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Abstract

Online processing of text streams is an essential task of many
genuine applications. The objective is to identify the underlying
structure of evolving themes in the incoming streams online at the
time of their arrival. As many topics tend to reappear consistently
in text streams, incorporating semantics that were discovered in
previous streams would eventually enhance the identification and
Latent Dirichlet Allocation
(LDA) topic model is a probabilistic technique that has been

description of topics in the future.

successfully used to automatically extract the topical or semantic
content of documents. In this paper, we investigate the role of past
semantics in estimating future topics under the framework of LDA
topic modeling, based on the online version implemented in [1].
The idea is to construct the current model based on information
propagated from topic models that fall within a “sliding history
window”. Then, this model is incrementally updated according to
the information inferred from the new stream of data with no need
to access previous data. Since the proposed approach is totally
unsupervised and data-driven, we analyze the effect of different
factors that are involved in this model, including the window
size, history weight, and equal/decaying history contribution. The
proposed approach is evaluated using benchmark datasets. Our
experiments show that the embedded semantics from the past
improved the quality of the document modeling. We also found
that the role of history varies according to the domain and nature of
text data.

1 Introduction

The huge advancement in databases and the explosion of
the internet, intranet, and digital libraries have resulted in
giant text databases. It is estimated that approximately 85%
of world-wide data is held in unstructured formats with an
increasing rate of roughly 7 million digital pages per day
[9]. Within their domain, these electronic documents are
not static. As they become available in streams over time,
text documents are dynamic and interact among each other.
Thus, their contents contain a strong temporal ordering that
is essential to better understand the underlying structure of
the text data and its evolution over time.

Moreover, there is a great demand from genuine appli-

cations (for example newswires and security organizations
for crime detection and prevention) to analyze, summarize,
and categorize text streams online at the time of their ar-
rival. Among many approaches to solve this problem, Latent
Dirichlet Allocation topic modeling (LDA) [6] was success-
fully implemented to process text streams and identify the
underlying themes and their drifts over time [1, 5, 13, 18].
LDA is a statistical generative model that relates documents
and words through latent variables which represent the topics
[6]. OLDA is an online version of LDA that incrementally
builds an up-to-date model (mixture of topics per document
and mixture of words per topic) when a new document (or a
set of documents) appears [1].

When a topic is observed at a certain time, it is more
likely to appear in the future with a similar distribution
over words. Unlike general data mining techniques, such
assumption is trivial in the area of text mining. It is widely
acceptable, for instance, to consider the documents and the
words in the documents to be statistically dependent. A word
that occurs in a document has a higher probability to appear
again in the same document and in other documents of the
same topic. Consequently, a similar implication can be made
about the topic distribution over time. Despite their natural
drifts, the underlying themes of any domain are, in general,
consistent. Hence, the semantics that are discovered at a
certain point of time hold important information about the
underlying structure of data in general. Incorporating such
information in future knowledge discovery can improve the
learning process and, eventually, enhance the inferred topics.

This paper investigates the role of previously discovered
topics in inferring future semantics in text streams under the
framework of LDA topic modeling. The idea is to incre-
mentally adjust the learned topics according to the dynami-
cal changes in the data with no need to access the previously
processed documents. This is achieved by utilizing a model
that uses the estimated posteriors in previous time epochs
to construct the parameters of the current generative topic
model. The count of words in topics, resulted from running
LDA at each time instance within a “history window”, is used
to construct the priors at the following time instance. To the



Table 1: Notation used in the paper

SYMBOL DESCRIPTION

D total number of documents

K number of topics

\%4 total number of unique words

) size of sliding window

Ng number of word tokens in document d

S? a stream of documents arriving at time ¢

Dt number of documents in S*

1% number of unique words in S*

Nt number of word tokens in S*

wh; the unique word associated with the i*" token in
document d at time ¢

P the topic associated with w;

0% the multinomial distribution of topics specific to
the document d at time ¢

o the multinomial distribution of words specific to
the topic k at time ¢

o, K-vector of priors for document d at time ¢

i Vt-vector of priors for topic & at time ¢

B V' x § evolution matrix of topic k with columns
=g i€{t—0,-- ,t}

w d-vector of weights of ¢*, i € {t —4,--- ,t}

best of our knowledge, this is one of the first attempts to
embed sematic information in the dynamics of online LDA
topic modeling.

