A Novel Collaborative Interactive Topic Model
for Academic Recommendation

Abstract

Topic modeling has been extensively used in academic
recommendation as it provides latent topics for each
document. However, without human involvement, topic
modeling method appears to be a “take it or leave it”
matter, as users cannot iteratively update document-
topic correlations with their prior knowledge. In this pa-
per, we propose a novel interactive topic model based
on latent Dirichlet allocation. We include human judg-
ment in the loop by encoding feedbacks from users
to tree-structured priors and re-infer certain documents
via boosted Gibbs sampling. We also present a crowd-
sourcing framework for recommending scientific pub-
lications based on similar topics, which involves a col-
laborative version of the interactive topic model. Exper-
iments show that our model presents higher efficiency
and more reasonable document-topic distribution.

Introduction

Probabilistic topic models, such as probabilistic latent se-
mantic indexing (Hofmann 1999) and latent Dirichlet allo-
cation(LDA) (Blei, Ng, and Jordan 2003), have been recog-
nized as useful tools for analyzing and summarizing large,
unstructured documents.

While topic models provide an attractive solution for un-
derstanding contexts, the extracted topics may not always
accomodate users’ needs for information, which is a three-
fold problem. First, the comprehension and interpretation
of given documents and topics vary from person to person.
People rely more on topics that are semantically coherent
and accordant with their personal expertise. Second, top-
ics generated by topic models may present a different level
of granularity according to user expectation. For example,
users will find the topic machine learning, artificial intelli-
gence unsatisfying when they read an article on topic mod-
els, as they want a more specific one. Third, some topics
have relatively low human-interpretability because of co-
existance of irrelavant words.

Two types of methodologies are used to address this prob-
lem. Extrinsic methods make improvements by adding more
side information, such as multi-faceted topics (Paul and
Girju 2010), authorship information (Rosen-Zvi et al. 2004),
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correlated topics (Blei and Lafferty 2006). whereas intrin-
sic methods (Hu, Boyd-Graber, and Satinoff 2011) do not
use any source or task from the dataset, but attempt to make
models interactive and encode user feedback in the model.
As no quantive methods can be adopted to measure how well
a topic matches a document, human judgment can provide
more personalized modifications for topic models. There-
fore, we assume that intrinsic methods are better at analyz-
ing textual information of a given document.

For intrinsic methods mentioned above, former re-
searches, including (Hu and Boyd-Graber 2012), mainly fo-
cus on word distribution under each topic. However, when
recommending documents to users, we should pay more
attention to document-topic distribution rather than topic-
word distribution. Based on this, we propose a novel inter-
active topic model (ITM) to analyze and to recommend sci-
entific articles.

Considering that computational efficiency is rather impor-
tant as we need to decrease waiting time in ITM, researchers
have developed several effective methods for computation,
including SparseLDA (Yao, Mimno, and McCallum 2009).
In our ITM, we adopt similar techniques and boost the pro-
cess of Gibbs sampling.

Unlike previous interactive topic modeling systems
(Hoque and Carenini 2015; Pleple 2013) which are usually
personalized models, we base our interactive topic model
on a crowdsourcing platform. Crowdsourcing strategy ac-
complishes a task with feedbacks from a large number of
participants. It has been used in diverse fields, including lan-
guage studies (Vertanen and Kristensson 2011), tests grad-
ing (Bachrach et al. 2012). We distribute the task of labeling
documents to users who read the same document. In prac-
tice, such mechanism is reasonable because labeling doc-
uments and modifying prior tree could achieve higher ac-
curacy if more people, especially more specialists in same
fields are involved. Hence, we further modify our interactive
topic model into a collaborative version, enabling different
users to modify the shared prior tree.

The major contributions of this paper are summarized as
follows:

e We provide an interactive topic model with tree-structured
priors and encode user feedback into the prior tree, and
we significantly increase the computational efficiency by
adopting similar mechanism like SparseLDA.
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Figure 1: tree-structured priors

e We propose a crowdsourcing framework for recommend-
ing publications and further modify our interactive topic
model to a collaborative version. In this scenario, users
with similar interests can fix a shared prior tree, which
promotes article recommendation in related topics.

e The experimental evaluation shows that our topic model
successfully modifies inference results of given docu-
ments based on feedbacks from different users.

