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Abstract—With the rapid development of online social media,
the short text has become the prevalent format for information
of Internet. Due to the severe data sparsity issue, accurately
discovering knowledge behind these short texts remains a critical
challenge. Since regular topic models, such as the Latent Dirichlet
Allocation (LDA), can not perform well on short texts, many
efforts have been put on building different types of probabilistic
topic models for short texts. Inducing topics from dense wordword space instead of sparse document-word space becomes
an emerging solution for avoiding data sparsity issue, and the
representative one is the Word Network Topic Model (WNTM).
However, the word-word space building procedure of WNTM
often imports much irrelevant information. In light of this, we
propose the Robust WNTM (RWNTM), which can filter out
unrelated information during the sampling. The experimental
results demonstrate that our method can learn more coherent
topics and is more accurate in text classification, as compared
with WNTM and other state-of-the-arts.

I. I NTRODUCTION
Short texts have been becoming the dominating content of
Internet, since the rapid growth of online social media such
as Twitter and Facebook. For instance, around 250 million
active users in Twitter can generate nearly 500 million tweets
everyday. This huge volume of short texts contains sophisticated information, which reflects the real world. Hence,
accurately uncover knowledge under these short texts has been
recognized as a challenging and promising research task.
Probabilistic topic models have been widely used to automatically extract thematic information from a large archive of
documents [1]. Standard topic models [2], [3] assumes that a
document is generated from a mixture of topics while a topic
is a probabilities distributions over words. In essence, topic
models take advantage of document-level word co-occurrence
information [4] to form topics. Since short texts contain only a
few words in each document, word co-occurrence information
is too few for standard topic models to learn coherent topics.
Taking LDA as an example, as one of the most typical
probabilistic topic models, LDA has achieved great success in
modeling regular texts like news articles, research papers and
blogs. However, the results are mixed when LDA is applied
directly to short texts like tweets, instant messages and forum
messages. In order to tackle the incompetence of standard
topic models in modeling short texts, many research efforts
have been devoted.
One straightforward strategy, widely adopted for short texts
in social media, is to utilize auxiliary contextual information

to boost the training of topics. For instance, tweets contain
not only textual content but also contextual information such
as authorship, hashtag, time, location and URL. The auxiliary
information can be used to reorganize short texts. Hong and
Davison [5] also report better topic model can be trained on
aggregated tweets. Mehrotra et al. [6] compare several ways
of tweet aggregation using different auxiliary information, and
find the one with hashtag yields the best performance. Besides
of direct aggregation, some variants of the basic topic model
have also been proposed. For example, Tang et al. [7] propose
a multi-context topic model, which regularize topics of short
texts according to their auxiliary context. Jin et al [8] use
the web pages pointed by URLs in tweets as auxiliary long
documents to learn better topics in tweets.
In practice, however, the auxiliary information is not always
available. Therefore, many research efforts have been put
on designing generalized topic models for short texts. For
example, Zhao et al [9] assume each tweet only contains one
topic, and apply Mixture of unigram (MU) to extract topic
from tweets. This way of modeling indeed adds an extreme
sparse constraint over document topic distribution. However,
given a tweet, it might contain two or three topics, which
violates the constraint of MU. Yan et al [10] propose the
Biterm Topic Model (BTM), which assumes any two words
within a short text come from one topic. They show BTM can
learn more coherent topic than MU on short texts. However,
BTM is actually a special form of MU, which indicates BTM
does not overcome the above issue of MU. Zuo et al. [11]
propose the Word Network Topic Model (WNTM) to learn
topics from word co-occurrence networks, which produces
more coherent topics than BTM.
WNTM converts document-word space to word-word
space, for avoiding of document-level word sparsity. Specifically, WNTM utilizes document-level word co-occurrence to
build a word co-occurrence network, then generates pseudodocuments from it, finally extracts topics from those pseudodocuments. Although WNTM performs well on topic modeling of short texts, it still has its limitations. Specifically,
when building the word network, WNTM often brings in much
unrelated word co-occurrence information, which hurts the
coherence of its learned topics. Motivated by above consideration, we propose the Robust Word Network Topic Model
(RWNTM), which filters out unexpected word co-occurrences
information and improves the topic coherence of WNTM.
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Fig. 1. An illustration of the input for RWNTM.

