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ABSTRACT

1.

New challenges have been presented to classical topic models
when applied to social media, as user-generated content suffers from significant problems of data sparseness. A variety
of heuristic adjustments to these models have been proposed,
many of which are based on the use of context information
to improve the performance of topic modeling. Existing contextualized topic models rely on arbitrary manipulation of
the model structure, by incorporating various context variables into the generative process of classical topic models
in an ad hoc manner. Such manipulations usually result in
much more complicated model structures, sophisticated inference procedures, and low generalizability to accommodate
arbitrary types or combinations of contexts. In this paper
we explore a different direction. We propose a general solution that is able to exploit multiple types of contexts without arbitrary manipulation of the structure of classical topic
models. We formulate different types of contexts as multiple views of the partition of the corpus. A co-regularization
framework is proposed to let these views collaborate with
each other, vote for the consensus topics, and distinguish
them from view-specific topics. Experiments with real-world
datasets prove that the proposed method is both effective
and flexible to handle arbitrary types of contexts.

This is the era when we witness how social media complements, competes with, and eventually substitutes the role
of traditional media. Online social communities such as
Facebook and Twitter have gained increasing popularity
and have eventually transformed into an essential component in our everyday life. Along with this “social movement” is the creation of a huge amount of user-generated
content. According to recent statistics, more than 500 million microblogs (i.e., tweets) are posted by Twitter users
every day1 . Such a large volume of user-generated content
implies a great opportunity for business providers, advertisers, social observers, as well as data mining researchers.
Many interesting data mining tasks have been proposed and
performed on the user-generated content in social media,
which have not only led to a better understanding of user
behaviors in online communities, but also led to more effective techniques of content analysis, information retrieval,
and recommender systems.
Textual documents in traditional media, such as newspapers, are professionally formatted and edited, characterized
with a benign length of documents and a controlled size
of vocabulary. User-generated content in social media, on
the other hand, is characterized with extremely short documents, extremely large and evolving vocabularies, and inaccurate uses of language. As an example, a microblog (a.k.a.,
tweet) in Twitter has a limited length of 140 characters.
The sparsity and noise in these user-generated “documents”
have introduced new challenges to classical text mining techniques that are effective for traditional media.
One good example is statistical topic modeling [7, 3],
which has drawn a lot of attention recently because of its
principled mathematical foundation and effectiveness in exploratory content analysis. However, classical topic models
usually fail to perform as effectively when applied to usergenerated short messages [9]. To improve the performance
of topic modeling for social media, a variety of heuristic adjustments have to be applied to the classical models [9, 31].
This is perhaps not surprising given that a topic model
essentially works by utilizing the document level word cooccurrences [26, 25]. When the co-occurrence information
in a document is sparser and noisier, the performance is inevitably compromised. To effectively apply topic modeling
to social media, one has to resort to other types of information beyond word co-occurrences at the document level.
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Luckily, a richer set of context information (e.g., time, location, authorship, friends, followers) is usually observable
in social media as a compensation of the compromised quality of the content in individual documents. Indeed, it has
been a common practice to utilize various types of contexts
in order to improve the quality of topic modeling in social
media [22, 31, 16]. Many new topic models have been proposed with one shared intuition – to not only utilize the word
co-occurrences at document level but also utilize the signals
at the level of various types of contexts. While the intuition
of utilizing context information in topic modeling is sound,
most of these treatments rely on arbitrary manipulation of
the graphical structure of classical topic models. In those
contextualized topic models, different types of contexts are
integrated into the generative process in an ad hoc manner
(e.g., as specific model variables or priors) [24, 1, 18]. This
results in models with more sophisticated structures and inevitably more complicated inference procedures [1, 31]. Although these models work well with particular type of context, it is very hard to generalize any of them to handle
other types of contexts, or a combination of multiple types
of contexts. In real applications, the overhead of finding
an effective model structure given a new type of contexts is
considerably high.
In this paper, we take the initiative to explore a different
direction. Our goal is to find a general solution of utilizing various types of contexts in topic modeling without the
overhead of arbitrarily manipulating the graphical structure
of the classical topic models. We give a general definition
to different types of contexts, interpreting them as multiple
views of the “partition of documents” (see Figure 1), which
provide different levels of word co-occurrence information.
In Figure 1, the collection of text is partitioned by the context of time into “pseudo-documents” that are posted at particular time intervals; the context of author partitions the
corpus into pseudo-documents that are posted by particular
users. Under this general definition, the partition of the corpus with original document boundaries is also considered as
a special type of context. Among the views defined by different types of contexts, some are more resilient than others,
which partition the content into “documents” with a benign
length and a more discriminative distribution of topics.
Our intuition is to facilitate the collaboration among these
views (different types of contexts) in order to improve the
quality of the extracted topics. Indeed, a set of topics can be
extracted by applying a classical topic model to the corpus
partitioned with any of these views. A topic is robust and
trustful if it stands out from multiple views (multiple types
of contexts) instead of from just one single view. Therefore, if multiple types of contexts can “collaborate” with each
other in some way, or if a richer context can “help” a poorer
one in some sense, the topics extracted from the corpus are
expected to be of a much better quality. This is especially
encouraging since most existing contextualized topic models
emphasize on the distinction between different types of contexts instead of the collaboration of them. The distinction of
contexts makes the sparse signals in the data even sparser,
while the collaboration strengthens the signals. Instead, we
encourage different views to collaborate with each other, reinforce each other, and vote for a consensus of topics.
This collaboration process can be achieved through a novel
co-regularization framework in which topics extracted from
each view (type of context) are regularized by topics from
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Figure 1: Multiple views of a contextualized collection of user-generated content. Each type of context
(time, user, hashtag) defines a partition of the entire
corpus. A particular value of a context (e.g., “2008,”
“U2 ,”“#kdd2013”) defines a pseudo-document (rectangular areas). Original document boundaries define an organic view of the corpus.
other views. The co-regularization framework simultaneously maximizes the log-likelihood of the collection of documents partitioned with regard to each individual views
and meanwhile minimizes the disagreement among different views. An effective algorithm is proposed to optimize
the co-regularized objective and the inference procedure remains as simple as those of the classical topic models.
We evaluate the proposed framework with two large-scale
real world datasets. Experimental results show that when
multiple contexts presented are sufficient for topic modeling,
the collaboration of them can effectively improve the quality
of topics extracted. The co-regularization framework outperforms other contextualized treatments of topic models,
including those with manipulated graphical structures.