Topic Model with Tree-strutured Priors

In the standard LDA, we adopt symmetric hyper-parameter
« over the document-topic distribution. It is assumed that all
the topics have the same probability to be generated. In our
model, we incorporate users’ knowledge on topic distribu-
tion after they read documents. The users choose both the
most and least relevant topics and it produces correlations
among topics. We adopt (Andrzejewski, Zhu, and Craven
2009)’s approach to add user feedback into the prior knowl-
edge in a document’s topic tree. In this section, we will give
detailed descriptions of this process.

Tree-based priors

In our model, the multinomial distributions for K topics are
arranged in a tree. We use root node to represent a document
and leaf nodes to represent topics. Each internal node repre-
sents an additional multinomial distribution. When Dirichlet
parameters are large (bigger than 1), the multinomial dis-
tribution is uniform, which means that the correlated topics
are likely to occur simultaneously. When Dirichlet parame-
ters are small, the multinomial distribution is sparse. It en-
courages an exclusively distribution which means that the
correlated topics are unlikely to occur at the same time.
Analogous to (Andrzejewski, Zhu, and Craven 2009)’s
formalism of correlations among words, we define similar

correlations including positive and negative ones. These two
correlations are illustrated in a tree-structured model.

Referring to Figure 1, we define three parameters oy, ae
and ai3. We use large parameter aia(like 100) to form pos-
itive correlations, small parameter az(like 107°) to form
negative correlations. Parameter o (like 0.5) is used for un-
correlation.

Encoding user feedback into a tree

After users read a document, we will show them a list of
topics generated by our topic model, then users are supposed
to label the topics with tag “good” (related the basic idea of
the document) or tag “bad” (unrelated to the basic idea of
the document).

Recall the positive and negative correlations mentioned
in the former section. In this case, positive correlations are
created between every two “good” topics and negative cor-
relations are built between a “good” topic and a “bad” one.

Our next task is to generate the prior tree based on the cor-
relations. The standard LDA with the symmetric prior can
be considered as a flat tree, with all topics are leaf nodes di-
rectly linked to the root node with the same prior, as shown
in the upper left part of Figure 1. When considering con-
straints, we replace all topics involved in the correlation with
a single new child, and then link all the correlated topics to
this new node. Examples of positive correlation and nega-
tive correlation are shown in middle left and lower left part
of Figure 1.

As positive correlation is transitive and we can merge all
the correlated topics into a cluster, “bad” topics are actu-
ally correlated negatively with all of the “good” topics in the
same cluster. Such example is presented in the right part of
Figure 1.



Boosted Gibbs Sampling-based Inference

In this section, we will give further analysis of the inference
process and efficient sampling techniques in order to boost
computational efficiency.

Inference process

After new constraints are added, we first generate a modified
prior tree and then start the re-inference process of related
documents based on Gibbs Sampling. Inference procedures
are as follows:

1. For each topic k € {1, ..., K},

(a) draw a V-dimensional multinomial distribution over
all words: 7, ~ Dirichlet(53)

2. For each document d € {1, ..., M},

(a) draw a multinomial distribution over topics:

i. start from the ROOT node, draw a distri-
bution over branches(topics and constraints)
04.roor ~ Dirichlet(aroo7)

ii. for each constraint, draw a multinomial distribu-
tion over its branches similar to the former step:
04, ~ Dirichlet(a;).

iii. continue the former step, until all topics are in-
cluded.
(b) For nyj, token w in this document d:

i. choose either a topic or a constraint from
Mult(0q,rooT):

A if we choose a topic, draw that topic;

B otherwise if we choose a constraint index [,,,
continue choose its branch from Mult(64,,, ).
until a topiczy,,, is chosen.

ii. draw a token wy n|2q,n ~ Mult(r, )

Distribution equations
In this model, we can still turn to Gibbs sampling for infer-
ence as these models retain conjugacy.

For standard LDA, the common practice is to integrate out
the per-document distribution over topics and the topic dis-
tribution over tokens. The only latent variable left to sample
is the per-token topic assignment
5 + nwd,n|k (1)

BV + .|k

where d is the document index, and n is the token index in
that document; ny,q is topic k’s count in the document d; o
and [ are priors for topics and words; Z_ are the topic as-
signments excluding the current token; n,,, , |x is the count
of tokens with word wg,,, assigned to topic k; V is the vo-
cabulary size, and n.;, is the count of all tokens assigned to
topic k.