Extensive experiments on two real-world data sets with classic
as well state-of-the-art baselines demonstrate the high quality
of topics learned by RWNTM.
The rest of this paper is organized as follows: in Section II,
we give a brief review of WNTM. Section III introduces the
Robust WNTM. Experiment results are presented in Section
IV. At last, we give the conclusion.
II. W ORD N ETWORK T OPIC M ODEL
In this section, we give some details of the Word Network
Topic Model (WNTM) [11], for a better understanding of the
Robust WNTM (RWNTM).
When texts are short, document-word space is sparse, while
word-word space is still rather dense. WNTM’s main idea is
converting sparse document-word space to dense word-word
space and then extracting topics from word-word space. In
WNTM, a word co-occurrence network is used to represent a
word-word space. In a word co-occurrence network, nodes are
words occurring in the corpus and an edge between two words
indicates that the connected two words have co-occurred in the
same sliding window at least once.
In order to convert the given document collection into
a word co-occurrence network, WNTM applied a sliding
window to scan each document. As the window scanning word
by word through the document, any two distinct words appear
in the same window would be regarded as co-occurred with
each other. Times that two words co-occurred are accumulated
and defined as the weight of the corresponding edge between
them. Note that Latent word groups in word co-occurrence
network are taken as topics in LDA.
To find these latent word groups from word co-occurrence
network, WNTM represents the word co-occurrence network
in the form of adjacent lists. As showed in Fig. 1, each word’s
adjacent list constitutes the content of the corresponding
pseudo-document. Compared with the original short texts,
those constructed pseudo-documents have a longer length and
enriched word co-occurrence information. Which benefits the
training of topic models.
For the learning of latent word groups, WNTM assumes
a generative process very similar to LDA. It first supposes
that there is a fixed set of latent word groups in the word cooccurrence network, and each latent word group z is associated
with a multinomial distribution over the vocabulary Φz , which
is drawn from a Dirichlet prior Dir(β). The generative process
of the whole network can be interpreted as follows

1) For each latent word group z, draw Φz ∼ Dir(β)
2) For each pseudo-document li (or adjacent list of word
wi ), draw Θi ∼ Dir(α)
3) For each word wj ∈ li :
a) Draw a latent word group zj ∼ Θi
b) Draw the adjacent word wj ∼ Φzj
When topic proportions of word wi ’s adjacent word-list Θi
is obtained, topic proportions of original document d can be
inferred with following equations
X
p(z|d) =
p(z|wi )p(wi |d)
(1)
wi

p(wi |d) =

nd (wi )
Len(d)

(2)

where p(z|wi ) equals to Θi,z , nd (wi ) is the word frequency
of wi in document d and Len(d) is the length of d.
Remark. The word-word space that WNTM used enriches
the word co-occurrence information. In the meantime, it
also brings in some unexpected word co-occurrences, since
semantically unrelated words might also co-occur in the same
short text. However, WNTM uses the whole adjacent word
list of a word without filtering less related words to form its
corresponding pseudo-document. Besides, the generative process of WNTM does not take this situation into consideration.
Therefore, noises bring into the pseudo-document will limit the
accuracy of learned topic distribution of the pseudo-document,
which further hurts topic coherence of learned topics.
III. ROBUST W ORD N ETWORK T OPIC M ODEL
As discussed above, semantically unrelated words can be
connected in the word co-occurrence network. These connections prevent WNTM from learning more coherent topics.
In order to alleviate this situation, one might apply some
filtering procedure to remove less related words from one
word’s adjacent list. However, this method faces two practical
issues.
The first issue is how to measure the semantic closeness of
two words. Some mostly used measurement such as Pointwise
Mutual Information (PMI) does not function well on short
texts, due to sparse word co-occurrence. One might compute
PMI on auxiliary corpus instead of training short texts. However, for domain specific short texts, the appropriate auxiliary
corpus is hard to obtain. The second issue is how to set the
threshold of the filtering procedure. Given the PMI score of a
pair of words, we need a threshold to determine whether the
two words are related or not. However, setting the threshold
appropriately is nontrivial.
Different from applying filtering procedure to word’s adjacent list, we propose the Robust Word Network Topic Model
(RWNTM), which can filter out less related words from topics
(or latent word groups) automatically.
WNTM assumes a word’s adjacent list is generated by its
latent word groups, which are multinomial distributions over
the vocabulary. Therefore, unrelated words bring noise into
these distributions. We add a so-called specific distribution
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B. Inference
Exact posterior inference is intractable in our model. We
turn to a collapsed Gibbs sampling algorithm [12] for approximate posterior inference, which is simple to derive,
comparable in speed to other estimators, and can approximate
a global maximum.
The conditional probability of the jth word wj given the
ith adjacent word-list li can be written as:

w

Φ
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p(wj |li ) = p(xj = 0|li )
L

Fig. 2. Plate notation of RWNTM.

for each word’s adjacent list, so related words tended to
be generated via latent word groups. Since unrelated words
themselves do not form semantic coherent topics, they tend to
be generated by specific distribution introduced into WNTM.
This way of modeling automatically filters out unrelated word
connections and the remain related words can form more
coherent and more accurate topics.