2.

RELATED WORK

Much existing work has been presented which integrates
various types of contexts information into topic models (e.g.,
[24, 31, 1]). Rosen-Zvi et al. proposed the author-topic
model that utilized authorship information for modeling of
scientific publications [24]. In their model each author is
associated with a multinomial distribution over topics. For
each word in a document, an author is uniformly sampled
from the set of authors of the paper and then a topic assignment is sampled from the multinomial distribution associated with that author. Ahme et al. developed a model
named multi-view topic model that utilizes ideological information [1]. Topics of the corpus are divided into factual
topics and ideological-specific topics. For each word in a
document, a switching random variable is sampled from a
Bernoulli distribution to determine whether the word is generated from a factual topic or an ideological-specific topic,
similar to flipping a coin. Many other contextualized topic
models are proposed recently, with a common practice to integrate particular types of contexts into the graphical structure of classical models like the latent Dirichlet allocation
(LDA). These methods introduced either additional layers
to the model (e.g., [24, 14, 10, 30, 29, 8]) or a coin-flipping
selection process to select among contexts (e.g., [1, 21]). Although these models work well with given types of contexts,
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they all resulted in more complicated model structures and
consequentially more sophisticated inference procedures.
Another trend of literature related to our work is topic
modeling of user-generated content. Here we present a few
representative pieces of work, especially those with a focus
on tweets [28, 22, 9]. Weng et al. deployed LDA on the
tweets by aggregating all the tweets of the same user and
treating each user as a document [28]. This in fact corresponds to the use of the user context to partition the data.
Hong et al. performed an empirical study of topic modeling
in twitter and several aggregation strategies are proposed to
train LDA on a dataset of tweets [9]. Work of this kind
usually employs a single type of context [31].
These contextualized topic models and treatments are all
designed for specific types of contexts and hard to generalize
to treat other types of context or a combination of multiple
contexts. Our work differs from these by enhancing the collaboration among multiple, arbitrary types of contexts without manipulating the graphical structure of classical topic
models. This appears to be a more effective and more generalizable solution of contextualized topic modeling.
Another research direction that is weakly tied to our intuition is Multi-view Clustering [2], in which multiple independent views of the data are available and each of them
is assumed to be sufficient for clustering. The existing approaches generally aim to exploit the multiple views of the
data to discover the clusters that agree across the views.
Bickel et al. proposed a Co-EM based framework for multiview clustering [2]. The Co-EM algorithm iteratively performs the E-step in one view, the result of which is passed
to an M-step in another view. Kumar et al. proposed a cotraining approach for multi-view spectral clustering [12].
Specifically, the spectral embedding from one view is used
to constrain the similarity graph used for the other view.
In [13], they further proposed a co-regularization framework
to regularize the clustering hypotheses across the views. In
multi-view clustering, each view corresponds to a representation of the same data points with different features and the
target is to cluster the data points by making use of multiple types features. Differently, in our problem a view is
provided by a partition of the corpus with a type of context,
which reflects the co-occurrence information among words
at different levels. The target is to simultaneously assign
words and documents into topics by utilizing the different
levels of co-occurrence information, which is quite different
from the multi-view clustering task.

3.

topic identities as the document. Two connections can be
made between topic modeling and the aforementioned linguistic intuition. First, the meaning of a word is represented by the identities of the word among a set of topics.
Second, every document provides a context, in which the
topic identities (meanings) of one word can be derived from
the topic identities of the other words co-occurring in this
context. This intuitive connection can be further elaborated
using a classical topic model, the LDA [3].