Our method is evaluated in the domain of online docu-
ment modeling. An online LDA that embed semantic infor-
mation from the past performed better than online LDA with
no semantic embedding. In addition, with larger history win-
dows, OLDA performs better in learning the topical content
of streams, and, hence, in predicting the likelihood of un-
seen documents. Moreover, depending on the homogeneity
and consistency of the data, balancing between the weight
of embedded historic semantics and the current semantics of
the newly arrived stream has an important role in the process
of topic estimation.

This paper is organized as follows. Our Online LDA ap-
proach is introduced in Section 2, followed by the definition
of the sliding history window and its parameters’ configura-
tion in Section 2.1. The generative process together with the
algorithm is given in Section 2.2. In Section 3, we present
the experiments we performed on NIPS and Reuters-21578
datasets and the results we obtained. Our final conclusions
and suggestions for future work are discussed in Section 5,
after giving a short review of related work (Section 4).

2 Online Latent Dirichlet Allocation.

A glossary of notations used in this paper is given in Table 2.

Probabilistic topic modeling is a relatively new ap-
proach that has been successfully applied to explore and pre-
dict the underlying structure of discrete data like text. La-
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Figure 1: A flowchart of the online LDA

tent Dirichlet Allocation topic model (LDA) is a hierarchical
Bayesian network that relates words and documents through
latent topics. LDA is based on the assumption of exchange-
ability for the words in a document and for the documents in
a corpus. Since the words are observed, the document and
the topic distributions, ¢ and ¢, are conditionally indepen-
dent. Furthermore, the documents are not directly linked to
the words. Rather, this relationship is governed by additional
latent variables, z, introduced to represent the responsibility
of a particular topic in using that word in the document, i.e.
the topic(s) that the document is focused on. The generative
process of the topic model specifies a probabilistic sampling
procedure that describe how words in documents can be gen-
erated based on the hidden topics. By introducing the Dirich-
let priors «v and (3 over the document and topic distributions,
respectively, the generative model of LDA is complete and
generalized to process unseen documents.

Online LDA (OLDA) is an online version of the LDA
model that is able to process text streams [1]. OLDA model
considers the temporal ordering information and assumes
that the documents are divided in time slices. At each time
slice, a topic model with K components is used to model
the newly arrived documents. The generated model, at a
given time, is used as a prior for LDA at the successive time
slice, when a new data stream is available for processing (see
Figure 1 for illustration). The hyper-parameters (3 can be
interpreted as the prior observation counts on the number of
times words are sampled from a topic before any word from
the corpus is observed ([15], [4]). So, the count of words in
topics, resulted from running LDA on documents received at
time ¢, can be used as the priors for the ¢ + 1 stream.

Formally, OLDA assumes that documents arrive in as-
cending order of their publication date. After each time slice,
t, of a predetermined size ¢, e.g. an hour, a day, or a year, a
stream of documents, S = {di, --,dp¢}, of variable size,
D?, is received and ready to be processed. The size of the
time slice, &, depends on the nature of the corpus on which
the model is applied, and on how fine or coarse the resulted



description of data is expected to be. The indices of the doc-
uments within a stream, S, preserve the order by which the
documents were received during the time slice ¢, i.e. dj is
the first document to arrive and dp: is the latest document in
the stream. A document d received at time ¢ is represented
as a vector of word tokens, wh = {w}, -+, wly, }. Itis
naturally the case that stream S? introduces new word(s) in
the vocabulary. These words are assumed to have 0 count in
¢ for all topics in previous streams. This assumption is im-
portant to simplify the definition the topic evolution matrix
and the related computation in the subsequent section.

2.1 Sliding Window of Historic Semantics Our ap-
proach allows to incorporate inferred semantics from the past
data to be used to guide the inference process of the upcom-
ing streams. This is achieved by considering all the topic-
word distributions learned within a sliding “history window”
when constructing the current priors. As a result, OLDA pro-
vides many alternatives for keeping track of history at any
time ¢, including:

- a full memory of history which sums up all the
word-topic co-occurrences from the first time instance until
present.

- a short memory of history which keeps the counts of
the model associated with time ¢ — 1 only.

Between these two ends, many intermediate options can
be implemented. One approach is to set the history window
parameter to some constant in which only the models that
fall within this window frame are taken into consideration
when constructing the priors. Another approach is to let
the priors hold a decaying history information such that the
contribution of history in the priors’ computation declines
with time. Such variety of solutions suit the structure of
text repositories, since the flow and nature of document
streams differ according to the type of the corpus and, hence,
the role of history would be different too. In this paper,
we implement these alternatives of historic semantics and
investigate their effect on the performance.