A. Generative Process of Robust WNTM
Suppose there are K multinomial distributions {Φz }K
z=0
from a symmetric Dirichlet prior with parameter β0 , each
corresponds to a latent word group (or topic). In additional
to latent word groups, there are L multinomial distributions
{Ψl }L
l=0 from a symmetric Dirichlet prior with parameter
β1 , each corresponds to adjacent list’s specific distribution.
We introduce an indicator x to decide whether a word is
generated from topics or specific distribution. Specifically,
when x = 0, a word is generated from topics Φ, otherwise,
a word is generated from specific distribution Ψ. x is drawn
from a Bernoulli distribution parameterized by λ, which in
turn is drawn from a symmetric Beta(γ). The plate notation
is illustrated in Fig. 2. We give the generative process of
RWNTM below:
1) For each latent word group z:
a) Draw Φz ∼ Dir(β0 )
2) For each adjacent word-list li of the word wi :
a) Draw Θi ∼ Dir(α)
b) Draw λi ∼ Beta(γ)
c) Draw Ψi ∼ Dir(β1 )
3) For each word wj ∈ li :
a) Draw xj ∼ λi
b) If xj = 0 draw zj ∼ Θi and draw wj ∼ Φzj
If xj = 1 draw wj ∼ Ψi
Remark. The introduction of specific distribution Ψ is the
key to filtering out irrelevant words from a given adjacent list,
which improves the coherence of learned topics Φ.

K
X
k=1
0

p(wj |zj = k)p(zj = k|li )

(3)

+ p(xj = 1|li )p (wj |li )

where p(zj |li ) is the topic distribution of adjacent word-list l.
p(wj |zj ) is the word distribution of topic zj . p0 (wj |li ) is the
special word distribution of adjacent word-list li . It is relatively
straightforward to derive Gibbs sampling equations that allow
joint sampling of the zj and xj latent variables for each word
wj , for xj = 0:
p(xj = 0, zj = k|w, x−j , z−j , α, β0 , γ) ∝
li
N0,−j
+γ

×P

li
li
N0,−j
+ N1,−j
+ 2γ

li
Nk,−j
+α

Nkli0 ,−j + Kα

k0

k
Nw,−j
+ β0
×P
k
w0 Nw0 ,−j + V

(4)

β0

for xj = 1:
p(xj = 1|w, x−i , z−i , α, β1 , γ) ∝

li
N1,−j
+γ
li
li
N0,−j
+ N1,−j
+ 2γ

×P

li
Nw,−j
+ β1

w0

(5)

Nwli0 ,−j + V β1

where the subscript −j indicates that the count for jth word
is removed, N0li and N1li are the number of words in ith
adjacent list li that assigned to the latent topics and special
words respectively. Nkli is the number of words in adjacent
list li that assigned to topic k. Nwk and Nwli are the number
of times word w is assigned to topic k and to the special
words distribution of adjacent word-list li respectively. K is
the number of all latent topics and V is the number of unique
words in the corpus.
IV. E XPERIMENTS
In this section, we present extensive experimental results on
two real-world data sets to evaluate our model according to
topic coherence scores and document classification results.
A. Experimental Setup
1) Date sets: Two real-world short texts with statistic listed
in Table I.
News. This data set1 contains 29,200 English news articles
extracted from RSS feeds of three popular newspaper websites (nyt.com, usatoday.com, reuters.com). Categories include
1 http://acube.di.unipi.it/tmn-dataset/

TABLE I
S TATISTICS OF DATA SETS .