For our proposed tree-based topic model, we first define
four probability functions: transition probability, path prob-
ability, topic assignment probability and token probability.

P(zan = k|Z_,wan) < (o + ngjq)

Ptrans = P(0a.i|cvi)
Ppath = P(lan|0a)
Ptopic = P(Zd,n|la,n)
DPtoken = p(wd,n Zd,n)

@

then the joint probability looks like this,

p(L’Z7W’W79;a’6)

K D N
= H p(ﬂ'k|6) [H Hptrans [H DPpath * ptopic'ptoken]]
k=1 n=1

d=1 1

where 7 is an internal node in the prior tree for «;
P(l4,n|04)is the probability of a given path I, ,, in the tree;
P(zd,nlla,n) is the possibility of a topic z,4,, being generated
by a path I ,,; and p(wgq,|la,n) is the possibility of generat-
ing a word tokenwyg, , given topic zq .

Like standard LDA, since the conjugate prior of the multi-
nomial is the Dirichlet, we can also integrate out the transi-
tion distribution # and topic-word distribution 7 in the con-
ditional distribution equation

ply =plL_,z2=k,Z_,w)

Qg + Nisyj

3)

6 + Nk

X (aroot—n' + nroot—>i) H
1—=JEN

“4)

where p is path in a certain document and «;_,; is the
prior for edge ¢ — j in the prior tree; n;_,; is the count of
edges that link the node ¢ and node j. All the other terms are
the same as those in standard LDA: n,,|, is the count of word
w in the topic k, and S is the symmetric Dirichlet hyper-
parameter for word distribution. Note that node ¢ is directly
linked to ROOT node, thus equation for those unconstrained
topics is exactly the same as standard LDA, in which case
the path p is zero-length.

p(lk = ,UI|L7a z = k» Z*; 'U}) X (aroot%i'i_nroot*)i)
&)

Boosted inference for tree-based topic models

The SparseLDA schema for speeding inference begins by
rearranging standard LDA’s sampling equation(1) as

/8 + nwd |k}
n==F Z_, n —_—
P24, \ Wa,n) < (ak + Ng)q) BV +
__ ouf Ng|af (ak + k@) 0w (6)
SLDA TLDA dLDA

Since our topic model enjoys same sparsity — each docu-
ment has only handful topics and each topic contains a lim-
ited number of words in a corpus, we can adopt such method
in order to boost the process of sampling. This is particu-
larly crucial for interactive topic modeling as slightest delay
might annoy an impatient user.

Zj/ Qiyjr +Nisjr BV + 0y,

. ﬂ + Nk



To match the form of equation (6), firstly we can define
Py = H Z (Qisjr + i) (7
i—=jeER g’
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We can refactor the sampling equation (4), yielding three
parts analogous to SparseLDAT,
plly = plL_,z=k,Z_,w)
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Likewise, we can then define three ‘buckets’:
M
ey o e
ok Pu,k:(/gv + Tl|k)
g2 _ BNu
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Recall that SparseLDA effectively increase the computa-
tional efficiency. We can adopt similar methods and make
use of the same sparsity. First, the topic-word bucket r is
only non-zero when words appear in topic k( 1, is non-
zero); and second, the document-topic bucket ¢ is only non-
zero when topics appear in document d( n;_,; is non-zero
for every edge ¢ — j in the path p).

Sorting During the sampling process, the efficient sam-
pling assignment within each bucket is important. (Yao,
Mimno, and McCallum 2009) places probability mass in de-
creasing order by sorting the n,,;, decreasingly when con-
sidering latent variable assignments; (Hu et al. 2014) en-
codes the paths of word with a dataset named edge-masked
count(EMC) and extends the sorting strategy to the path.

In this model, we propose two types of sorting. First, we
use the method of (Yao, Mimno, and McCallum 2009) to
sort the n,,|;. When sampling a topic and path from bucket
q, we sample based on the decreasing of the count of word
in a topic, which roughly correlates with probability mass.
Therefore, we will on average choose our sample from the
conditional distribution more quickly. The same influence
will take place in the bucket ¢ and r, once we sort and keep
the EMC of each path of topics in decreasing order.

P x(BV +n.)

A crowdsourcing framework involving ITM

In this section, we will discuss our crowdsourcing frame-
work and compare it to other methods used to recommend
scientific articles.