3.1

Latent Dirichlet Allocation

The latent Dirichlet allocation (LDA) model assumes that
each document is generated from a mixture of topics, with
each topic corresponding to a multinomial distribution over
all the words in the vocabulary. The detailed generative
process of each document w is described as follows:
1. Sample a document topic proportion θ ∼ Dirichlet(α).
2. For each word wn in the document,
(a) Sample a topic assignment zn ∼ Multinomial(θ),
(b) Sample a word wn ∼ Multinomial(βzn ).
α is the Dirichlet prior for the topic proportion. K is the
total number of topics and β = {βk }k=1,...,K is the set of
topic word distributions.
LDA extracts topics from text by calculating the posterior probability of the hidden variables, the document topic
proportion θ and the topic identities of the words z = {zn },
given all observed words w = {wn } in the documents:
p(θ, z|w, α, β) =

p(θ, z, w|α, β)
.
p(w|α, β)

(1)

This distribution is however computational intractable. In
existing literature, variational inference [3] and Gibbs sampling [6] methods have been proposed to approximate the
posterior distribution in order to achieve a tractable solution. In either way, such a process essentially attempts to
infer the topic identities of every word in a document.
We can clearly observe the critical role of the documentlevel word co-occurrence. Indeed, from Equation 1 one can
observe that the topic identity of an individual word (zn )
not only depends on the word wn itself, but also depends
on all the other words in the same document (w). This well
elaborates the role of the context of situation (in this case
a document). Such co-occurrence signal is carried through
to the M-step, where the topic distributions are estimated
with all words sharing the same identities of topics. Should
the assumption of the “context of situation” fail, or should
the contexts provide insufficient signals of meaningful word
co-occurrences, a topic model is unlikely to perform well.

PROBLEM DEFINITION

We start with the intuition that topic modeling essentially
relies on the signals of word co-occurrence in documents [26,
25]. Words that frequently co-occur in the same documents
are likely to be grouped into the same topic, while words
do not co-occur tend to be separated into different topics.
Such a process echoes the famous assumption of the “context
of situation” in linguistics, which was first coined by the
anthropologist B. Malinowski [23] and then elaborated by J.
R. Firth in the quote “You shall know a word by the company
it keeps (J.R. Firth. 1957) [5].” The basic idea of Firth’s
perspective is that the meaning of a word can be derived
from the words with which it co-occurs.
It is a key assumption in all topic models that individual
documents present concentrated identities on a few topics.
Words in the document are more likely to present the same

3.2

Topic Modeling with Multiple Contexts

Topic modeling relies heavily on the contexts of situations that provide sufficient and meaningful signals of word
co-occurrences. Naturally, every document provides such
a context. A topic model performs well when such “documents” present sufficient signals of word co-occurrences.
This condition is true in news articles and scientific papers,
where topic models are proved to be effective. This condition is not true in user-generated content, where organic
documents are extremely short. Classical topic models (e.g.,
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LDA) fail because the document contexts can no longer provide sufficient signals of word co-occurrences.
On the contrary of extremely short documents, a message
in social media is usually associated with a rich set of metadata (e.g., time, location, authorship, hashtags, etc.). Some
of these metadata variables provide alternative and benign
“contexts of situations” rather than the organic documents.
In many of these contexts, the assumption that “semantically related words co-occur ” still holds, and the signals of
word co-occurrences become abundant. When the signals
are inadequate within organic documents, we can resort to
the various types of contexts for help. Motivated by this
intuition, we formally define the essential concepts and the
problem of multi-contextual topic modeling.

present a specific projection onto particular types of context,
which represent the view-specific interpretations of the consensus topics. In this paper, we aim to address the problem
of finding such consensus topics and view-specific topics by incentivizing individual contexts to collaborate with
each other. Formally, we define the problem as follows:
Definition 3. Multi-contextual Topic Modeling.
Let C be the set of context types (views). Each user-generated
message m is represented by a pair of vectors (wm , vm ),
where wm is a vector of words that represent the textual conm
tent of the message and vm = (v1m , v2m , · · · , v|C|
) represent
m
the context information associated to m. vi presents the
observed value (e.g., the date Aug. 8th) of the i-th type of
context (e.g., time). |C| represents the total number of different types of contexts. Given a collection of user-generated
messages {(wm , vm )}M
m=1 , multi-contextual topic modeling aims to discover the consensus topics {φk }k=1,2··· ,K
that are the most robust across multiple types of contexts,
as well as the view-specific topics {φk,c }k=1,2··· ,K;c∈C that
corresponds to the specific instantiations of the consensus
topics in each view.

Definition 1. Context, View. A context is an arbitrary subset of the corpus, which corresponds to either an
organic document or text that share the same value of a
metadata variable. A type of context refers to this metadata variable, the values of which defines a partition of the
corpus. A view of a text collection is defined as this partition of the corpus according to a particular type of context.

