. Given a topic, we retrieve the top C Chinese
words and the top E English words sorted in descending order of their probabilities in the
topic word vector. In this revised metric, only two-words combination of different
language will be evaluated for obtaining more precise measurement. As can be imagined,
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the PMI value is negative, and the closer to 0 the better. Detailly, we estimate each topic
with top 100 words of each language and 𝜖 is 1E-20.

Table 4‑14: Coherence of PLTM
PLTM

Full

95%

90%

75%

50%

25%

10%

1%

-20.269

-24.163

-24.597

-26.074

-27.132

-28.964

-31.628

-33.796

Average
Coherence

Table 4‑15: Coherence of CLTM
CLTM

LS

CCA

SVD

Average Coherence

-18.6837

-18.5980

-18.8913

Coherence of PLTM and CLTM
-40
-35
-30

Coherence

-25
-20
-15
-10
-5
0
Full

95%

90%

75%

50%

25%

10%

1%

Topic Model

Figure 4‑5: Coherence of PLTM and CLTM
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LS

CCA

SVD

As the result shown in Table 4-14, the coherence of PLTM gradually decreases when
the percentage of comparable pairs decreases, which is consistent with our previous
entropy and JSD evaluation results. The best performance is CLTM-LS an among of the
others. Especially, the coherence of our proposed method outperforms the PLTM with
integrated comparable pairs (with average Coherence -18.1539 and -20.269).
Furthermore, we set range of C and E from 10 to 100 with 10 as interval and then perform
the coherence to evaluate 100% PLTM and our proposed methods.
Coherence of each top K setting of PLTM and CLTMs
0

Coherence

-5

-10

-15

-20

-25
10

20

30

40

50

60

70

80

90

100

Top K words ( C and E )
100% PLTM

CLTM-LS

CLTM-CCA

CLTM-SVD

Figure 4-6: Coherence of each top K words setting of PLTM and CLTMs
As the result shown in Figure 4-6, the performances of CLTMs are better than 100%
PLTM consistently across different K in our modified coherence metric. The reason why
our performance can beat the PLTM is that we only evaluate a subset of bilingual topics,
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i.e., 7 topics out of 16 topics, since our proposed method allow the existence of
monolingual topic in the cross-lingual topic. Thus, to compare with PLTM we only
evaluate the cross-lingual topic in our model. The difference between our proposed
method and PLTM is that PLTM assumes each topic appears in all languages.

This

constraint limits the model to discover the topic which is only discussed in a monolingual
corpus. CLTM doesn’t have such assumption, thus it is the reason why our proposed
method performs so well in this measurement.
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CHAPTER 5 – Conclusion
In this work, we address previous of polylingual topic model problems of relying on
parallel or comparable corpus and unable to extract the topics discussed only in
monolingual documents. We introduced three CLTMs separately with three cross-lingual
word space mapping methods and analyzed the characteristics of CLTM in comparison
to the PLTM. And, we demonstrated that it is possible to discover meaningful clusters. In
our evaluation using UM- Corpus and WS-353, all the CTLMs can produce meaningful
topic clusters and isolate the topics discussed in monolingual documents.
The performance of PLTM is related to the ratio of comparable document pairs in
corpus, on the contrary, our method does not suffer from the limitation of lacking
comparable document pairs. Additionally, people in different regions discuss different
topics, and our method can produce the cross-lingual topics and the topics discussed
within a language which the PLTM is incapable to archive.

5.1 Future work

This work can be extended in the following directions:
1.

Incorporate with other methods like LDA with word embedding proposed in
Das et al (2015), Moody et al (2016) or Batmanghelich et al (2016). Although
they focus on monolingual LDA, it is able to extend their methods for
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constructing the cross-lingual topic model through the techniques of crosslingual word space mapping.
2.

More comprehensive evaluation of various methods.

3.

Apply to the document level corpora.

46

Reference
1.

Ammar, W., Mulcaire, G., Tsvetkov, Y., Lample, G., Dyer, C., & Smith, N. A.
(2016). Massively multilingual word embeddings. arXiv preprint arXiv:1602.01925.

2.

Banerjee, A., Dhillon, I. S., Ghosh, J., & Sra, S. (2005). Clustering on the unit
hypersphere using von Mises-Fisher distributions. Journal of Machine Learning
Research, 6(Sep), 1345-1382.