Interactive topic modeling

Topic modeling system

Ll 7 N

Initial topic Revised User
model topic model feedback

LN

Crowd-sourcing platform
Figure 2: The ITM system based on crowdsourcing platform
which gather user feedback to refine iteratively

We propose an ITM system on a crowdsourcing platform
which allows users to add correlations to topics interactively.
Every time users refine the topics, the system resamples and
reinfers the document set to match up with users’ expecta-
tion. The process is shown in Figure 2.

First we perform unconstrained LDA to draw topic infor-
mation in the corpus, and then we use the topic-word distri-
bution, estimated from the whole corpus, to re-infer each
document respectively and extract each document’s topic
distribution.

When the user finishes reading a document, he is shown
with the topic lists and give feedback to the topics using his
own knowledge to the document. We allow users to pick
the topics that he thinks are most related to the document
(“good” topics) and ones that are least related (“bad” top-
ics). It gives underlying information that the most correlated
topics tackle similar problems and have close relationship.
The model encodes the correlations into a prior tree and up-
date it in following loops.

The task of giving feedback to each document is a con-
suming job. We crowdsource it to all the users who have read
the document and aggregate their feedback into one correla-
tion. To make the result more convincing, we pick out com-
petitive users and give priority to their opinions. We assume
that the more the user reads about one topic, the more skilled
he is. It is not difficult to classify users into different levels,
according to their previous reading records, e.g. experts, re-
searchers and beginners.

In the recommending process, as each user has a user file
recording reading history, we draw out dominant topics (re-
flection of user’s interest) from these documents and find
other documents sharing similar topic distribution. In this
way, we gather information from a crowdsourcing platform
and apply it to personalized recommendation.



Comparison with other recommending models

Like our document-topic ITM, other related models such as
collaborative filtering, collaborative topic regression model
(Wang and Blei 2011), interactive topic-word tree-structured
model (Hu, Boyd-Graber, and Satinoff 2011), also incorpo-
rate user knowledge in recommendation. In this section, we
will compare our model to the collaborative filtering and in-
teractive topic-word tree-structured model.

Comparison with collaborative filtering Collaborative
filtering model gives recommendation based on user com-
munity with similar preference for articles. It assumes that
articles read by most of users sharing similar interests will
appeal to another user. The disadvantage is that it doesnt use
the content of the articles. Users may overlap in some inter-
ested topics and vary in others. The model can’t distinguish
which topic the article is about.

Suppose there are two users interested in supervised
learning, they both read many articles on support vector ma-
chines algorithm. They share one common interest so their
preference of articles has a big influence on each other in
recommendation. In fact, one user uses the algorithm in im-
age retrieval and the other is interested in its application in
biology. If the user in the field of biology reads an article
in biological field, for example, gene expression of a DNA
microarray, there is a good probability that the system will
recommend it to the user on image retrieval. However, the
topics of gene expression data and image retrieval dont have
a direct link, and it is unreasonable to recommend the article
about gene expression data to one who wants articles in im-
age retrieval. This is the deficiency of collaborative filtering
model.

However, in our model we focus on the relations between
topics. If no user gives feedback that biology and image re-
trieval appear simultaneously in one article, no correlations
exist between these two topics. Since we recommend arti-
cles based on specific topics, our model avoids the situation
that user receives recommended articles in topics he doesn’t
like.

Comparison with topic-word ITM The interactive topic-
word tree-structured model allows users to make refine-
ments to topics so they have clear meanings. Unlike our
model, it uses a tree structure in the topic-word distribution.
It includes prior domain knowledge that the co-occurrence
of particular words forms a topic. It allows users to pick
the words that best describe the topic and those have the
least relations. By doing so, users can split topics contain-
ing several themes into different topics and merge several
sub-topics into one.

Our model is from a different aspect that co-occurrence
of good topics better labels a certain document. While the
former model modifies topic-word distribution and applies
the same prior tree to each single document when sampling,
our model treat every document separately and use the mod-
ified prior tree to fix the document-topic distribution when
re-inferring a given document. By re-inferring a chosen doc-
ument instead of re-sampling the whole corpus, we provide
users with more accurate information concerning this single
document without influencing other documents.

Experiments

In this section, we examine the viability of our collaborative
ITM model with constraints added to topics and its effec-
tiveness in computation with SparseLDA scheme.

Preprocessing

We use a dataset of 42,673 publications crawled from IEEE
library. As these documents are all scientific articles, we re-
move some frequently used but meaningless words like ‘re-
sult’ and ‘proposed’ besides normal stopwords.