Vocabulary size

29,200
182,671

11,007
21,480

Avg. document
length
12.4
8.5

MU
WNTM

−40

RWNTM

−50
−55
−60

M X
m
X
m=2 n=1

2 http://jgibblda.sourceforge.net/

3 https://github.com/xiaohuiyan/BTM

(z)

log

(z)

D(wm , wn ) + 
(z)

D(wn )

(6)
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C(z; T (z) ) =

MU
WNTM

−60

−45

sport, business, U.S., health, sci&tech, world and entertainment. We retain news descriptions since they are typical short
texts.
Tweets. A large set of tweets are collected and labeled by
Zubiaga et al. [13]. They crawl tweets that contain URL and
label them with the categories of web pages pointed by the
URLs. The categories of web pages are defined by the Open
Directory Project (ODP). This dataset contains ten different
categories and totally around 360k labeled tweets. We select
nine topic-related categories and sample 182,671 tweets in
total under those categories.
2) Baseline Methods: Four baseline methods are included
for a thorough comparative study.
Latent Dirichlet Allocation (LDA) [2]. Being one of the
most classical topic model. We use jGibbLDA2 package with
collapsed Gibbs sampling.
Mixture of Unigram (MU). The most important feature of
MU [14], [15] is that it assumes each document is generated by
only one topic, which may be feasible for certain collections
of short texts.
Biterm Topic Model (BTM) [10]. BTM is a topic model
specific for short text. It trains topics on co-occurred word
pairs. The code we used was downloaded from github3 which
was upload by the author of BTM.
Word Network Topic Model (WNTM) [11]. Since our
model is rooted from WNTM, comparison with WNTM
can directly show the effectiveness of our improvements of
WNTM.
3) Evaluation Measures: We apply UMass topic coherence [16] to evaluate the topic quality and document classification to evaluate latent semantic representations learned
by our model.
Topic Coherence. Evaluation of topic models is still an
open problem. The commonly used metric named perplexity
has been proved less correlated to human interpretability.
Many methods thus turn to use topic coherence to evaluate
topics, which is proved more correlated to human evaluations.
UMass Topic coherence [16] is a measurement that evaluates quality of topics. Given a topic z and T (z) =
(z)
(z)
(w1 , ..., wM ) is a list of the M most probable words of
topic z, ordered by P (w|z). The coherence score of topic z
is defined as:

LDA
BTM

−50

Coherence

News
Tweets

# Documents

LDA
BTM

−40

Coherence

Data set

−35

−300
−350

−400
−500
−600

−400

−700

−450
20

40

60

Topic numbers

80

(c) News (M=10)

100

20

40

60

Topic numbers

80

100

(d) Tweets (M=10)

Fig. 3. Coherence scores on News and Tweets.

where D(w) is the document frequency of word w and
D(w, w0 ) is the number of documents words w and w0 cooccurred.  = 10−12 was set to avoid taking the log of zero
for words that never co-occur and to smooth the score for completely unrelated words [17]. And the final coherence score is
the average coherence score of all topics. The coherence score
is based on the idea that words belonging to a single concept
will tend to co-occur within the same documents. Higher topic
coherence often indicates better topic quality.
Classification measures. Topic models are often evaluated
on external tasks such as text classification. Therefore, we also
conduct short-text classification experiments to compare the
latent semantic representations learned by our methods and
baselines. Macro-averaged f-measure are used in classifications.
For our model, we set α = 0.1, β0 = 0.01, β1 = 0.0001,
γ = 0.3. And we set α = 0.1, β = 0.01 for WNTM, which
are suggested by [11]. For LDA, we manually set α = 0.1
and β = 0.01, since LDA with weak priors performs better in
short texts. For MU, we also set α = 0.1 and β = 0.01. For
BTM, we set α = 0.5, β = 0.005, which are default settings
in [10].
B. Experimental Results
1) Topic Coherence Results: The UMass topic coherence
results of our method and all baselines on News and Tweets
are presented in Fig. 3. From the results, we can find MU has
the lowest coherence scores. LDA performs better than MU.
The worse topic coherence of MU and LDA illustrates the
uncompetitive of classical topic models on short texts. BTM
outperforms LDA on News, while achieves similar coherence
scores compared to LDA on Tweets. Similarly, BTM slightly
outperforms WNTM on News, while WNTM achieves better
coherence scores than BTM on Tweets. WNTM achieves the
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Fig. 4. F-measure results on News and Tweets.

In this paper, we propose a Robust Word Network Topic
Model (RWNTM) for short texts. By adding specific distributions to each word’s adjacent list, RWNTM can automatically
filter out less related connections of that word. In this way,
quality of learned topics can be improved. Extensive experiments on real-world data sets demonstrate the superiority of
RWNTM to some state-of-the-art methods.
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