Note vim can take either a scalar value or a set of values.
For example, a scientific paper can have more than one authors, thus vim may contain a set of names under the user
context. Similarly, a tweet may contain multiple hashtags.
The problem is substantial challenging because the set of
views (C) may be arbitrary. Multi-contextual topic modeling calls for a method that could handle arbitrary types of
contexts instead of introducing specific treatments to particular types of contexts. Such a method should facilitate the
collaboration among different contexts, with a procedure to
“vote” for the consensus topics.

Figure 1 provides an intuitive explanation of contexts and
views in a collection of tweets. Tweets are associated with
the metadata variables including the user, the posting time,
and the hashtags (user created keywords starting with #).
A corpus of tweets can then be partitioned by either different
users, different time, or different hashtags. Clearly, we have
generalized the notion of a “context” so that organic tweets
become a special type of context. The organic document
boundaries then define a special view of the corpus, among
with many other views defined by other types of contexts
(e.g., time, user, hashtags). A specific context (e.g., user
= U2 ”) becomes a “pseudo-document,” which can be derived
by aggregating all messages that share the same value of this
type of context. For example, tweets written by the same
user assemble a “pseudo-document” under the user view;
tweets containing the hashtag “#kdd2013” are grouped into
a “pseudo-document” under the hashtag view.

4.

MULTI-CONTEXTUAL TOPIC MODELS

In this section, we describe our two methods to tackle the
problem. We first introduce a naive treatment with a variation of the classical LDA model. Like many existing contextualized topic models, this model also introduces context
variables into the graphical structure. The difference is that
it provides a general flexibility to handle arbitrary types of
context. Like the existing contextualized topic models, this
model is also likely to suffer from the problem of data sparseness. In Section 4.2, based on the motivation to enhance different types of contexts to collaborate with each other, we
propose a co-regularization framework that provides a more
principled solution to the problem.

Definition 2. Topic, Topic Modeling. A topic φ is
defined as a multinomial distribution over words in the vocabulary V , i.e. {p(w|φ)}w∈V . Given a text collection D and
a predefined number K, topic modeling aims to discover
the K salient topics {φk }k=1,···K from D.
In classical topic models, the inference of topics is done
with the natural partition of the corpus into documents.
Now that a type of context (or a view ) also offers a partition
of the corpus, one can actually conduct topic modeling with
the “pseudo-documents” partitioned using this view of corpus instead of using the original documents. By doing this,
the topic model utilizes the signals of words co-occurrences
at a context level instead of at the document level. A robust topic should appear no matter whether the inference
process is done using organic documents or using “pseudodocuments” of a different view. When multiple types of contexts appear, one could imagine a topic model leveraging the
signals of word co-occurrences in different views. Topics that
appear to be salient in all these views should be the most
representative ones of the collection. In other words, these
globally salient topics present the consensus among multiple types of contexts. Meanwhile, these global topics may

4.1

Multi-contextual LDA (mLDA)
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Figure 2: Graphical structure of mLDA.
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It is common practice in contextualized topic models, such
as the Author-Topic-Model (ATM), to integrate one or more
context variables (e.g., the authorship) into the generative
process or the graphical structure of LDA. Such models
are usually capable of handling one or a few given types
of contexts (e.g., time, author), but ineffective to incorporate multiple, arbitrary types of contexts. One straightforward solution is to employ a generalization of ATM to multicontextual topic modeling, by treating all different contexts
(e.g., “Aug. 12th,”“Chicago” ) equally as “authors” of a document. Such a treatment fails to distinguish different types
of contexts, all of which are flattened into one single view.
Following the common practice but aiming at a generalizable solution, we introduce a multi-contextual LDA (mLDA)
model that incorporates multiple, arbitrary context variables as another contextual layer into the graphical structure
of LDA. In the corresponding generative process, a particular type of context (i.e., a context variable) is selected with a
switching random variable. Specifically, the generative process is defined as follows:

multi-contextual model boils down to a special case that is
identical to the author-topic model.
This simple extension of LDA provides a reasonable baseline for mining consensus topics from multiple contexts. The
benefit of this model is apparent: it generally handles arbitrary types and combinations of context information, without the need to find a specific manipulation of the model
structure for each particular setup. However, we do foresee a potential concern of such a model, or rather a general
problem of all existing contextualized topic models that employ a selection process over multiple contexts. That is, the
model essentially works to split the words in each message
and assign them to different types of contexts. Such a process inevitably makes the available information of a particular context even sparser. This might not be a problem when
the document-level information is abundant (e.g., scientific
papers), but raises a serious concern for user-generated messages in social media as every message is already very short.
We will carefully analyze this issue in Section 5.
The key deficiency of such contextualized topic models
(e.g., ATM, mLDA) is that different types of contexts are
competing for resource (i.e., words), instead of collaborating
to vote for the consensus topics. Our second attempt is
to find a method that facilitates the collaboration among
different types of contexts, without making the data sparser
for each particular context.