By updating the priors as described above, we keep the
structure of the model simple, as all the historic knowledge
patterns are printed in the priors, rather than in the structure
of the graphical model itself. In addition, the learning
process on the new stream of data takes off from what
has been learned so far, rather than starting from arbitrary
settings that do not relate to the underlying distributions.

To formulate the problem, let ch denotes an evolution-
ary matrix of topic k in which the columns are the word-
topic counts ¢, generated for streams received within the
time specified by the sliding history window 6, i.e. j €
{t—49,--- ,t}. Letw be a vector of ¢ weights each of which
is associated with a time slice from the past to determine its
contribution in computing the priors for stream S***. Hence,
the parameters of a topic k at time ¢ + 1 are determined by a

weighted mixture of the topic’s past distributions as follows:
2.1 It =Blw

Under this definition of 3, topic distributions in consec-
utive models are aligned so that the evolution of topics in a
sequential corpus is captured. For example, if a topic distri-
bution at time ¢ corresponds to a particular theme, then the
distribution that has the same ID number in the consecutive
models will relate to the same theme, assuming it appears
consistently over time. Thus, the topic drift and topic impor-
tance can be monitored by examining the change over time
in the probability of words given the topic and the probability
of the topic, respectively.

In addition, the overall influence of history in topic
estimation is an important factor that can effect the semantic
description of the data. For example, some text repositories,
like scientific literatures, persistently introduce novel ideas
and, thus, topic distributions change faster compared to
other datasets. On the other hand, a great part of news
in news feed, like sports, stock markets, and weather, are
steady over time. Thus, for such consistent topic structures,
assigning higher weight for historic information, compared
to the weight of current observations, would improve topic
discovery, while the settings should be reversed in fast
evolving datasets.

By adjusting the total value of elements of the weight
vector, w, our model provides a direct way to deploy and
tune the influence of history in the inference process. If
the sum of history weights Zi:1 w is equal to one, this
would (relatively) balance the weights of historic and current
observations. When the total history weights is less than one,
the historic semantic has less influence than the semantic of
the current stream.

For more fine tuning of history information, the weights
of individual models can be adjusted too. Equal contribu-
tions of historic models correspond to assigning equal val-
ues to the elements of w, while decaying history information
is represented by a vector of weights in an ascending order.
The weights can have an accumulative value so that impor-
tant words in a topic would have an increasing influence. On
the other hand, only the previous knowledge about the “rel-
ative” importance of words is preserved and used to guide
the prior computation. This can be achieved by assigning
the weights in w to the probabilities computed from the past
word-topic frequencies.

2.2 OLDA Generative Process and Algorithm Thus, the
generative model for time slice ¢ of the proposed online LDA
model is given as follows:

1. Foreachtopick=1,--- | K
2. Compute 3¢ = Bl 'w
3. Draw ¢}, ~ Dir(-|3})

4. For each document, d,



5. Draw 6% ~ Dir(-|at)
6. For each word token, w;, in document d
7. Draw z; from multinomial 6%; (p(z;|at))
8. Draw w; from multinomial ¢, ; p(w; |z, 6%,)

Maintaining the models’ priors as Dirichlet is essential
to simplify the inference problem by making use of the con-
jugancy property of Dirichlet and multinomial distributions.
In fact, by tracking the history as prior patterns, the data like-
lihood and, hence, the posterior inference in the static LDA
are left the same, and applying them to our proposed model
is straightforward. Our model uses Gibbs sampling as an ap-
proximate inference method to estimate the word-topic as-
signments, as in [10]. Hence, the posterior distribution over
the assignments of words to topics at time ¢, P(z! = j|lw?'),
is conditioned on the topic assignments to all other word to-
kens in stream ¢ (z!,) as follows:

. Cor k5 + Bui
P(Zf :j|ziivw2i7avﬂ) S thw(_‘g’JV,K —|—ﬂ ) X
v=1 V=is) v,J

DK ‘
Cdm‘,,j + aa,;

K
>t (CP B + aa )

where is the number of times word w is assigned
to t0p1c j, not 1nclud1ng the current token instance ¢; and
Cdﬂ_’ ; 1s the number of times topic j is assigned to some
word token in document d, not including the current instance
t. Unlike the batch settings, the sampling in our online
approach is performed over the current stream only, which
makes the time complexity and memory usage of OLDA effi-
cient and doable in practice. In addition, the 3s under OLDA
are constructed from (a linear combination of) historic obser-
vations, rather than fixed values.