Computational efficiency
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Figure 3: Running time of naive/fast algorithm

To check the computational efficiency in our model, we
compare it with naive sampling scheme in 300 iterations of
Gibbs Sampling of the training database. We set topic num-
ber to be {5, 10, 20, 30, 40, 50, 80}. The running time per it-
eration and the corresponding topic numbers are plot in Fig-
ure 3.

We can see that except for the first round, our boosted
Gibbs sampling process exceeds naive sampling to a large
extent. As topic number increases, sparsity of topic distri-
bution becomes more obvious, thus the boosted Gibbs sam-
pling algorithm shows clearer advantage.

User case simulation

To confirm the practicability of our proposed framework, we
design a simulation experiment as a prototype of the crowd-
sourcing system involving ITM.

We start the experiment by applying unconstrained topic
model on the training dataset to extract the topic distribution
of the library and the word distribution under each topic. We
set the topic number to be 20, and use the hyper-parameter
a1=0.5 for uncorrelated topics, ae=100 for “good” topics,
a3 = 1076 for “bad” topics and 3=0.1 for words. After 300
iterations, at which the topic chain is supposed to converge,
we apply the estimated distribution to each article and run
the inference for another 100 iterations respectively.

Modification of model To examine the viability of the
ITM model, we focus on one article Optimal spectrum sens-
ing framework for cognitive radio networks to see how cor-
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Figure 4: It shows the topic distribution after three Rounds. Words in the middle bucket of the first line represent the most
correlated topic (top topic) in each round. Words in red are “good” words related to the document while words in blue are “bad”
ones. In round 1, spectrum,cognitive,radio are relevant words but optical, power is less relevent. After merging with other
“good” topic and spliting with “bad” topics, these “bad” words are kicked off and other “good” words like channel, access are

included in the top topic.

relation reshapes the topic distribution. 50 volunteers are ar-
ranged to simulate users’ behavior in a way similar to crowd-
sourcing.

According to the feedbacks from users, these topics are
“good” topics, so we update the new topic tree by merging
the three topics, the result turns out to be better as the rele-
vant topics own a higher distribution to be generated. In the
next round, we repeat the first round except that we split the
most relevant topic with another two “bad” topics based on
the feedback. We can see from the final result that as more
and more feedbacks are collected and constraints are added,
we get more specific and accurate topic of this article. After
two rounds of modifications, the top topic can be considered
a good label of this article. Shown in Figure 4, the middle
bucket of top line of the flow-chart shows the word distribu-
tion of the most relevant topic associated to the article, while
the buckets in the two sides shows the word distribution of
the other topics to be merged or splited.

Recommendation Focused on a particular topic (about
spectrum), we select five most correlated documents and dis-
play the topic distribution of them (Docl is the article used
for fixing topics) in Figure 5. These articles share a similar
topic distribution thus are considered appropriate to be rec-
ommended to potential readers. We can infer from their titles
and abstracts that these five articles are closely related with
common research topics, thus our recommendation system
presents a satisfying result.

Conclusion and future works

In this paper, we present an interactive topic model(ITM) for
analyzing scientific publications. Our model encodes user
feedback into tree-structured priors and updates document-
topic distribution iteratively. We also use efficient inference
techniques to reduce computational cost. Furthermore, we
have shown how this model can be used in a crowdsourc-
ing framework. Our experiment and case study have demon-
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Figure 5: Showing topic distribution of five docs. Topic 11,
12, 15, 16, 17 are Doc1’s most relevant topics

Docl: Optimal spectrum sensing framework for cognitive
radio networks;

Doc2: Dynamic spectrum leasing in cognitive radio net-
works via primary-secondary user power control games;
Doc3: Cooperative Communication-Aware Spectrum Leas-
ing in Cognitive Radio Networks;

Doc4: Dynamic Spectrum Leasing and Service Selection in
Spectrum Secondary Market of Cognitive Radio Networks;
Doc5: Pricing-Based Decentralized Spectrum Access Con-
trol in Cognitive Radio Networks;

strated that our model presents increase in computational ef-
ficiency and great modification of document-topic distribu-
tion compared to the standard LDA.

Further, our framework could be implemented in real-
world recommender systems. Also, as more algorithms for
sampling are being proposed, we can adopt them to further
boost the inference in order to build a faster system.
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