1. For each topic k ∈ {1, . . . , K},
(a) Sample a multinomial distribution over words φk ∼
Dirichlet(·|η);
2. For each context (pseudo-document) x from all views
(types of context, partitions),

4.2

(a) Sample a multinomial distribution over topics ψx ∼
Dirichlet(·|δ)

A Co-Regularization Framework

As mentioned previously, each type of context provides an
independent view of the corpus, or an independent partition
3. For each message m,
of the content space. Based on each type of context we can
derive a collection of “pseudo-documents” and deploy an in(a) Sample a multinomial distribution over context
dependent topic modeling process on this collection. Such
types π ∼ Dirichlet(·|γ)
an approach enjoys the property that information in individ(b) For each word w of m
ual contexts will not be further sparsified, and no arbitrary
manipulation is needed on top of the classical topic models.
i. Sample a context type c ∼ Multinomial(·|π)
What we need here is a mechanism to push different views
m
ii. Sample a context value x ∼ Uniform(·|vc ),
to collaborate with each other in order to reach a consensus
m
where vc is the set of possible values of conof the topics. We propose a co-regularization framework to
text type c in m.
make different types of contexts agree with each other on
iii. Sample a topic assignment z ∼ Multinomial(·|ψx ) the topics discovered in each of their own views. Specifiiv. Sample w ∼ Multinomial(·|φz )
cally, we adopt a centroid-based regularization schema. We
introduce a set of general topic distributions shared across
Gibbs sampling can be used for the inference of the multidifferent views (i.e., the consensus topics) and make the topcontextual LDA. The conditional probability of the hidden
ics discovered through each individual view be close to these
variables for each word wi is calculated as follows:
global consensus topics. In this way, the consensus topics
serve as a bridge to make the view-specific topic modeling
p(zi = k, xi = j,ci = l|wi = w, w−i , z−i , c−i , x−i ) ∝
processes collaborate with each other. Specifically, we innk,w + η
nj,k + δ
troduce the following regularization function to measure the
·P
, (2)
(nm,l + γ) · P
0
0
k0 (nj,k + δ)
w0 (nk,w + η)
disagreement between the consensus topic distributions and
view-specific distributions:
where ci = l, xi = j and zi = k represent that the ith
word is assigned to context type l, context value j of type
l, and topic k. nm,l is the number of times that words in
m are generated by context type l; nj,k is the number of
times that a word in context j is assigned to topic k; and
nk,w is the number of times that word w is assigned to topic
k, all excluding the current word token. Note that a usergenerated message may contain only a subset of all types
of context. For example, not all tweets contain hashtags.
In the model, we constraint the value of ci to the set of
observed types of context of the current message. Clearly,
when there is only one type of context (e.g., author), the

R(β, β c ) =

K
X

d(βk , βkc ).

(3)

k=1

β = {βk }K
k=1 is a set of the general topic distributions (consensus topics) and β c = {βkc }K
k=1 is the set of topic distributions discovered independently through the view of context
type c (view-specific topics). d(·, ·) is used to measure the
distance between two distributions, and here we adopt the
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Kullback−Leibler (KL) divergence [11], i.e.,
d(βk , βkc ) =

V
X

βkv log βkv −

v=1

V
X

c
βkv log βkv

(4)

v=1

Finally, we construct an objective function that consists
of the log-likelihood functions of topic modeling in each view
penalized by the above regularization term. That is,
Θ=

|C|
X

lc (αc , β c ) − η

c=1

|C|
X

R(β, β c ),

(5)

c=1

where lc (αc , β c ) is the log-likelihood of the collection of pseudodocument derived by partitioning the content space using
the context type c, i.e.,
c

lc (αc , β c ) =

D
X

log p(wcd |αc , β c ).

(6)

d=1

η is a regularization parameter used to trade-off between
maximizing the likelihood of each view-specific topic modeling process and minimizing the disagreement among the
topics discovered by each of the processes.
The objective function (5) is still computational intractable
as the log-likelihood of each view-specific topic modeling
process is intractable. We can still resort to variational inference for a tractable lower bound of the log-likelihoods.
Omitting the equivalent details of the variational inference
to LDA, we summarize the final updating equations below:
φcdnk

∝

c
βkw
n

c
γdk
= αkc +

c
c
exp{Eq [log(θdk
)|γdk
]}
N
X

φcdnk

Twitter. We collect a sample of tweets using an official
Twitter stream API between October 2nd, 2011 and October 8th, 2011. Through the API, we retrieve tweets of a
sample of 2,000 users who have posted at least 100 tweets
during the time frame. Stopwords and words that appeared
less than 100 times in the whole dataset are removed, which
yields a vocabulary of 121,709 unique words3 . We are able
to identify three effective types of contexts in this dataset,
including tweet, user, and hashtag. This says, the entire collection can be partitioned into “pseudo-documents” as either
individual tweets, the tweets posted by individual users, or
tweets containing certain hashtags. The statistics of this
dataset are summarized in Table 1.
DBLP. Titles of scientific papers are good instantiations
of short textual documents. Metadata information of a paper also provides a rich set of contexts. Such properties
connect well with user-generated content, making titles of
scientific papers a suitable dataset to verify the effectiveness of multi-contextual topic modeling. We download all
the DBLP records that are labeled as conference proceedings. We identify three types of contexts for every record,
including the title of the paper, the authors, and the conference (book title) of publication. Words that appeared in less
than 5 titles are removed, resulted in a vocabulary of 35,895
unique words. The statistics are summarized in Table 2.
Table 1: Statistics of the Twitter Dataset
Context # Documents
Avg. doc length by words
User
1,955
355.0
Hashtag
10,769
21.4
Tweet
192,300
3.6
Size of vocabulary: 121,709. A held-out set of 1.9 million tweets
is used to evaluate topic coherence.