An overview of the proposed Online LDA algorithm is
shown in Algorithm 1. In addition to the text streams, S?,
the algorithm takes as input the weight vector w, and fixed
Dirichlet values, a and b, for initializing the priors « and 3,
respectively, at time slice 1. Note that b is also used to set the
priors of new words that appear for the first time in any time
slice. The output of the algorithm is: the generative models,
and the evolution matrices By, for all topics.

CVK

3 Experimental Design

Online LDA (OLDA) with historic semantic is evaluated in
the problem domain of document modeling. The objective
is to estimate the density of the underlying structure of
data. Perplexity is a canonical measure of goodness that is
used in language modeling. It evaluates the generalization
performance of the model on previously unseen documents.
Lower perplexity means a better generalization performance,
and, hence, a better estimation of density. Formally, for a test
set of M documents, the perplexity is [6]:

Algorithm 1 Online LDA

: INPUT: b; a; CL;w; S*,t € {1,2,---}
: for (ever) do

1

2

3 if t = 1 then

4 Bt =bke{l, - K}

5.  else

6 B =B 'wke{l, - K}

7 end if

8 oy =a,d=1,---,D*

9: initialize ¢' and 6" to zeros
10:  initialize topic assignment, z*, randomly for all word tokens

in St

11 [¢%,6", z"] = GibbsSampling(S*, 5, a*)
122 BjL=B,'U¢L,ke{l,--- K}
13: end for

M
(3.2) perplexity(Diest) = exp{—z:‘i_lifgp(wd)}
d=1Nd

We tested OLDA under different configurations of his-
toric semantic embedding. The datasets that were used in
our experiments are described in Subsection 3.1, while a
summary of the conducted models and their parameter set-
tings are listed in Table 2. The window size, J, was set to
values from 0 to 5. OLDA model with history window of
size 0 ignores the history and processes the text stream using
fixed symmetric Dirichlet prior. Under such model, the esti-
mation is influenced by the semantics of the current stream
only. This model, named OLDAFixed, and OLDA model
with § = 1 are considered as baselines to which the rest of
tested models are compared to. At every time instance, we
use the documents of the next stream as the test set of the
model currently generated, and compute the perplexity.

We also tested the effect of the overall weight of history
contribution on future inference. This was achieved by
ranging the total sum of weights in w from 0.05 to J.
Models with total weights greater than 1 were implemented
to represent incremental history information. In addition,
the elements of w were either set to equal values (equal
contributions), or to values in an ascending order (decaying
history).

All models were run for 500 iterations and the last sam-
ple of the Gibbs sampler was used for evaluation. The num-
ber of topics, K, is fixed across all the streams. K, a, and
b are set to 50, 50/K, and 0.01, respectively. All experi-
ments are run on 2GHz Pentium(R) M-processor laptop us-
ing “Matlab Topic Modeling Toolbox”, authored by Mark
Steyvers and Tom Griffiths'.

TThe Topic Modeling Toolbox is

psiexp.ss.uci.edu/research/programs_data/toolbox.htm

available at:



3.1 Datasets In the following we provide a short descrip-
tion of the datasets used in our experiments.

Reuters-21578. The corpus consists of newswire arti-
cles classified by topic and ordered by their date of issue.
There are 90 categories with some articles classified in mul-
tiple topics. The ApteMod version of this database has been
used in many papers. This version consists of 12,902 docu-
ments, with approximately 27,000 features in total.

For our experiments, only articles with at least one topic
were kept for processing. For data preprocessing, stopwords
were removed while the remaining words were down-cased
and stemmed to their root source. The resulting dataset
consists of 10337 documents, 12112 unique words, and a
total of 793936 word tokens. For simplicity, we partitioned
the data into 30 slices and considered each slice as a stream.

NIPS dataset®. The NIPS set consists of the full text
of the 13 years of proceedings from 1988 to 2000 Neural
Information Processing Systems (NIPS) Conferences. The
data was preprocessed for down-casing, removing stopwords
and numbers, and removing the words appearing less than
five times in the corpus. The data set contains 1,740 research
papers, 13,649 unique words, and 2,301,375 word tokens in
total. Each document has a timestamp that is determined by
the year of the proceedings. Thus, the set consisted of 13
streams in total. The size of the streams, D?, varies from 90
to 250 documents.