3.

Batmanghelich, K., Saeedi, A., Narasimhan, K., & Gershman, S. (2016).
Nonparametric spherical topic modeling with word embeddings. arXiv preprint
arXiv:1604.00126.

4.

Bengio, Y., Schwenk, H., et al. (2006). Neural Probabilistic Language Models, 186,
137–186.

5.

Blei, D. M., & Jordan, M. I. (2003). Modeling annotated data. Proceedings of the
International ACM SIGIR Conference on Research and Development in Information
Retrieval, 127–134. https://doi.org/http://doi.acm.org/10.1145/860435.860460

6.

Blei, D. M., Ng, A. Y., & Jordan, M. I. (2003). Latent dirichlet allocation. Journal
of machine Learning research, 3(Jan), 993-1022.

7.

Boyd-Graber, J., & Blei, D. M. (2009, June). Multilingual topic models for
unaligned text. In Proceedings of the Twenty-Fifth Conference on Uncertainty in
Artificial Intelligence (pp. 75-82). AUAI Press.

8.

Collobert, R., & Weston, J. (2008, July). A unified architecture for natural language
processing: Deep neural networks with multitask learning. In Proceedings of the
25th international conference on Machine learning (pp. 160-167). ACM.

9.

Das, R., Zaheer, M., & Dyer, C. (2015). Gaussian lda for topic models with word
embeddings. In Proceedings of the 53rd Annual Meeting of the Association for

47

Computational Linguistics and the 7th International Joint Conference on Natural
Language Processing (Volume 1: Long Papers) (Vol. 1, pp. 795-804).
10. Dhillon, I. S., & Sra, S. (2003). Modeling data using directional distributions.
Technical Report TR-03-06, Department of Computer Sciences, The University of
Texas at Austin. URL ftp://ftp. cs. utexas. edu/pub/techreports/tr03-06. ps. gz.
11. Ester, M., Kriegel, H. P., Sander, J., & Xu, X. (1996, August). A density-based
algorithm for discovering clusters in large spatial databases with noise. In Kdd (Vol.
96, No. 34, pp. 226-231).
12. Faruqui, M., & Dyer, C. (2014). Improving vector space word representations using
multilingual correlation. Association for Computational Linguistics.
13. Haghighi, A., Liang, P., Berg-Kirkpatrick, T., & Klein, D. (2008). Learning
bilingual lexicons from monolingual corpora. Proceedings of ACL-08: Hlt, 771-779.
14. Hassan, S., & Mihalcea, R. (2011, August). Semantic Relatedness Using Salient
Semantic Analysis. In Aaai.
15. Jarmasz, M. (2012). Roget's thesaurus as a lexical resource for natural language
processing. arXiv preprint arXiv:1204.0140.
16. Kinga, D., & Adam, J. B. (2015). A method for stochastic optimization. In
International Conference on Learning Representations (ICLR) (Vol. 5).
17. Klementiev, A., Titov, I., & Bhattarai, B. (2012). Inducing crosslingual distributed
representations of words. Proceedings of COLING 2012, 1459-1474.
18. Koehn, P. (2005, September). Europarl: A parallel corpus for statistical machine
translation. In MT summit (Vol. 5, pp. 79-86).
19. Lin, J. (1991). Divergence measures based on the Shannon entropy. IEEE
Transactions on Information theory, 37(1), 145-151.

48

20. Liu, X., Duh, K., & Matsumoto, Y. (2015). Multilingual Topic Models for Bilingual
Dictionary Extraction. ACM Transactions on Asian and Low-Resource Language
Information Processing, 14(3), 11.
21. Liu, X., Duh, K., & Matsumoto, Y. (2015). Multilingual Topic Models for Bilingual
Dictionary Extraction. ACM Transactions on Asian and Low-Resource Language
Information Processing, 14(3), 11.
22. Lu, A., Wang, W., Bansal, M., Gimpel, K., & Livescu, K. (2015). Deep multilingual
correlation for improved word embeddings. In Proceedings of the 2015 Conference
of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies (pp. 250-256).
23. Maaten, L. V. D., & Hinton, G. (2008). Visualizing data using t-SNE. Journal of
machine learning research, 9(Nov), 2579-2605.
24. Mann, G. S., Mimno, D., &McCallum, A. (2006). Bibliometric impact measures
leveraging topic analysis. ACM/IEEE-CS Joint Conference on Digital Libraries, 65–
74. https://doi.org/10.1145/1141753.1141765
25. Mikolov, T., Corrado, G., Chen, K., &Dean, J. (2013). Efficient Estimation of Word
Representations in Vector Space. Proceedings of the International Conference on
Learning