(7)
(8)

n=1
c

c
βkv

∝

D X
N
X

v
φcdnk wdn
+ ηβkv

Table 2: Statistics of the DBLP Dataset

(9)

Context
Author
Conference
Title

d=1 n=1

βkv ∝ (

|C|
Y

1

c
βkv
) |C|

(10)

c=1

The updating equations (7) and (8) are the same as the Estep in LDA model [3]. In Equation (9), we can see that the
estimation of the view-specific topics depends on not only
the identities of all the word tokens in the current view but
also the consensus topics across views. In Equation (10), a
consensus topic is achieved as the average of the view-specific
topics of all views.
We anticipate that this co-regularization treatment would
provide a more effective process to mining consensus topics than the multi-contextual LDA and additional benefit
of mining view-specific topics. This is because it enhances
the collaboration among different types of contexts without
making the data sparser. In next section we present experiments using real-world datasets to verify our intuitions.

5.
5.1

5.2

Candidate Models for Comparison

The candidate models are classified into two categories:
single-context based and multi-context based.

5.2.1

Single-context Based Methods

• LDA. We partition the corpus into “pseudo-documents”
according to each single type of context. Then LDA
is deployed in each of the partitions. Variational inference is used as the inference algorithm.

5.2.2

Multi-context Based Methods

• Author-Topic Model (ATM). The author-topic model
was originally proposed to model topics in scientific literature. We adopt a simple generalization which treats
each context other than the organic documents as an
“author” of the short message (tweet or title), neglecting the different types of context. The Dirichlet priors
of topic-word and author-topic distributions in Gibbs
sampling are set as 0.01 and 1 respectively.

EXPERIMENT
Datasets

We introduce two real-world datasets for our experiments:
one consists of messages (tweets) sampled from Twitter, the
leading microblogging site and the other consists of titles
sampled from DBLP2 , the online bibliography database .
2

# Documents
Avg. doc length by words
510,097
24.4
3,804
1095.4
652,521
6.4
Size of vocabulary: 35,895.

3
A few users are dropped who have no nonempty tweet left
after this step

http://www.informatik.uni-trier.de/~ley/db/
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• Multi-contextual LDA (mLDA). The types of context used are user and hashtag for the Twitter dataset,
and author and conference for the DBLP dataset. The
hyperparameters of mLDA are set as γ=1, δ = 1 and
η = 0.01.

Table 3: Statistics of the Networks
Network
# nodes # edges
Co-author Network 510,097 3,257,571
Re-tweet Network
1,955
1,248

• Co-regularization (CR). We include different combinations of views into comparison. Note that under the co-regularization framework, the organic documents are also treated as an independent view.

metric modularity [20] is a well accepted metric to evaluate
the clusters of the actors (communities) in a network. The
modularity score measures the quality of the divisions of a
network of actors, which is defined as:
ki kj
1 X
[Aij −
]δ(gi , gj ).
(12)
Q=
2m ij
2m

In all comparisons, we predefine the number of topics. We
did not tune this parameter because our goal is not to find
the optimal number of topics but to compare the treatments
of contexts. All the results reported below are averaged over
10 independent runs with random initialization.

5.3

m is the total number of edges in a network. A is an adjacency matrix where Aij is 1 if there exists an edge between
node i and node j and 0 otherwise. δ(·, ·) is an indication
function, which equals to 1 if node i and node j falls into
the same cluster otherwise 0. ki is the degree of node i.
To calculate the modularity of a clustering of authors/users,
we first construct a network of the actors. This is straightforward since natural network structures of users/authors exist
in both Twitter and DBLP. Specifically, the co-authorship
network in DBLP is used to evaluate author clustering. If
two authors have co-authored at least one paper, then an
edge is defined between the two authors. We use the retweet
network in Twitter to evaluate user clustering. If a user has
re-tweeted at least one tweet of another user, then there
exists an edge between them. The statistics of the two networks are summarized in Table 3.
We selected the two metrics, PMI and modularity, because
we believe they are direct indicators of the quality of topics
rather than the likelihood statistics. A better topic will yield
a higher PMI score, and a better set of topics will yield a
higher modularity score.