Table 2: Name and parameter settings of OLDA models. The *
indicates that the model was applied on the specified data

Reuters | NIPS Model Name ) w
% * OLDAFixed 0 NA(B = 0.05)
* * 1/w(1) 1 1
* * 2w(1) 2 L1
* 2/w(0.8) 2 0.2,0.8
% % 27(0.7) 2 03,07
* * 270(0.6) 2 04,06
% * 2/0(0.5) 2 05,05
* * 3/w(l) 3 11,1
* * 3/w(0.8) 3 0.05,0.15,0.8
* * 3/w(0.7) 3 0.1,0.2,0.7
* 3/w(0.6) 3 0.15,0.25,0.6
* * 3/w(0.33) 3 0.33,0.33,0.34
* * 4/w(1) 4 LI11
* 4/w(0.9) 4 0.01, 0.03, 0.06, 0.9
* 4/w(0.8) 4 0.03,0.07,0.1,0.8
* * 4/w(0.7) 4 0.05,0.1,0.15,0.7
* 4/w(0.6) 4 0.05,0.15,0.2,0.6
* * 4/w(0.25) 4 0.25,0.25,0.25, 0.25
* S/w(l) 5 L1, 1,1,1
* 5/w(0.7) 5 0.05, 0.05, 0.1, 0.15,0.7
* 5/w(0.6) 5 0.05,0.1,0.15,0.2, 0.6
* * 5/w(0.2) 5 0.2,0.2,0.2,0.2,0.2
The original dataset is available to download from the UCI Knowledge

Discovery in Databases Archive. http://archive.ics.uci.edu/ml/
3The original dataset is available at the NIPS Online Repository.
http://nips.djvuzone.org/txt.html.

3.2 Results When OLDA was run on the Reuters dataset,
we found that by increasing the window size, §, OLDA
resulted in lower perplexity than the baselines. Figure 2 plots
the perplexity of OLDA and OLDAFixed at every stream of
Reuters under different settings of window size, §, and the
weight vector, w, was fixed on 1/§. Figure 3 illustrates the
average perplexity, over 30 streams, of OLDA on Reuters
for ¢ set to 1, 2,3, and 4 and different w settings. Note
that for 6 = 1 (the left most bar group), the figure shows
one result only because experimenting with different w is
not applicable. Both figures clearly show that embedding
semantics enhanced the document modeling performance.
In addition, incorporating semantics from more models, i.e.
using a window size greater than 1, improves further the
perplexity with respect to OLDA with short memory (6 = 1).

But, as shown in Figure 3, models with incremental
history information, §/w(1),6 > 1, did not improve topic
estimation at all. The same behavior was recorded with
NIPS data. This indicates that summing un-weighted models
agitates the document modeling process. Yet, normalizing
the contributed word-topic distributions to sum to one has
always shown better performance.
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Figure 2: Perplexity of OLDA on Reuters for various window sizes
compared to OLDAFixed

Testing with NIPS resulted in a slight different behavior.
When w was fixed, increasing the window size did show a
reduction in the model’s perplexity, compared to OLDA with
short memory. This is illustrated in Figure 4. The larger the
window, the lower the perplexity of the model. Nonetheless,
the OLDA model only showed improvements with respect
to the OLDAFixed when the window size was larger than
3. In addition to the window size, previous experiments
on NIPS suggested the effect of the total weight of history
in estimating the topical semantics of heterogenous and
fast evolving domains like scientific research [1]. The
experiments explained next provides the evidence of such
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justification. Nonetheless, it is worth mentioning here that
the OLDA model outperforms OLDAFixed in its ability to
automatically detect and track the underlying topics.
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Figure 4: Perplexity of OLDA on NIPS for various window sizes
compared to OLDAFixed

To investigate the role of the total history weight, we
tested OLDA on NIPS and Reuters under a variety of w
settings. Figure 5 illustrates the perplexity of OLDA on
NIPS with ¢ fixed to 2 and the total sum of w set to 0.053,
0.1, 0.15, 0.2, and 1. Figure 6 shows the average perplexity
of the same models for both datasets. In both figures, both
baselines, OLDAFixed and OLDA with short memory, are
shown. We found that the contribution of history in NIPS
is completely the opposite of Reuters. While increasing the
weight for history resulted in a better topical description of
Reuters news, lower perplexities were reported with NIPS
only for topic models that assigns lower weight for history.

In fact, the history weight and perplexity in NIPS (Reuters)
are negatively (positively) correlated.