Representations

(ICLR

2013),

1–12.

https://doi.org/10.1162/153244303322533223
26. Mikolov, T., Le, Q. V., & Sutskever, I. (2013). Exploiting similarities among
languages for machine translation. arXiv preprint arXiv:1309.4168
27. Mikolov, T., Sutskever, I., Chen, K., Corrado, G. S., & Dean, J. (2013). Distributed
representations of words and phrases and their compositionality. In Advances in
neural information processing systems (pp. 3111-3119).
28. Mimno, D., Wallach, H. M., Naradowsky, J., Smith, D. A., & McCallum, A. (2009,
August). Polylingual topic models. In Proceedings of the 2009 Conference on
49

Empirical Methods in Natural Language Processing: Volume 2-Volume 2 (pp. 880889). Association for Computational Linguistics.
29. Mimno, D., Wallach, H. M., Talley, E., Leenders, M., & McCallum, A. (2011, July).
Optimizing semantic coherence in topic models. In Proceedings of the conference
on empirical methods in natural language processing (pp. 262-272). Association for
Computational Linguistics.
30. Moody, C. E. (2016). Mixing dirichlet topic models and word embeddings to make
lda2vec. arXiv preprint arXiv:1605.02019.
31. Ni, X., Sun, J. T., Hu, J., & Chen, Z. (2009, April). Mining multilingual topics from
wikipedia. In Proceedings of the 18th international conference on World wide web
(pp. 1155-1156). ACM.
32. Pennington, J., Socher, R., & Manning, C. (2014). Glove: Global vectors for word
representation. In Proceedings of the 2014 conference on empirical methods in
natural language processing (EMNLP) (pp. 1532-1543).
33. Prettenhofer, P., &Stein, B. (2010). Cross-Language Text Classification using
Structural Correspondence Learning. ACL ’10 Proceedings of the 48th Annual
Meeting of the Association for Computational Linguistics, (July), 1118–1127.
https://doi.org/10.1145/2036264.2036277
34. Röder, M., Both, A., & Hinneburg, A. (2015, February). Exploring the space of topic
coherence measures. In Proceedings of the eighth ACM international conference on
Web search and data mining (pp. 399-408). ACM.
35. Smith, S. L., Turban, D. H., Hamblin, S., & Hammerla, N. Y. (2017). Offline
bilingual word vectors, orthogonal transformations and the inverted softmax. arXiv
preprint arXiv:1702.03859.
36. Strube, M., & Ponzetto, S. P. (2006, July). WikiRelate! Computing semantic
relatedness using Wikipedia. In AAAI (Vol. 6, pp. 1419-1424).
50

37. Tam, Y.-C., &Schultz, T. (2007). Bilingual LSA-Based Translation Lexicon
Adaptation for Spoken Language Translation. Interspeech-2007, 2461–2464.
Retrieved

from

http://csl.anthropomatik.kit.edu/downloads/Tam_IS07_LSABasedTranslationLexic
on.pdf
38. Tian, L., Wong, D. F., Chao, L. S., Quaresma, P., Oliveira, F., & Yi, L. (2014). UMCorpus: A Large English-Chinese Parallel Corpus for Statistical Machine
Translation. In LREC (pp. 1837-1842).
39. Titov, I., & McDonald, R. (2008, April). Modeling online reviews with multi-grain
topic models. In Proceedings of the 17th international conference on World Wide
Web (pp. 111-120). ACM.
40. Wei, X., &Croft, W. B. (2006). LDA-based document models for ad-hoc retrieval.
Proceedings of the 29th Annual International ACM SIGIR Conference on Research
and

Development

in

Information

Retrieval

SIGIR

06,

pages,

178.