Metrics

Finding an objective metric for the comparison of topic
models is hard. Many existing studies utilized the perplexity
or the likelihood of held-out data. However, such statistics
cannot directly measure the quality (e.g., the semantic coherence) of the learned topics. In [4], Chang et al. presented
quantitative methods to measure the topical coherence of
learned topics. They found that the likelihood of the heldout data is not always a good indicator of topic coherence.
To tackle this problem, we introduce two metrics which directly measure the quality of topics discovered.
Topic Coherence. Recently, measuring the semantic coherence of the learned topics has received increasing attention [19, 17]. By measuring how semantic coherent the words
in a topic are, one has a better sense of whether the extracted
topics are interpretable and to what extent such topics help
end-users for exploratory data analysis. In [19], Newman et
al. proposed to use the point-wise mutual information (PMI)
to measure the semantic coherence of topics. For each topic,
the PMI-score calculates the average relatedness of each pair
of the words ranked at top-N:
X
p(wi , wj )
2
log
, (11)
PMI-Score(w) =
N (N − 1)
p(wi )p(wj )

5.4

Experimental Results

We start with a summary of the results of all candidate
models on the DBLP dataset. Note that there are three
types of context, or three views defined on the DBLP dataset:
author, conference, and title. The candidate models produce
either the consensus topics or view-specific topics, or both.
For single-context based methods, only view-specific topics
are generated, when LDA is applied to the view. For ATM
and mLDA, only consensus topics are generated. For the coregularization methods, both view-specific topics and consensus topics are generated. We apply the co-regularization
method on different combinations of the views.
The PMI scores of all candidate methods are presented
in Table 4. First, we compare the topics discovered based
on each single type of context. We can see that LDA based
on the author view achieves better results than the same
method based on the conference view, which is far better
than the title view. This means the performance of LDA on
the organic short documents is significantly worse than when
applied to “pseudo-documents” partitioned based on either
the authors or the conferences. This reassures our observation that when the lengths of documents are too short, they
fail to provide sufficient signals of word co-occurrences. Classical topic models like LDA do not work well in such kinds of
datasets. Both the author context and the conference context provide adequate signals of word co-occurrences, where
classical topic models perform reasonably well.

1≤i<j≤N

where w are the top N most probable words of the topic.
p(wi , wj ) is the probability of words wi and wj co-occurring
in the same document while p(wi ) is probability of word wi
appearing in a document. These probabilities are computed
from a much larger corpus. N is set to 20 in our analysis.
Entity Clustering. Another approach to evaluate topic
models is to use the learned topics for an external task, and
thus assess the quality of topics based on their performance
on the task [15, 27]. In this paper, we utilize the learned
topics for a clustering task of entities. We select author clustering as the external task to evaluate the topics extracted
from the DBLP dataset, and user clustering to evaluate the
topics extracted from the Twitter dataset. The number of
clusters is set the same as the number of topics. Each entity
(author or user) is assigned to the topic that is the most
prevalent in the pseudo-document corresponding to that entity.
We select the problem of author/user clustering because
there are well established metrics for such a task, even when
a ground truth is not available. For example, when the
interconnections among the authors/users are available, the
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Table 4: Topic coherence of topics in the DBLP
dataset. Collaboration of multiple views improves
both consensus topics and view-specific topics.
Type
Single
Context

Multiple
Contexts

Algorithm
LDA(Author View)
LDA(Conference View)
LDA(Title View)
ATM (Author-Conference)
MLDA
CR(Author-Title)
CR(Author-Conference)
CR(Conference-Title)
CR(Author-Conference-Title)

Author
0.613
–
–
–
–
0.622
0.624
–
0.642

Topic PMI
Conference Title
–
–
0.569
–
–
-0.002
–
–
–
–
–
0.628
0.641
–
0.608
0.602
0.638
0.621

Table 5: Topic coherence of topics in the Twitter
dataset. Collaboration of strong views improves
both consensus topics and view-specific topics.

Consensus
–
–
–
0.578
0.577
0.612
0.598
0.606
0.634

Number of topics is set as 20. The regularization parameter η in the
co-regularization framework is empirically set as η=200,000

Let us then look at the PMI scores of multi-contextual
topic models. Incorporating multiple types of contexts into
the Author-Topic Model and the multi-contextual LDA model
does improve over the organic LDA model (LDA with the
title view), but the performance is inferior to the best single view of the collection (i.e., LDA with the author view).
This seems to confirm our concern in Section 4.1 that neither of the two models encourages different types of context
to collaborate with each other. The contexts rather compete for resources, which makes the data sparser. As for
the co-regularization based methods, we can clearly see that
both the view-specific topics and the consensus topics are
consistently better than those discovered by single-context
based methods and by the two naive multi-contextual methods. This suggests that the co-regularization framework indeed makes different contexts collaborate, not only voting
for better consensus topics but also helping each other extract better view-specific topics. Not only did the stronger
views (author, conference) help the weaker view (title) significantly, but also did the two strong views reinforce each
other. The best consensus topics are achieved when all three
views are employed, which is a strong signal of the effectiveness of multi-contextual topics modeling.
Similar findings can be observed on the Twitter dataset.
Remember that there are also three types of context, or three
views defined on the Twitter dataset, namely tweet, user,
and hashtag. The PMI scores of the candidate systems are
summarized in Table 5. Again, LDA failed to perform well
when the single tweet view is applied to. Unfortunately the
extremely short tweets (up to 140 characters) provided so
weak signals for a classical topic model. Hashtag seemed
to be a rather strong view by its own, significantly outperforming the user view, which also performed reasonably
well. Among the multi-contextual methods, it is clear that
the combinations of the two strong views (user and hashtag) outperformed all competitors in both view-specific topics and consensus topics. Combining all three views does
not improve over the coupling of the two strong views, which
should be attributed to the severe sparseness of individual
tweets (in average 3.6 words after preprocessing).
Next, we investigate how these topics are useful in particular data mining tasks, by using the view-specific topics
for the task of author clustering on DBLP and user clustering on Twitter. Only the single-context model based on
author/user view and the co-regularization models that involve the author/user view are kept in comparison because
only these models output author/user -specific topics. The
results are summarized in Table 6 and Table 7.