The topics of Reuters dataset are homogenous and more
stable. So, letting the current generative model be heavily in-
fluenced by the past topical structure would eventually result
in a better description of the data. On the other hand, al-
though there is a set of predefined publication domains in
NIPS, like algorithm, applications, and visual processing,
these topics are very broad and interrelated. Furthermore,
research papers usually span over more topics and continu-
ously introduce novel ideas and topics. Hence, the influence
of previous semantics should not exceed the topical structure
of the present.
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Figure 5: Perplexity of OLDA on NIPS under different
weights of history contribution
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We also experimented with different settings of weights
of individual models, mainly, to investigate the role of equal
versus decaying contribution. Figures 7, 8, 9, and 10 show
the perplexity of OLDA trained on NIPS streams with § set
to 2,3,4, and 5, respectively, and under different settings
of weights, w. The plotted baseline is the perplexity of
OLDA with short memory. Figure 3 also shows the average
perplexity of OLDA on Reuters under different settings of
weights w. The best model that resulted in the lowest
perplexity among all was model (5/w(0.2)) for Reuters and
model (4/w(0.7)) for NIPS. In general, for both datasets,
we found that equal contribution of past models, although
naive, either performed better than, or comparable to, the rest
of the models with the same window size. It is important
to note that the Reuters data was divided into streams in a
naive way too; this fact can provide some explanation for
the previous observation. Assigning a distinct weight for
individual models would be particularly significant if the rate
of stream arrival and domain perplexity are known.
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Figure 7: Perplexity of OLDA on NIPS with window size (§) = 2
and various settings of w

4 RELATED WORK

Statistical modeling have been recently deployed to solve the
problem of identifying and tracking topics in time-stamped
text data, e.g. using PLSI model ([7]) and LDA model
([5, 10, 13, 16, 18, 19]). However, most of the work either
processes archives in an off-line fashion (e.g. [19]), post-
discretizes the time ([16]), or uses unconjugated priors to
multinomial distributions and trained on all the previous data
(e.g. [5, 18]). Our topic model, however, processes small
subsets of data in an online fashion while making use of the
conjugacy property of the Dirichlet distribution to keep the
model’s structure simple, and to enable sequential inference.

The problem of embedding semantic information within
the document representation and/or distance metrics is an-
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Figure 8: Perplexity of OLDA on NIPS with window size (6) = 3
and various settings of w
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Figure 9: Perplexity of OLDA on NIPS with window size (8) = 4
and various settings of w

other emerging problem in text mining that has been heavily
investigated in the domain of text classification and cluster-
ing, e.g. [2], [3], [8], and [12]. However, to the best of our
knowledge, our paper presents one of the earliest attempts,
if not the first, to embed semantic information to enhance
online document modeling within the framework of LDA.
A number of papers in the literature have used LDA
topic modeling to represent some kind of semantic embed-
ding. In the domain of text segmentation, the work in [17]
used an LDA-based Fisher kernel to measure the text se-
mantic similarity between blocks of documents in the form
of latent semantic topics that were previously inferred using
LDA. The kernel is controlled by the number of shared se-
mantics and word co-occurrences. Phrase discovery is an-
other area that aims to identify phrases (n-grams) in text.
Wang et. al [20] presented Topical N-Gram model that au-
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Figure 10: Perplexity of OLDA on NIPS with window size (§) =
5 and various settings of w

tomatically identified feasible N-grams based on the context
that surround it. Moreover, there are some research work to
incorporate prior-knowledge from large universal datasets,
like Wikipedia. The work in [14] built a classifier on both a
small set of labeled documents in addition to an LDA topic
model estimated from Wikipedia.

5 Conclusion And Future Work

In this paper, the effect of embedding semantic informa-
tion in the framework of probabilistic topic modeling of text
streams was investigated. Particularly, we introduced an on-
line LDA topic model (OLDA) that constructs its current
parameters based on the topical semantics that have been
inferred by the past generated models. The proposed solu-
tion is completely unsupervised and requires no external or
prior knowledge. Our experiments showed that OLDA did
enhance the performance of document modeling.

Moreover, a variety of related factors were analyzed,
and their effect on the performance of document modeling
was investigated. These factors include the total influence of
history, the history window size, and the effect of equal or
decaying contributions.

To extend this work, we are considering the use of
prior-knowledge to learn (or enhance the construction of) the
parameters. In addition, the effect of the embedded historic
semantics on detecting emerging and/or periodic topics is
also part of our future work.
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