https://doi.org/10.1145/1148170.1148204
41. Xiao, M., & Guo, Y. (2013). Semi-Supervised Representation Learning for CrossLingual Text Classification. In EMNLP (pp. 1465-1475).
42. Xing, C., Wang, D., Liu, C., & Lin, Y. (2015). Normalized word embedding and
orthogonal transform for bilingual word translation. In Proceedings of the 2015
Conference of the North American Chapter of the Association for Computational
Linguistics: Human Language Technologies (pp. 1006-1011).
43. Zhao, B., &Xing, E. P. (2006). BiTAM: Bilingual Topic AdMixture Models for
Word Alignment. Proceedings of the COLING/ACL on Main Conference Poster
Sessions, 969--976. https://doi.org/1273073.1273197

51

44. Zhou, G., He, T., &Zhao, J. (2014). Bridging the Language Gap: Learning
Distributed Semantics for Cross-Lingual Sentiment Classification. Nlpcc, 138–149.
Retrieved from http://link.springer.com/chapter/10.1007/978-3-662-45924-9_13
45. Zhou, H., Chen, L., Shi, F., &Huang, D. (2015). Learning Bilingual Sentiment Word
Embeddings for Cross-language Sentiment Classification. Proceedings of the 53rd
Annual Meeting of the Association for Computational Linguistics and the 7th
International Joint Conference on Natural Language Processing (Volume 1: Long
Papers), 430–440. Retrieved from http://www.aclweb.org/anthology/P15-1042
46. Zhou, X., Wan, X., &Xiao, J. (2016). Cross-Lingual Sentiment Classification with
Bilingual Document Representation Learning. Proceedings of the 54th Annual
Meeting of the Association for Computational Linguistics (ACL 2016), 1403–1412.
47. Zou, W. Y., Socher, R., Cer, D., & Manning, C. D. (2013). Bilingual word
embeddings for phrase-based machine translation. In Proceedings of the 2013
Conference on Empirical Methods in Natural Language Processing (pp. 1393-1398).

52

Appendix
Table A: Topic clustering results of CLTM-CCA, where the member names preceded by
character “C” and “E” represent topics from Chinese and English model respectively.
ClusterId Members

Human Label

Representative words
奧巴馬, 候選人, 民主黨, 共和黨, 參

0

C0, E1

議員,

Election

president, obama, bush, state,

party

1

2

C1, C4,
C11, E0

C2, E2, E11

伊拉克, 巴基斯坦, 阿富汗, 利比亞,
Terrorist attack 穆斯林, government, president, united,
minister, military

投資者, 億美元, 消費者, 人民幣,
房地產, market, financial, money, bank,

Finance and
economic

china
3

4

C3, E14

C5, E5

Scientific
research and
technology

應用程式, 電腦, 資料庫, 伺服器,
機器人, data, information, use, system,

Medical

結果表明, 對照組, 蛋白質, 心臟病,
糖尿病, group, blood, disease, study,

software

treatment
6

C7, C9,
C13, C15,

維德角, 航空公司, 澳大利亞, 葡萄
牙, 東帝汶, company, million, angola,

International
affair

E3
7

C8, E6, E10

mozambique, china
Common
words

意味著, 其他人, 是因為, 辦公室, 是
不是, people, time, work, like, life
現代化, 混凝土, 社會主義, 圖書館,

9

C12, E7

Economic

市場經濟, development, china, system,
economic, world
畢業生, 年輕人, 大學生, 求職者, 商

10

C14, E4

Education

學院, university, school, china, chinese,
year
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Figure A: The result of CLTM-CCA
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Table B: Topic clustering results of CLTM-SVD, where the member names preceded by
character “C” and “E” represent topics from Chinese and English model respectively.
ClusterId

0

Members

C0, E1

Human Label

Representative words
奧巴馬, 候選人, 民主黨, 共和黨, 參
議員, president, obama, bush, state,

Election

party

1

C1, C4,
C11, E0

伊拉克, 巴基斯坦, 阿富汗, 利比亞,
Terrorist attack 穆斯林, government, president, united,
minister, military

2

C2, E2, E11

Finance and
economic

投資者, 億美元, 消費者, 人民幣,
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Figure B: The result of CLTM-SVD
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