Topic PMI
User Hashtag Tweet Consensus
LDA(User)
1.94
–
–
–
Single
LDA(Hashtag)
–
2.54
–
–
Context
LDA(Tweet)
–
–
-0.617
–
ATM(User-Hashtag)
–
–
–
2.15
MLDA(User-Hashtag)
–
–
–
2.01
Multiple
CR(User-Tweet)
1.82
–
1.52
1.67
CR(User-Hashtag)
2.04
2.69
–
2.32
Contexts
CR(Hashtag-Tweet)
–
2.20
1.36
1.56
CR(User-Hashtag-Tweet) 1.86
2.50
1.53
1.78
Number of topics is set as 50. The regularization parameter η in the
co-regularization framework is empirically set as η=100,000
Type

Algorithm

Apparently, view-specific topics using the single view of
author/user performed reasonably well in the clustering tasks
of authors/users. This is not surprising as both the author
view (in DBLP) and the user view (in Twitter) provided
sufficient signals for topic modeling, and topic modeling is
essentially a way of soft clustering. Interestingly, when combined with another strong view, namely conference in DBLP
and hashtag in Twitter, the author -specific topics and user specific topics achieved better performance in author/user
clustering. This again confirmed the effectiveness of multicontextual topic modeling and the co-regularization method.
It is interesting to see that adding the weak view of title (in
DBLP) and tweet (in Twitter) does not further improve the
clustering performance. This is consistent with the results
using the PMI metric, where the addition of weak views improved the consensus topics but not the view-specific topics
of the strong views. The view of organic short documents
is simply too weak to provide substantial novel signals for
topic modeling as long as stronger views are employed.
Table 6: Author Clustering on DBLP.
Type
Algorithm
Modularity
Single
LDA(Author)
0.289
CR(Author-Title)
0.288
Multiple
CR(Author-Conference)
0.298
CR(Author-Conference-Title)
0.295
Table 7: User Clustering on Twitter
Type
Algorithm
Modularity
Single
LDA(User)
0.445
CR(User-Hashtag)
0.491
Multiple
CR(User-Tweet)
0.457
CR(User-Hashtag-Tweet)
0.480
In summary, the integration of context-based views significantly improves the application of classical topic models
on short text documents. When multiple contexts are available, the collaboration of them through the co-regularization
framework further improves the consensus topics. The combination of strong views (views that provide sufficient cooccurrence information) also improves the view-specific topics respective to individual type of context. Neither the
Author-Topic Model or the multi-contextual LDA model
performs as effectively as co-regularization because the two
models make the data even sparser through the competition
between contexts.
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We also investigate the sensitivity of the performance w.r.t
the regularization parameter η. In Figure 3, we plot the PMI
scores of both the view-specific topics and the consensus
topics based on the user and hashtag views (Twitter) and
based on the author and conference views (DBLP). When
η equals 0, the view-specific topics are separately trained
w.r.t individual views without any co-regularization. When
η becomes larger, the view-specific topics become closer to
each other as well as the consensus topics. In general, the
performance of the co-regularization framework is not sensitive to the parameter. When the parameter is sufficiently
large, the quality of the topics becomes smooth. In practice,
the parameter η can be heuristically set as the total number
of tokens divided by the number of topics.

0e+00

4e+05

8e+05

(b) DBLP

Figure 3: Parameter sensitivity w.r.t η.

6.

CONCLUSIONS

In this paper, we investigated the problem of exploiting multiple types of contexts for topic modeling in usergenerated content. Instead of designing specific manipulations of model structure, we proposed a general co-regularization
framework to facilitate the collaboration of different types
of contexts. The framework can be easily extended to data
sources with arbitrary types and combinations of contexts.
Experimental results on two real-world datasets showed that
the co-regularization framework successfully incorporated
multiple types of contexts, which outperformed contextualized topic models with manipulated graph structures of
classical topic models. One interesting problem to be done
is how to select the views when many types of contexts are
available. Based on our results, the combination of strong
contexts significantly outperformed the use of weak contexts.
How to measure the strength of a context in topic modeling
appears to be a promising future direction.
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